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SUMMARY: Statistical methods play an important role in auditors’ analyses of their clients’ data. A key component of
the statistical approach to auditing is assessing the strength of evidence for or against a hypothesis. We argue that
the frequentist statistical methods often used by auditors cannot provide the statistical evidence that audit standards
advocate. In this article, we discuss an alternative approach that can provide this evidence: Bayesian inference. First,
we explore the philosophical differences between frequentist and Bayesian inference. Second, we discuss
misconceptions in the interpretation of frequentist statistical evidence. Finally, we show (as an alternative to the
frequentist p-value) how the Bayes factor allows the auditor to obtain and interpret statistical evidence in line with
audit standards. Thus, we contribute to audit theory and practice by showing how Bayesian inference can quantify
audit evidence.
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I. INTRODUCTION

tions, and governments. The objective of the auditor is to provide an opinion on whether the auditee’s financial

statements present a fair depiction of its financial condition and are formulated in compliance with a generally
accepted financial reporting framework (IAASB 2021, ISA 200, paragraph 3; AICPA 2021, AU-C 200, paragraph .04;
PCAOB 2020, AS 1001, paragraph .01). Audit standards mandate that this opinion is based on “reasonable assurance”
(IAASB 2021, ISA 200, paragraph 5; AICPA 2021, AU-C 200, paragraph .06; PCAOB 2020, AS 1001, paragraph .02),
which is obtained by collecting “sufficient appropriate” audit evidence (IAASB 2021, ISA 200, paragraph 5; AICPA
2021, AU-C 200, paragraph .06; PCAOB 2020, AS 1105, paragraph .04). The audit standards advocate that audit evi-
dence consists of any information that can support or contradict management’s assertions in the financial statements
(TAASB 2021, ISA 500, paragraph AS; AICPA 2021, AU-C 500, paragraph 6; PCAOB 2020, AS 1105, paragraph 2).
We argue that the frequentist statistical methods that are standard in practice (Stewart 2012) cannot provide the audit
evidence that audit standards advocate.

In this article, we introduce a statistical approach that can quantify this evidence in line with auditing standards:
Bayesian inference. The Bayesian approach primarily focuses on quantifying statistical evidence using the Bayes factor
(Kass and Raftery 1995), and it has therefore been advocated as a suitable statistical framework for audit practice
(Johnstone 2018; Stewart 2013). Because the Bayes factor can provide the statistical evidence that the audit standards
advocate, it can enhance the way that auditors currently analyze and evaluate statistical evidence. The main contribu-
tions of this article are to explain how the Bayes factor enables the auditor to intuitively quantify statistical audit evi-
dence, to demonstrate its advantages over standard frequentist methodology, to show how it can be applied in practice
using a variety of relevant audit examples, and to enable practical use by supplying easy-to-use, free, and open-source
software to calculate the Bayes factor.

Two types of audit evidence can be distinguished: nonstatistical and statistical. Nonstatistical audit evidence is col-
lected from supervision, inquiry, or correspondence with the auditee (Bennett and Hatfield 2013; Yin 2020). Statistical
audit evidence is collected from statistical analyses (Gillett and Srivastava 2000; van den Acker 2000), such as internal
control testing (Li, Raman, Sun, and Yang 2020), analytical procedures (Appelbaum, Kogan, and Vasarhelyi 2018;
Daroca and Holder 1985), or audit sampling (AICPA 2019; Dowling and Leech 2007). Regardless of the type of statis-
tical analysis, the auditor requires a data sample to perform statistical inference on a certain characteristic of the
auditee.

Where statistical sampling is applied, probability theory is required (IAASB 2021, ISA 530, paragraph 5g). There
are two main schools of probability theory: frequentist and Bayesian (Wagenmakers, Lee, Lodewyckx, and Iverson
2008). In current practice, frequentism is the dominant methodology to obtain statistical audit evidence. Audit guides
implicitly nudge auditors toward a frequentist approach to evaluate their samples using confidence intervals or p-values
(AICPA 2019; Stewart 2012). However, frequentism has several well-known drawbacks relating to the ability of auditors
to formulate an appropriate audit opinion (i.e., effectiveness) and the effort required to establish a sufficient basis for
that opinion (i.e., efficiency). Most importantly, a frequentist hypothesis test does not give the auditor what the audit
standards advocate: statistical evidence that can support or contradict their conclusions. In particular, its main decision-
making tool, the p-value, strictly provides only indirect support against the conclusions made by the auditor. More
specifically, the frequentist p-value has two main disadvantages. First, it is not possible to quantify evidence that can
support the auditor’s conclusions. Second, it is inefficient because the auditor is not allowed to stop gathering data when
a certain evidential threshold is reached (e.g., when the p-value is smaller than 0.05) (Wagenmakers 2007). For these rea-
sons, many scholars have raised concerns about the efficiency, transparency, and applicability of the frequentist method-
ology to audit practice (Beck, Solomon, and Tomassini 1985; Hubbard and Lindsay 2008; Johnstone 1986, 1990; Kim,
Ahmed, and Ji 2018; Kinney 1975; Scott 1973).

In contrast to the frequentist methodology, Bayesian hypothesis testing using the Bayes factor as a measure of sta-
tistical evidence is more in line with audit practice due to three reasons. First, it can quantify evidence for and against
hypotheses (Wagenmakers 2007). Second, it enables the incorporation of expert knowledge or other preexisting infor-
mation into the statistical analysis (Corless 1972). Finally, it allows for sequential adding of information (Rouder
2014).

In a Bayesian approach, the rationale is that there is evidence for the null hypothesis over the alternative hypothesis
if the data are more likely to occur under the null hypothesis (and vice versa). Comparing the likelihood of the data
under two hypotheses allows for a direct assessment of their relative evidence. This enables auditors to obtain statistical
evidence that can support or contradict their conclusions, which is often desired but impossible using a frequentist or
nonstatistical approach.

3 uditors play a key role in preserving the integrity of the financial reporting of companies, (nonprofit) organiza-
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Another key aspect of Bayesian inference is that the auditor needs to specify a so-called prior distribution. The prior
distribution represents the preexisting information about an unknown parameter or hypothesis, which in turn is com-
bined with the probability distribution of new data (i.e., the likelihood) to yield a posterior distribution. This philosophy
fits well in an audit context because an audit is inherently a continuous process (Leslie 1984), and audit evidence is
considered “cumulative in nature” (IAASB 2021, ISA 200, paragraph A30; AICPA 2021, AU-C 500, paragraph A3).
However, the use of Bayesian statistics in audit practice is scarce, which is unfortunate considering the practical benefits
that it can offer to auditors.

The rest of this paper is organized as follows. In Section II, we provide a theoretical introduction to statistical audit
evidence and compare statistical audit evidence from the frequentist and Bayesian points of view. In Section III, we dis-
cuss the practical implications of the Bayesian approach for audit practice. In Section IV thereafter, to illustrate how the
auditor can quantify evidence from a wide range of activities, we use the Bayes factor in an analysis of three typical audit
questions. Section V presents our concluding comments.

II. TWO APPROACHES TO STATISTICAL AUDIT EVIDENCE

Audit evidence is the subject of auditing standards ISA 500 (IAASB, international firms), AU-C 500 (AICPA, pri-
vate firms), and AS 1105 (PCAOB, public firms). ISA 500 describes audit evidence as “[ijnformation used by the auditor
in arriving at the conclusions on which the auditor’s opinion is based” (IAASB 2021, paragraph 5c) and states that audit
evidence “comprises both information that supports and corroborates management’s assertions, and any information
that contradicts such assertions” (IAASB 2021, paragraph A.1). Both AU-C 500 (AICPA 2021, paragraph 6) and AS
1105 (PCAOB 2020, paragraph 2) describe audit evidence in a similar manner. Clearly, auditing standards advocate
that audit evidence should be able to support or contradict the auditor’s conclusions about management’s assertions in
the financial statements.

Hypothesis Testing in Audit Sampling

Audit sampling enables the auditor to obtain audit evidence to provide a reasonable basis on which to draw conclu-
sions about the misstatement in the entire population (IAASB 2021, ISA 530, paragraph 5a). There are two approaches
to conducting audit sampling: nonstatistical and statistical. In nonstatistical sampling, the auditor uses professional
judgment to select and evaluate a representative sample from the population. An example could be an auditor deciding
to review 50 invoices from representative suppliers in the sample, finding out that one of them contains a misstatement,
and concluding that, on average, 2 percent of the invoices in the population are misstated. On the other hand, statistical
sampling uses probability theory to select and evaluate a representative sample from the population. The use of proba-
bility theory enables the auditor to design an efficient sample, calculate the sampling risk involved, and project the sam-
ple outcomes to the population while considering uncertainty. For instance, based on their expectation of the
misstatement rate and the desired sampling risk, the auditor can calculate that a minimum sample size of 50 invoices is
required. If they select the 50 invoices randomly and find a similar rate of misstatement as in the nonstatistical sample,
they conclude that, on average, 2 percent of the invoices in the population are misstated. However, the use of probability
theory also enables the auditor to conclude that there is a 95 percent probability that the misstatement in the population
falls between 0 and 10 percent. Hence, although both nonstatistical and statistical sampling can project the sample out-
comes to the population, statistical sampling provides the additional benefit of estimating upper and lower bounds for
the misstatement in the population.

To perform statistical sampling, the auditor needs to formulate a statistical hypothesis and perform a statistical
hypothesis test. Because the auditor only inspects a sample of the population, the hypothesis cannot be evaluated with
absolute certainty. However, because the auditor is required to obtain a reasonable assurance, they must evaluate the
hypothesis to a level of certainty and must determine how much information is required to reach this level. Audit stand-
ards prescribe that the information from a sample is sufficient when it has reduced the sampling risk to an acceptably
low level (IAASB 2021, ISA 530, paragraph 7; AICPA 2021, AU-C 530, paragraph .07; PCAOB 2020, AS 2315, para-
graph .19). There are two types of sampling risk that can lead to an incorrect conclusion about financial misstatements
(Elliott and Rogers 1972). First, a type I error («) is the risk of incorrectly concluding that the population contains mate-
rial misstatement. Second, a type II error (f5) is the risk of incorrectly concluding that the population does not contain
material misstatement. According to auditing standards, auditors are primarily concerned with reducing the second type
of risk, f3, because it affects their effectiveness and their ability to provide an appropriate audit opinion (IAASB 2021,
ISA 530, paragraph 5c¢(i); AICPA 2021, AU-C 530, paragraph .05a).
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If the auditor engages in statistical sampling, they can quantify the sampling risk (IAASB 2021, ISA 530, paragraph
5 g(ii); AICPA 2021, AU-C 530, paragraph .05; PCAOB 2020, AS 2315, paragraph .46). Because the audit standards do
not prescribe how this should be done, the auditor is free to choose which philosophy of probability is applied, a fre-
quentist or a Bayesian philosophy. To illustrate the differences between these two philosophies, consider the following
example. An auditor must assess the financial statements of a publicly traded company and wants to determine if no
more than 3 percent of the auditee’s purchase orders contain an incorrect signature. The auditor’s one-sided null hypoth-
esis stating that the misstatement in the purchase orders does not exceed the maximum tolerable error rate of 3 percent
can be formulated as Hy: @ < 0.03, whereas the one-sided alternative hypothesis reads Hy: 6 > 0.03.% In these hypothe-
ses, 0 represents the proportion of purchase orders with an incorrect signature.

Because the purchase orders have not been audited before, the true value of 0 is unknown. Therefore, the auditor
would like to determine the credibility of the hypothesis Hy by selecting several purchase orders and determining the cor-
rectness of the signature. After inspecting a sample of 99 purchase orders from the auditee’s archives, the auditor finds
that none of these purchase orders contain an incorrect signature.

Frequentist Null Hypothesis Testing

The traditional method of analyzing these data is frequentist null hypothesis significance testing (NHST) (AICPA
2019; Elliott and Rogers 1972; Stewart 2012). In NHST, the auditor formalizes a null hypothesis that represents the min-
imal value of 6 at which their alternative hypothesis is not supported (Fisher 1934), which in the example is the hypothe-
sis Hy: 6 < 0.03. Unfortunately, NHST only allows for quantifying evidence against the null hypothesis Hy. This means
that the auditor cannot quantify evidence that can support the null hypothesis and cannot quantify evidence that sup-
ports the alternative hypothesis if an alternative hypothesis is defined.

When testing the null hypothesis, the auditor assumes that Hy is true and sets out to gather data to evaluate Hy. The
rationale behind NHST is that increasingly stronger evidence will be obtained against Hy (the population is free of mate-
rial misstatement) when the data become increasingly implausible under Hy. If sufficient evidence is obtained that con-
tradicts Hy, it can be rejected with reasonable assurance. NHST allows the auditor to quantify the evidence against H
using the p-value. This value is the probability of seeing the observed sample outcome or more extreme sample out-
comes, assuming that Hy is true. Hence, the frequentist p-value enables the auditor to assess the risk of incorrectly reject-
ing Hy, which in this case is the o risk. However, it is also possible to derive the /5 risk. To explain how these two risks
can be computed in NHST, we will first show the calculation of the « risk and subsequently show the calculation of the
p risk.

To perform the statistical inference, the data from the sample need to be connected to the null hypothesis about 6
by means of a probability distribution (Lehmann and Romano 2006). For example, if the auditor assumes that the pur-
chase orders in the sample are all independent observations and that the only parameter that exerts influence on the data
is the probability of misstatement 6, a binomial distribution can be applied (Johnstone 1990; Sorensen 1969).*

Probability of k incorrect signatures inz purchase orders = <Z) 01‘(1 - 9)"7/C (D)

To determine when Hy: 6 < 0.03 should be rejected for a given sample size, the auditor must calculate the maximum
number of incorrect signatures that can be observed while the risk of incorrectly rejecting Hy is still sufficiently low.
Suppose that the auditor has determined o—the risk of incorrectly concluding that the population contains material mis-
statement—to be 5 percent. This threshold is referred to as the significance level. In this case, the rule for rejection of Hy
is k > 7 because if it is true that 6 = 0.03, then the probability of finding seven or more incorrect signatures in the sample
of 99 purchase orders equals 2.98 percent (see Equation (1)). This probability is lower than the required significance level
of 5 percent. This procedure for rejecting Hy can also be regarded as rejecting Hy if the p-value associated with the
observed value of k is less than or equal to the significance level a.

To continue the running example, we will calculate the p-value. In this case, calculating the p-value is trivial because
the data are certain to occur under Hy. The p-value is the probability of finding k = 0 to k& = 99 incorrect signatures in
the sample, given that the purchase orders contain 3 percent misstatements, and equals 1 (Equation (2)). This means

2 A different way to test these hypotheses is to include the value of the maximum tolerable error rate in the alternative hypothesis (see the file “Two
approaches to NHST.pdf” in Derks, de Swart, Wagenmakers, and Wetzels (2025) for further details). We include the maximum tolerable error rate
in the null hypothesis because this is the dominant approach in the auditing literature; see, for example, Elliott and Rogers (1972); Johnstone (1994);
Martel-Escobar, Vazquez-Polo, and Hernandez-Bastida (2018); and Edmonds, Miller, and Savage (2019).

3 AICPA (2019) prescribes the binomial distribution for attribute sampling and the Poisson distribution for monetary unit sampling. However, the
binomial distribution can also be used for monetary unit sampling.
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that the data are certain to occur under Hy. Because the calculated p-value of 1 is higher than the significance level o =
0.05, the auditor cannot reject the null hypothesis.

k=99 99 k 99k
p=> L ) 003 (1-0.03)" =1 2)
k=0

A default conclusion for a p-value larger than the significance level « is to not reject—and thus maintain—the null hypoth-
esis. However, the finding that the data contain no evidence against the null hypothesis does not imply that they contain evi-
dence that supports the null hypothesis (Altman and Bland 1995; Goodman 2008; Keysers, Gazzola, and Wagenmakers
2020). Because the p-value is solely a measure of evidence against the null hypothesis, it fails to address to which extent the
sample provides support for the null hypothesis. Thus, based on the p-value, the auditor cannot quantify statistical evidence
that can support their conclusion that no more than 3 percent of the auditee’s purchase orders contain an incorrect signature.

On the other hand, a p-value lower than the significance level o generally leads the auditor to reject the null hypothe-
sis and to accept the alternative hypothesis. However, in NHST, the p-value only concerns Hy and not an alternative
hypothesis. Therefore, if the auditor uses this procedure to conclude that the data support the opposing hypothesis, Hy,
they fall into a statistical trap (Berger and Sellke 1987; Berkson 1942; Wagenmakers 2007). The (im)plausibility of H; is
not considered in the computation of the p-value, and because the computation of the p-value is solely based on the eval-
uation of the data in light of Hy, it provides only an indirect argument for H;. Hence, based on the p-value, the auditor
cannot quantify statistical evidence that can support the conclusion that more than 3 percent of the auditee’s purchase
orders contain an incorrect signature. Furthermore, they cannot statistically contradict the conclusion that no more
than 3 percent of the auditee’s purchase orders contain an incorrect signature.

The auditor can also calculate the sampling risk f—the risk of incorrectly concluding that the population does not
contain material misstatement. To calculate § for an alternative point hypothesis about the population misstatement,
the auditor needs to make an assumption about 6. Suppose that the auditor assumes that the population misstatement is
equal to 0 = 0.04, which is slightly higher than the maximum tolerable error rate. When assuming the truth of this
hypothesis, the risk of failing to reject Hy is the probability of finding an outcome that would yield a p-value above 5
percent (e.g., k = 7 misstatements would give p < 0.05 and thus lead to rejection of Hy). Hence, the sampling risk f can
be calculated as the probability of finding k£ = 0 to k = 6 incorrect signatures in the sample under the binomial (k | n =
99, 0 = 0.04) distribution and equals = 0.90. This calculation shows that if 4 percent of the purchase orders in the pop-
ulation contain an incorrect signature, there is a 90 percent probability of incorrectly deciding that the null hypothesis
should not be rejected. The reason that this probability is high is because the assumed population misstatement is close
to the upper bound of the null hypothesis. The sampling risk § would be lower if the sample size would be higher or if
the assumed population misstatement would be higher.

Because the auditing standards state that audit evidence consists of information that can support or contradict the
auditor’s conclusions, the inability of the p-value to provide support for the null and alternative hypotheses makes it
arguably unsuited for quantifying statistical evidence in an audit context. Unfortunately, this is not limited to audit sam-
pling but applies to any procedure in which the auditor quantifies statistical audit evidence using the p-value. In the next
section, we show that, by using a Bayesian hypothesis test, the auditor can quantify statistical evidence as advocated by
the auditing standards via the Bayes factor.

Bayesian Hypothesis Testing

In contrast to NHST, where the auditor’s evidence is solely based on the model for Hy, a Bayesian hypothesis test
takes both hypotheses H;: 0 > 0.03 and Hy: 0 < 0.03 into account. The driving force behind Bayesian inference is
Bayes’ theorem (Jeffreys 1939), which stipulates how existing information about an event 4 can be updated using infor-
mation from a new event B (Equation (3)).

p(Bl4)
p(B)

p(A|B) = p(4) x 3)

On a conceptual level, Bayes’ theorem embodies the fundamental principle in the audit that audit evidence is “cumula-
tive in nature” (IAASB 2021, ISA 200, paragraph A.30; AICPA 2021, AU-C 500, paragraph A3) and that the auditor
can therefore aggregate audit evidence over the audit.

In line with accumulating evidence, it is important to state the current level of information before an analysis is per-
formed. This is reflected in the prior distribution, which needs to be defined for every aspect of the statistical model that
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60 Derks, de Swart, Wagenmakers, and Wetzels

is to be estimated. In audit sampling, the prior distribution can be used to incorporate preexisting information about the
possible values of the population misstatement 6 into the statistical model (Corless 1972). For example, the auditor’s
risk assessments relating to inherent risk and control risk can be incorporated into the prior distribution (Derks, de
Swart, van Batenburg, Wagenmakers, and Wetzels 2021; Stewart 2013).

To use Bayes’ theorem for hypothesis testing, the auditor must also quantify their preexisting information about the
plausibility of the two competing hypotheses using so-called prior probabilities. The prior probability p(H;) incorporates
the auditor’s preexisting information about the probability of the hypothesis H; before seeing the data. This allows infor-
mation for or against a given hypothesis to be taken into account before a sample is planned and selected. The ratio of
prior probabilities is called the prior odds and is an indication of the relative plausibility of the hypotheses before analyz-
ing the intended sample.

When performing the audit, new data y are observed, and the auditor aims to update the prior probability p(H;) of
the hypothesis H; to a posterior probability p(H; | y). This is done via Bayes’ rule, which allows the auditor to update
their prior knowledge about the hypothesis p(H;) with the evidence in the data for or against this hypothesis p(y | H;),
resulting in the posterior probability of this hypothesis (see Equation (4)).

p(y|Hi)
pHly) = piy LU @
——r ()
Posterior probability Prior probability —~=——~—
Evidence

The posterior probability p(H; | y) represents the probability that the hypothesis H; is true, conditioned on the prior
distribution and the sample data. For example, a posterior probability p(Hy | y) = 0.95 implies that, given the prior dis-
tribution and the sample data, there is a 95 percent probability of correctly deciding that Hj is true. Hence, the posterior
probabilities can be intuitively related to the sampling risks o and . That is, when accepting Hy, the posterior probabil-
ity p(H; | y) can be interpreted as the f risk. Vice versa, when rejecting Hy and accepting H;, the posterior probability
p(Hyp | y) can be interpreted as the « risk.

However, because the auditor is interested in comparing the evidence for two hypotheses, they can use Bayes’ theo-
rem to obtain the ratio of posterior probabilities for Hy and H;: the posterior odds. The posterior odds can be denoted
as the product of the prior odds and the relative evidence for the hypotheses (Equation (5)).

p(Holy) _ p(Ho) — p(r|Ho) (5)
p(Hily)  p(Hi) — p(y|Hi)
——— e

Posterior odds Prior odds  Relative evidence

Because the posterior odds depend on the prior odds as well as the information from the sample, and because it can
be difficult to define the prior odds, it is common practice to quantify the relative evidence in the sample using the ratio
of evidence for the two hypotheses. This ratio is called the Bayes factor, and it quantifies the change in prior to posterior
odds brought about by the data (Kass and Raftery 1995). The Bayes factor is a direct comparison of the evidence for
both hypotheses in the sample (Equation (6)).

H
BFn(y) = m (©)

Because the Bayes factor is a ratio, it can quantify evidence in both directions. For example, a Bayes factor in favor
of Hy of 7 (BFy; = 7) indicates that the sample outcomes are seven times more likely to occur under the null hypothesis
Hj than under the alternative hypothesis H;. Furthermore, because the following holds: BFyy = ﬁm = %, BFy = 7 also
indicates that the sample outcomes are seven times less likely to occur under the alternative hypothesis H; than under
the null hypothesis Hy. This property of the Bayes factor fits well with the audit standards’ description of audit evidence
because it enables the auditor to quantify evidence that can support their hypotheses as well as evidence that can contra-

dict their hypotheses.*

4 Because of the ease of interpretation of the Bayes factor, it is rapidly being adopted in many areas of business and science, such as psychology (Heck
et al. 2023; Ly, Verhagen, and Wagenmakers 2016), sociology (Bollen, Ray, Zavisca, and Harden 2012; Lynch and Bartlett 2019), and economics
(Cipriani, Costantini, and Guarino 2012; Richard and Vecer 2021). Furthermore, Bayes factor calculations have been made very easy in many stan-
dard situations, such as the (partial) correlation test (Wetzels and Wagenmakers 2012), the t-test (Rouder et al. 2009; Wetzels et al. 2009), or the
ANOVA (Rouder et al. 2012; Wetzels et al. 2012) and implementation in easy-to-use software such as JASP (Love et al. 2019).

Q) ok Auditing: A Journal of Practice & Theory
N Hasociation Volume 44, Number 1, 2025
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In a similar fashion to the p-value, there exist pragmatic decision rules for which the Bayes factor represents suffi-
cient evidence. A collection of labels has been proposed and reiterated in numerous academic articles (Jeffreys 1961;
Wetzels et al. 2011; van Doorn et al. 2021). Table 1 displays these evidential thresholds, which auditors can use to inter-
pret the strength of evidence provided by the Bayes factor. For instance, BFy; = 7 implies moderate evidence in favor of
Hj and at the same time implies moderate evidence against H;. Similarly, BFy; = 20 implies strong evidence in favor of
Hy and at the same time strong evidence against H;. Note that, although p-values and Bayes factors mostly agree about
which hypothesis is supported by the data, they often disagree about the strength of this support (Wetzels et al. 2011).

To continue the example, a Bayesian auditor starts their audit sampling procedure by specifying a prior distribution
p(0) that reflects their preexisting information about the misstatement in the population 0. The two hypotheses Hy: 0 <
0.03 and H;: 0 > 0.03 are defined as the range of the prior distribution that corresponds to the hypotheses’ restrictions
with respect to 0. This means that the prior probability for Hy corresponds to the total probability under the prior distri-
bution in the range [0, 0.03]. Similarly, the prior probability for H; corresponds to the total probability under the prior
distribution in the range [0.03, 1].

If the auditor has assessed inherent risk and internal control risk according to the Audit Risk Model, they can incorpo-
rate this information into the prior distribution. For illustrative purposes, it is convenient to specify a uniform beta (o = 1,
p = 1) prior distribution that represents negligible information about 0 (Stewart 2013). Suppose the auditor has assessed
both inherent risk and internal control risk as “medium,” which, according to their audit guide, translates into a reduction
in the sample size of An = 33. This reduction can be seen as unseen samples that are assumed to be correct, which in turn
can be incorporated in the prior distribution by setting the f§ parameter to 1 + An = 34 (Derks et al. 2021; Steele 1992). For
the beta(1, 34) distribution, the prior odds in favor of Hy are % = 1.82.

After seeing the data consisting of n purchase orders of which k contain an incorrect signature, the prior distribution
is updated by the binomial likelihood to a posterior distribution p(f | n, k) according to Bayes’ theorem (Equation (7)).

(k|n,0)
0] n. k) = p(o) x XY 7)
P ) = p(0) 2o = ko) (
Posterior Prior Ti,_/

In this example, the posterior distribution is the beta(l + 0 = 1, 34 + 99 = 133) distribution. Like the prior distribu-
tion, the posterior distribution induces a probability for the occurrence of the hypotheses. The posterior odds in
favor of Hy induced by the posterior distribution are % = 57.82. The posterior probability p(Hy | y) = 0.983 implies
that there is a 98.3 percent probability that no more than 3 percent of the auditee’s purchase orders contain an incor-
rect signature. Hence, when accepting Hy, there is a 98.3 percent probability that the auditor correctly judges that
the population does not contain material misstatement and a 1.7 percent probability that the auditor incorrectly
judges that the population does not contain material misstatement. The latter probability is sufficiently low to find
Hj credible.

Because the prior odds and the posterior odds are known, the Bayes factor can be calculated by dividing the two.
Thus, the Bayes factor in this example is BFy; = % ~ 31, which implies that the data are about 31 times more likely to

occur under Hy than under H;. This Bayes factor implies very strong evidence in favor of Hy (see Table 1).

Comparison of Frequentist and Bayesian Conclusions

Note that a frequentist analysis (p = 1 > «) only facilitates a statement about the (im)plausibility of the data (or
data more extreme) under Hy and enables a conclusion of the auditor that Hy cannot be rejected. As mentioned in the
previous section, using this p-value, the auditor cannot say that there is evidence in favor of Hy. The Bayes factor differs
from the p-value in that it can quantify evidence directly in favor of Hy and that it provides an intuitive interpretation of
the strength of evidence. That is, the Bayes factor BFy; ~ 31 shows that Hy is more likely than H; and that there is
strong evidence in favor of Hy that no more than 3 percent of the auditee’s purchase orders contain an incorrect signa-
ture. Moreover, because in a Bayesian procedure the auditor takes into account both Hy and Hj, this calculation shows
that they are able to intuitively assess both the o and /5 risk.

In sum, because the Bayes factor can quantify audit evidence in both directions, it is more in line with the philoso-
phy of evidence described in the audit standards than the p-value. However, the Bayes factor is not only an attractive
alternative to the p-value because of its intuitive theoretical interpretation, it also addresses some of the practical limita-
tions that the p-value has. In the next section, we describe these limitations of the p-value in more detail and explain
why the Bayes factor does not suffer from these limitations.
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TABLE 1
Bayes Factor Labels Proposed by Jeffreys (1961)
1
BFy = BFy, Strength of Evidence
1 Extreme evidence for H;

100

1 1 Very strong evidence for H;
100 30

1 Strong evidence for H;
30 10

1 1 Moderate evidence for H;
10 3
l_ | Anecdotal evidence for H;
3
1 No evidence for Hy or H;
1-3 Anecdotal evidence for Hy
3-10 Moderate evidence for Hy
10-30 Strong evidence for Hy
30 -100 Very strong evidence for Hy
>100 Extreme evidence for Hy

The subscript of the Bayes factor (BF) indicates for which hypothesis the Bayes factor quantifies relative evidence. For instance, BFy; = 10 indi-
cates that the data are ten times more likely under the null hypothesis than under the alternative hypothesis, and BFjy = 10 indicates that the data
are ten times more likely under the alternative hypothesis than under the null hypothesis.

III. PRACTICAL IMPLICATIONS

In this section, we illustrate that the use of frequentist NHST using the p-value limits auditors in their effectiveness
and efficiency in quantifying audit evidence. Next, we show that the Bayes factor does not suffer from these limitations
and that it is therefore an attractive alternative to the p-value. To illustrate which improvements the Bayes factor brings,
we focus on the practical implications of two undesirable properties of the p-value: the p-value cannot provide evidence
for the null hypothesis, and it does not allow for sequential sampling (Wasserstein and Lazar 2016; Rouder 2014;
Wagenmakers 2007; Wagenmakers, Gronau, and Vandekerckhove 2019).

First, there are many scenarios (other than the sampling scenario in the previous section) where supporting Hy is the
goal of the statistical analysis. Suppose that the auditor wants to support the null hypothesis that an auditee’s inventory
is valued fairly, wants to confirm the auditee’s accounts receivable, or wants to confirm the auditee’s sales transactions.
As we have discussed in Section II, relying on the p-value makes supporting this null hypothesis impossible. However,
by reporting a Bayes factor, the auditor can quantify evidence directly in favor of Hy, thereby removing this limitation.
This makes it possible to compare the evidence in the data for both hypotheses, thus allowing the auditor to support or
contradict their conclusion. In Section IV, we discuss two more examples in which the auditor wants to support Hy, one
in which an auditor wants to support the conclusion that the data in the auditee’s financial statements are subject to
Benford’s law (example 1) and another in which an auditor wants to support the conclusion that all taxable persons are
treated fairly (example 3). We show in more detail how in these commonly occurring scenarios the p-value does not fit
well with the audit question at hand because it cannot quantify support for the null hypothesis.”

Second, the p-value can lead to an inefficient audit when the auditor already has enough evidence to support a par-
ticular hypothesis, but due to the nature of frequentist hypothesis testing, they still need to perform the remainder of the
planned work (Berger and Wolpert 1988; Lindley 1993). Suppose an auditor wants to obtain evidence to support the
conclusion that a certain population contains misstatements lower than a certain threshold 7. They define the null
hypothesis as Hy: 8 > ¢. In this case, the auditor wants to sample until they can reject Hy. They have planned a sample
size such that, when no misstatements are found, they can reject Hy with a sampling risk o of 5 percent. As it turns out,
the sample contains a single misstatement, which means that the auditor cannot reject Hy. If the auditor still wants to be
able to reject Hy using the p-value, they will need to plan an extension for their sample. Because there is an increase in

5 Example 2 illustrates a situation in which the p-value does not fit well with the audit question at hand because it cannot quantify support for the alter-
native hypothesis.
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the sampling risk o after looking at the data (Armitage, McPherson, and Rowe 1969; Wagenmakers 2007), one possible
way to proceed is to plan a follow-up sample in which they adjust the maximum p-value. However, this practice gener-
ally leads to a substantial increase in the sample size. For example, most audit guides recommend inspecting an addi-
tional number of items equal to the initial sample (AICPA 2019, Appendix B). In this case, that would mean increasing
the sample size from 99 to at least 198. This limits the auditor in their efficiency because, at this point, they are perform-
ing more work than necessary. The Bayes factor does not suffer from this limitation because a Bayesian analysis is not
dependent on a sampling plan. That means that the auditor is allowed to monitor the evidence for a particular hypothe-
sis and to stop data collection when enough evidence is obtained (Rouder 2014; Wagenmakers et al. 2019). From a
Bayesian point of view “It is entirely appropriate to collect data until a point has been proven or disproven, or until the
data collector runs out of time, money, or patience” (Edwards, Lindman, and Savage 1963, 193). Therefore, the auditor
can extend their sample from 99 to 156 (the sample size that they would have gotten when initially planning for one mis-
statement in the sample) or to any other n depending on the desired strength of evidence (i.c., the desired Bayes factor).
In addition to being more efficient, a Bayesian sample size extension is arguably more intuitive and easier to explain for
the auditor than a frequentist one.

IV. APPLYING THE BAYES FACTOR IN A MODERN AUDIT

To facilitate the use of the Bayes factor and illustrate the benefits of a Bayesian approach to audit evidence, we will
now apply the Bayes factor to three typical audit questions.® In the first example, we apply Benford’s law to a financial
dataset. In the second example, we analyze historical data from an auditee’s sales revenue to obtain evidence for a sea-
sonal effect. In the final example, we analyze an auditee’s classification algorithm to determine if it exhibits bias toward
certain groups of people.

Example 1: Assessing Benford’s Law

Benford’s law (Benford 1938) has been advocated as a simple and effective method for auditors to uncover potential
data manipulation in financial statements (Durtschi, Hillison, and Pacini 2004), enterprise resource planning systems
(Ma’arif, Mohd Satar, Abdul Jalal, and Samah 2020), or official information released by authorities (Wei and Vellwock
2020). Simply put, Benford’s law states that in naturally occurring collections of numbers, the leading digit is likely to be
small. More concretely, a set of numbers is said to satisfy Benford’s law if the leading digits € {1,...,9} occur with

probability p(d) = log, (1 + 5).

Benford’s law can be used as an analytical procedure in an early stage of the audit (Nigrini and Mittermaier 1997).
For example, small deviations from Benford’s law may suggest that the data have passed a reasonableness test, whereas
large deviations may be a sign of possible data manipulation (Drake and Nigrini 2000). The goal of the analysis in this
example is to determine how much evidence the data provide for the statement that the leading digits in a population of
items follow Benford’s law.

Data

The data for this example come from the financial statements of the Sino Forest Corporation’s 2010 report (Nigrini
2012). For illustrative purposes, we will only analyze the leading digits of the recorded book values, but this procedure
can be generalized to include the first two, or last, digits. The second and third columns of Table 2 display the observed
(relative) frequencies of the leading digits in the data.

Frequentist Analysis

In the NHST framework, the auditor wants to test the null hypothesis that the first digits are distributed according
to Benford’s law. An example application of this procedure is described by Varma and Khan (2012), who used

Benford’s law to identify potential fraud in a similar population. The null hypothesis Hy: p(d) = log, (1 + %) is assessed

by means of the p-value. The last column of Table 2 shows the expected relative frequencies p, for the leading digits
under Benford’s law.

© Please see the file “Bayes factor calculations.pdf” in Derks et al. (2025) for details about the derivations of various statistics and the calculations of
the Bayes factors in this section.
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TABLE 2
Observed and Expected (Relative) Frequencies

Leading Digit (d) Frequency Relative Frequency Expected Relative Frequency (p,)
1 231 29.92% 30.10%
2 124 16.06% 17.61%
3 97 12.56% 12.49%
4 70 9.07% 9.69%
5 64 8.29% 7.92%
6 54 6.99% 6.69%
7 40 5.18% 5.80%
8 54 6.99% 5.12%
9 38 4.92% 4.58%

The last column displays the expected relative frequency p, under Benford’s law, where each digit d occurs with relative frequency p, =
log;(1 JF:l;)

Using a Chi-square test (3> = 7.65, df = 8), the p-value for these data is 0.47. The interpretation of this p-value is
that, assuming that the first digits are distributed according to Benford’s law, there is a 47 percent probability that the
auditor would have found the observed (or more extremely deviating) distribution of first digits in the dataset. In a stan-
dard fashion, the conclusion would be to not reject, and thus maintain, Hy.

Bayesian Analysis

In a Bayesian analysis of Benford’s law (Good 1967; Sarafoglou et al. 2023), Hy is compared, by means of the
Bayes factor, with the alternative hypothesis H;, which states that the first digits are not distributed according to
Benford’s law (i.e., the digit probabilities are free to vary). The prior probabilities for the hypotheses are set to be equal:
p(Hp) = p(H;) = 0.5. The prior distribution for H; is assumed to be a Dirichlet(x;, o,...,09) distribution with all «
parameters set to 1. Note that the parameter o, of the Dirichlet distribution reflects the prior count for the digit ¢ and
can be adjusted to incorporate prior information into Hj.

The corresponding Bayes factor in favor of the null hypothesis is BFy; = 6,899,678, which implies that the data are
6,899,678 times more likely (extreme evidence) to have occurred under the hypothesis that the first digits are distributed
according to Benford’s law than under the hypothesis that they are not. Because the prior probabilities are set to be
equal, the Bayes factor equals the posterior odds, which implies that the posterior probability for the null hypothesis can

be deduced as p(Hy | y) = B ngl‘_’foji(ﬁﬂ)pa_lo)] = 0.99. This means that, when accepting Hy, there is a 99 percent probabil-

ity that the auditor correctly accepts Hy and a 1 percent probability that the auditor incorrectly accepts Hy.

Comparison of Frequentist and Bayesian Conclusions

The p-value of 0.47 leads the auditor to not reject Hy. However, based on this low p-value, the auditor cannot say
that the data contain evidence that supports the conclusion that the auditee’s data follow Benford’s law. The Bayes fac-
tor BFjy = 6,899,678 facilitates the conclusion that the data show extreme evidence in favor of the conclusion that the
auditee’s data follow Benford’s law.

Example 2: Uncovering Seasonal Patterns

We now turn to a situation where the auditor uses historical data in an analytical procedure. In particular, the audi-
tor is concerned with the question of how much evidence there is that the sales of the auditee are influenced by seasonal
factors. For example, yearly sales may be increasing, but sales might be higher in autumn than in other seasons. Hence,
the auditor is interested in whether the sales of the auditee are subject to seasonal effects. In addition to a seasonality
effect, the auditor wants to know to what extent the data support a difference in sales between each season.

Data

The data for this example consist of the monthly sales of the auditee for the years 2013-2016 (n = 48). These data
are plotted over time and are categorized by season in Figure 1. The sales trend, depicted in the left panel of Figure 1,
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FIGURE 1
Monthly Sales of the Auditee
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The sales trend over time, depicted in the left panel along with a 95 percent confidence interval, reveals an upward trajectory. In the right panel,
box-violin plots categorize the sales by season, indicating a distinction between sales in the autumn and sales during the other three seasons. The
lower and upper ends of the gray boxes correspond to the first and third quartiles of the sales, respectively, and the black line inside the box repre-
sents the median of the sales. The black lines extend from the first and third quartiles to the smallest and largest values no further than 1.5 times
the interquartile range. The white shapes represent the distribution of the sales in each season.

reveals an upward trajectory. In the right panel of Figure 1, box-violin plots classify sales by season, highlighting a
noticeable difference between autumn sales and those in the remaining three seasons.

Frequentist Analysis

In the frequentist analysis, the null hypothesis Ho: u; = py = p3 = 1y is assessed via ANOVA by means of the
p-value. To determine between which seasons there are differences in sales, post hoc tests are performed and assessed
using Tukey’s p-value, corrected for multiple comparisons.

The results of the ANOVA indicate a significant effect for season (R = 0.30, df = 3, F = 6.42, p < 0.01). The inter-
pretation of this p-value is that, assuming that there is no seasonal effect, there is less than 1 percent probability that the
auditor would find the observed (or more extremely deviating) outcomes in the dataset. In addition, Tukey’s post hoc
tests indicate a significant difference in autumn sales compared with the other seasons. That is, the p-values for these
comparisons are all smaller than 0.01 (the top three rows of column pry, in Table 3).

Bayesian Analysis

In a Bayesian analysis, the null model of no effect is compared, by means of the Bayes factor, with an alternative
model that incorporates the season as a predictive variable (Rouder, Morey, Speckman, and Province 2012; Wetzels,
Grasman, and Wagenmakers 2012). Post hoc tests between seasons are evaluated using the Bayes factor based on the
default Bayesian t-test using a Cauchy(0, r = 1/4/2) prior (Rouder, Speckman, Sun, Morey, and Iverson 2009; Wetzels,
Raaijmakers, Jakab, and Wagenmakers 2009). In these post hoc tests, the posterior odds were adjusted for multiple com-
parisons by setting the prior probability of the null hypothesis at 0.5 for all comparisons (Westfall, Johnson, and Utts
1997).

The Bayes factor for the model that includes a seasonal effect over the model that does not is BF}y = 34. This Bayes
factor implies that the observed data are 34 times more likely to have occurred under the hypothesis of a seasonal effect
than under the hypothesis of no seasonal effect, which implies strong evidence in favor of a seasonal effect (see Table 1).
To answer the question of how much more likely it is that the autumn sales differ from those in other seasons, the audi-
tor must inspect the Bayes factors BFj obtained from the individual comparisons in the last column of Table 3. These
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TABLE 3

Post Hoc Comparisons between Seasons

Mean Difference SE t PTukey Prior Odds Posterior Odds BF;,
Autumn Spring 30,168.261 8,876.126 3.399 0.008 0.414 16.053 38.755
Summer 33,339.340 8,876.126 3.756 0.003 0.414 41.542 100.291
Winter 31,554.932 8,876.126 3.555 0.005 0.414 1.775 4.285
Spring Summer 3,171.079 8,876.126 0.357 0.984 0.414 0.183 0.442
Winter 1,386.672 8,876.126 0.156 0.999 0.414 0.156 0.376
Summer Winter —1,784.408 8,876.126 —0.201 0.997 0.414 0.156 0.378

The p-value obtained from Tukey’s test for multiple comparisons (column pry,) indicates a significant difference in the sales in autumn com-
pared with any other season. The Bayes factor (column BF)g) indicates strong evidence to support this hypothesis for the comparison with the
spring and the summer and moderate evidence in favor of this hypothesis for the comparison with the winter.

Bayes factors are roughly 39 and 100 for the spring and the summer, respectively, and thus indicate strong evidence for
the statement that the autumn sales differ from those in spring and summer. However, the Bayes factor for the compari-
son with the winter is about 4, which indicates that the data contain only moderate evidence for a difference between the
autumn sales and the winter sales.

Comparison of Frequentist and Bayesian Conclusions

The fact that p < 0.01 leads the auditor to reject Hy. However, based on this low p-value, the auditor cannot say
that there is evidence that supports a seasonal effect in the data. In contrast to the p-value, the auditor can use the Bayes
factor of BF}( ~ 34 to conclude that the data contain strong evidence in favor of a seasonal effect.

Example 3: Determining Algorithmic Fairness

As a final example, we consider an increasingly relevant issue in the context of algorithmic auditing and artificial
intelligence (AI). With the rapid growth of information systems that collect and mine customer data, an increasing por-
tion of auditees’ business decisions is being guided by AI. On April 21, 2021, the European Commission presented a pro-
posal for a regulation concerning Al, the Al Act for short (European Commission 2021). One major focus of the AI Act
is the classification of various types of Al systems according to the risks involved. One of the risks that has special atten-
tion is that application of Al might lead to unfair treatment and discrimination. Hence, it becomes increasingly impor-
tant to verify that business decisions made with the aid of these algorithms are fair (Kearns, Neel, Roth, and Wu 2018).

For example, predictive algorithms must avoid exhibiting discriminatory biases toward features such as gender,
race, or age. Suppose that the auditor works with an auditee in the banking industry that uses an algorithm to predict
whether customers are going to default on a loan. Naturally, it is highly undesirable that, given that a customer is going
to pay their loan, they are more likely to get classified by the algorithm as possibly defaulting on that loan because of
their ethnicity. The following analytical procedure aims to test this algorithmic fairness with respect to ethnicity.

To illustrate this procedure, we focus on a single relatively simple criterion of algorithmic fairness. This criterion
requires equality of false positive or false negative rates across all subgroups in the data (Hardt, Price, and Srebro 2016).
In the context of this example, a false positive implies that a customer gets wrongly marked as a possible defaulter. A
false negative, on the other hand, would mean that a customer will likely default on their loan, but no action will be
taken by the bank as this customer is not identified by the algorithm. The algorithm may display bias if the false positive
rate is higher for some ethnic groups than for others. Statistically, this implies that the false positive rate should be equal
across ethnic groups (i.e., the algorithm’s prediction is independent of a customer’s ethnicity). To find out how much evi-
dence there is for this hypothesis, we describe one possible analysis that the auditor can use.

Data

We use a fictional benchmark dataset (n = 10,000) from the field of credit risk prediction. The data contain infor-
mation about a customer’s ethnicity, a target variable that indicates defaulting behavior, and other financial informa-
tion about the customer. The auditor applies the auditee’s algorithm to this dataset to obtain the confusion matrix in
Table 4.
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TABLE 4

Confusion Matrix

Predicted
Group Observed Defaulted Paid Total
Asian Paid 97 826 923
Defaulted 11 66 77
Total 108 892 1,000
African Paid 167 1,678 1,845
Defaulted 12 143 155
Total 179 1,821 2,000
Hispanic Paid 195 1,648 1,843
Defaulted 17 140 157
Total 212 1,788 2,000
Caucasian Paid 477 4,137 4,614
Defaulted 55 331 386
Total 532 4,468 5,000
Total Paid 936 8,289 9,225
Defaulted 95 680 775
Total 1,031 8,969 10,000

The confusion matrix summarizes the quality of the predictions made by the auditee’s algorithm regarding customer defaults versus payments cat-
egorized by ethnic group (first column). The row totals show the totals for the observed classes in the benchmark data (default or pay), and the
column totals show the predictions of the auditee’s algorithm. The four remaining cells show the number of true positives (bottom left), true nega-
tives (top right), false positives (top left), and false negatives (bottom right).

The confusion matrix summarizes the quality of the predictions made by the auditee’s algorithm regarding customer
defaults versus payments, categorized by ethnic group (first column). For each ethnic group, there are four potential
combinations of predicted and observed classes. The algorithm can make a correct prediction in two ways: it can cor-
rectly predict a defaulting customer (a true positive) or it can correctly predict a paying customer (a true negative).
However, the algorithm can also make an incorrect prediction in two ways: it can incorrectly predict a defaulting cus-
tomer (a false positive) or it can incorrectly predict a paying customer (a false negative).

Table 4 shows the confusion matrices for all ethnic groups. The row totals show the totals for the observed classes
in the benchmark data (default or pay), and the column totals show the predictions of the auditee’s algorithm. The four
remaining cells show the number of true positives (bottom left), true negatives (top right), false positives (top left), and
false negatives (bottom right). For example, within the group of Asian customers, the predictions of the auditee’s algo-
rithm contained 97 false positives, 11 true positives, 826 true negatives, and 66 false negatives. The auditor calculates the
false positive rate p; for each ethnic group as the number of false positives divided by the number of false positives plus
the number of true negatives (i.e., the number of accurately predicted paying customers).

Frequentist Analysis

In the frequentist analysis, the null hypothesis of independence Hy: p1 = p» = p3 = p4 is tested using a Chi-square
test and is assessed by means of the p-value. The false positive rates p;, p», p3, and ps are 0.1, 0.09, 0.11, and 0.1,
respectively. Using a Chi-square test (3> = 3.13, df = 3), the p-value is 0.37. The interpretation of this p-value is that,
assuming that the false positive rate is equal across all ethnic groups, there is a 37 percent probability of observing these
(or more extremely deviating) false positive rates.

Bayesian Analysis

In the Bayesian analysis, the null hypothesis of independence will be tested against the alternative hypothesis that
the false positive rates are dependent on the ethnic group (Gunel and Dickey 1974; Jamil et al. 2017). The prior distribu-
tion for the alternative hypothesis is a Dirichlet(ay, o5, o3, o4) distribution with all & parameters set to 1.
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The Bayes factor in favor of Hy is BFy; = 11,078, which implies that the data are 11,078 times more likely to have
occurred under the hypothesis that the false positive rates are equal across ethnic groups than under the hypothesis that
they are not. Using this Bayes factor, the auditor can quantify evidence in favor of the null hypothesis and support the
statement that the false positive rates are equal across groups.

Comparison of Frequentist and Bayesian Conclusions

The p-value of 0.37 leads the auditor to not reject Hy. However, based on this p-value, the auditor cannot say that
the data show evidence that supports algorithmic fairness. In contrast to the p-value, the auditor can use the Bayes fac-
tor of BFy; = 11,078 to conclude that the data contain extreme evidence in favor of algorithmic fairness.

V. CONCLUDING COMMENTS

Audit evidence plays a crucial role for auditors in providing an appropriate opinion about the fairness of the audi-
tee’s financial statements. However, the frequentist method by which statistical audit evidence is currently often quanti-
fied in audits has raised legitimate concerns over the years. In this article, we have emphasized that a frequentist
hypothesis test does not produce the type of evidence that the audit standards advocate and that the p-value does not fit
well with the nature of audit questions. We have shown that a Bayesian hypothesis test can produce, in certain situa-
tions, a more fitting type of evidence for the auditor’s conclusions about the financial statements and that it does not suf-
fer from the same limitations as the p-value when it comes to effectiveness and efficiency. Because the Bayes factor can
quantify evidence in both directions, the Bayesian approach to audit evidence is more in line with the audit standards
than a frequentist hypothesis test. We therefore propose the Bayes factor as an addition to the auditor’s statistical tool-
box. Because the auditing standards explicitly call for evidence that can support or contradict the auditor’s conclusions,
we expect that the Bayes factor will enhance the way that auditors are able to quantify and evaluate statistical evidence.

Moreover, Bayesian inference provides auditors with the tools to aggregate audit evidence and therefore to statisti-
cally accumulate audit evidence over the course of an audit. This makes the Bayes factor a good fit for today’s audit
practice because it can facilitate the growing use of complex data analytics by the auditor and the auditee. As data will
become more complex, and statistical analyses will become more prevalent, the auditor will require an intuitive frame-
work to integrate, quantify, and interpret the information from these procedures. This will be the case especially if they
are to meet the constant demand for a more efficient audit. Because the Bayesian framework provides the flexibility to
incorporate many types of prior information into the statistical analysis, we believe that it will be more useful for the
auditor in the long term than the current frequentist methods.

However, despite our arguments in favor of Bayesian hypothesis testing using the Bayes factor, it is not always prac-
tical to use this approach in favor of a frequentist hypothesis test. As discussed in Section II, Bayes’ theorem uses prior
information in the form of the prior probabilities and the prior distribution on the parameters to perform inference. This
means that, to get to the Bayes factor in practice, the auditor must think about how they incorporate preexisting infor-
mation into the statistical model. Consequently, a frequentist hypothesis test can sometimes be more beneficial to an
auditor if translating preexisting information into a prior distribution is difficult, expensive, or time-consuming.
Although the Bayesian approach comes with advantages, such as being able to quantify evidence in favor and against
the auditor’s conclusions or the ability to engage in sequential testing without penalty, the auditor needs to decide
whether the benefits of the Bayesian approach outweigh the costs of justifying that approach.

The sensitivity of the Bayes factor to the prior distribution is an avenue for further research. For many Bayesian
hypothesis tests, default prior distributions exist and have been evaluated in a wide variety of settings (Rouder et al.
2009; Wetzels and Wagenmakers 2012; Wetzels et al. 2012). However, no default prior distribution exists or has been
evaluated specifically in the context of audit sampling. Moreover, it remains to be investigated how auditors use and
interpret Bayesian evidence in practice and if it increases the ease of interpretation of statistical results for auditors.

The examples shown in this manuscript show a selection of data-rich audit scenarios that the Bayes factor can be
applied in, but, in principle, any statistical analysis can be performed in a Bayesian fashion. Most Bayesian analyses are
easily accessible in a standardized format through open-source software packages (e.g., R) or graphical user interfaces
(e.g., JASP). We have performed all statistical analyses in this manuscript using JASP (version 0.18.3; Love et al. 2019)
and have included reproducible examples in Derks et al. (2025). Our proposition for a way forward is that next to their
frequentist analyses, auditors perform Bayesian equivalents of these analyses to become acquainted with these techni-
ques and to be able to compare the two measures of evidence (p-values and Bayes factors) in practice.

To conclude, we suggest the use of Bayesian inference in the audit because it fits well with the goals of the auditor.
First, the Bayes factor embodies the audit standards’ description of audit evidence and provides the auditor with a
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measure of statistical evidence that can support or contradict their conclusions. Second, the theoretical foundations
underlying the Bayesian framework have long been argued to be beneficial for the audit because they enable the auditor
to quantify and aggregate evidence over the audit using the prior and posterior probabilities. In sum, Bayesian inference
provides a fitting answer to the problems that today’s auditors face.
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