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Re.: PCAOB Release No. 2026-001 - Requests for Public Comment on the PCAOB’
Strategic Priorities of March 31, 2026.

Dear Chairman Logothetis,

We welcome the opportunity to answer the Board’s request for input regarding the PCAOB’s
2026-2030 strategic priorities.

In this letter, we provide insights into our recent research at the University of Mannheim

Business School, Germany. Particularly, in our study
Audit Quality and Auditing Standards under Artificial Intelligence,

we conduct an economic analysis of the impact of artificial intelligence (AI) on audit quality
and how variations in auditing standards influence market outcomes. Our research speaks
directly to the invitation for comment on what standard-setting projects the Board should
pursue. Our intention is to raise awareness that audit procedures are shaped not only by the
stringency of effort requirements, as embodied for instance in AS 1201, or PCAOB inspection
intensity. A second important dimension is whether the standards define non-Al (human)
components of the audit, such as minimum partner hours or a blacklist of tasks that cannot be
delegated to Al

In short, we show that the PCAOB faces an important strategic trade-off for future auditing
standards: Specifying a human component of audit effort raises audit quality, whereas

remaining silent on the human-Al mix improves market value more substantially.

We provide a summary of our research in this comment letter. The full working paper is in the
appendix to this memorandum and also submitted to the 2026 Conference on Auditing and
Capital Markets in Washington, D.C. on September 10-11, 2026.
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Al reshapes corporate processes and workflows. This is particularly important in auditing as Al
supported pattern recognition tremendously improves fraud detection. However, an important
regulatory challenge is the question how AI procedures should be addressed in terms of
standard-setting. One option is to continue the existing practice and view Al as one tool of
many, which is justified to use, as long as the principles of a good audit are not violated and all
auditing standards are being followed. This is what we call a total effort standard. In contrast,
auditing standards could dictate additional rules explicitly emphasizing that certain procedures
cannot be outsourced to A, emphasizing the human component in the audit. These rules could
include, e.g., minimum partner-level hours, a list of prohibited Al tasks, Al explainability such
as the documentation and disclosure of the used Al agents, prdmpts, outputs, and how these
outputs were checked manually. We term this approach the human effort standard. The impact
of these two options varies, depending on the focus the PCAOB envisions. Specifying human
audit effort tasks, which boosts audit quality but leaves potential welfare gains on the table or
remaining silent about human and Al involvement, which improves market value (investor

welfare).

Two features of Al drive our results. First, Al is cheaper to deploy than human effort at the
margin. After an initial investment, Al is faster in producing high-quality output and requires
fewer working hours. Second, Al affects experti'se building. A limited use of Al frees time for
~ human effort, which improves the client-specific expertise, but an over-reliance on Al reduces
the ability to gain knowledge and lowers the overall expertise. We term this decrease in

expertise “deskilling”.

The key difference between the two regulatory instruments is how they influence the Al
investment. Under a total-effort standard, the auditor responds to tighter regulation by
substituting toward cheap Al effort. This may drive Al adoption well beyond the expertise-
' maximizing level, eroding audit quality through deskilling. Strikingly, audit quality with Al can
fall below the status quo without AI. From a capital market perspective, this is not necessarily
bad, because operating under high levels of Al cuts cost and improves overall welfare for
investors. Under a human-effort standard, a minimum of human work is always preserved,
which does not boost Al investment as much as the total effort standard and avoids deskilling.
Thus, audit quality is higher, but the full potential of Al in terms of expertise building and cost
saving, is underexploited, resulting in smaller investor welfare gains and audit quality below its

feasible maximum.

We believe these results are important for the PCAOB, as the strategic planning under the new
leadership determines the path moving forward. How the Board chooses to address Al in
standard-setting is a first-order lever shaping both the degree of auditors’ Al adoption and its
consequences for the capital market.
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We thank the Board for the opportunity to contribute to this consultation. We would be happy
to discuss our work with PCAOB staff. Questions about this letter or the attached working paper
may be directed to Sebastian Kronenberger (kronenberger@uni-mannheim.de).

' Univérsity of Mannheim Business School |
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Sebastian Kronenberger
Assistant Professor of Accounting
University of Mannheim Business School

asmin Kuhlmann
PhD Candidate in Accounting
University of Mannheim Business School
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Audit Quality and Auditing Standards under Artificial

Intelligence*

Sebastian Kronenberger? Yasmin Kuhlmann?

May 12, 2026

Abstract

We study auditing standards when auditors can adopt Artificial Intelligence (AI) as an assisting
technology. In our model, a representative auditor chooses a mix of human and Al effort to
verify financial statements. Al effort is cheaper and initially frees up resources for higher-value
judgment tasks. However, its excessive use leads to deskilling: engagement-specific expertise
erodes, which reduces the effectiveness of each unit of audit effort. We compare two auditing
standards regimes, (i) a total-effort minimum and (ii) a human-effort minimum. The choice
between them generates a regulatory trade-off. Under total-effort standards, a higher minimum
inadvertently fuels AI over-adoption because the auditor does not fully internalize the social
cost of audit failures. The resulting deskilling causes audit quality to fall below the no-Al
benchmark as standards tighten, even as the AI world delivers strictly higher welfare through
lower compliance costs. By contrast, human-effort standards preserve a minimum of human
work, which avoids deskilling. Thus, audit quality is higher, but the full potential of AI remains
underexploited, resulting in smaller welfare gains and audit quality below its feasible maximum.
Our analysis suggests that regulators should not merely ask how much audit work to require,
but what kind of work.

Keywords: Artificial Intelligence; Auditing Standards; Audit Quality; Welfare
JEL classification: D82, M42, L51, 033

*We thank Volker Laux and Thomas Simon for helpful feedback and suggestions. We further appreciate workshop
participants’ insightful comments at the University of Mannheim. This work was supported by the Graduate School
of Economic and Social Sciences of the University of Mannheim. We gratefully acknowledge funding by the German
Research Foundation (DFG, Deutsche Forschungsgemeinschaft) Project-ID 403041268 - TRR 266 Accounting for
Transparency. All remaining errors are our own.

fSebastian Kronenberger, University of Mannheim. kronenberger@uni-mannheim.de.

#Yasmin Kuhlmann, University of Mannheim. yasmin.kuhlmann@uni-mannheim.de.



1 Introduction

Artificial Intelligence (AI) has substantially shifted modern day information input and workforce
processes in organizations. The prompt to ChatGPT-4.1 "for which tasks is AI best?"! delivers the
top 3 answers: 1. Pattern recognition, 2. Language and text-heavy work, 3. Repetitive, rule-based
tasks. The chat-bot’s own assessment is also supported scientifically (Eloundou et al. (2023); Noy
and Zhang (2023)). The task of financial statement verification matches well with these top three
answers. Hence, it is not surprising that Frey and Osborne (2017) rank accountants and auditors
in the top quartile of computerizable jobs.? For the same prompt, ChatGPT-4.1 also points out,
where Al is not best. It lists "deep human judgment and values", "novel situations", and "high-
stakes accountability". In general, the answer illustrates the dilemma in terms of the auditor’s

tasks as judgment and accountability being essential for financial statement verification.

Due to the importance of judgment in auditing, the general assessment is that Al does not
replace human workforce, but supports the workers in their tasks (Law and Shen (2025)). However,
a crucial concern is the negative consequences from delegating tasks to a black box algorithm.
In medical diagnostic settings, which are structurally similar to auditing, studies find an over-
reliance on computer-aided detection tools (Budzyn et al. (2025)). The use of generative Al
can also demotivate workers for tasks that do not involve AI (Liu et al. (2025)). Correcting
the hallucinations from Al can lead to a slower task completion of skilled open-source developers
compared to non-Al use (Becker et al. (2025)). Further, the outsourcing of basic tasks might impair
the ability to develop the knowledge to use judgment, leading to de-skilling of workers (Munoko
et al. (2020); Gillespie et al. (2025)).% At the same time, the auditor’s audit quality is shaped by the
strictness of the regulatory requirements. As absolute assurance is prohibitively costly and de facto
unachievable, auditing standards specify the auditor’s due professional care level that determines

a minimum threshold for compliance.

Hence, in this context we ask the following questions: How does Al shape the optimal audit effort
decision and how can standards be adjusted to account for AT use? We find that the choice between
two designs of such a standard, a minimum on total audit work versus a minimum on human work,

generates a regulatory trade-off. The first can erode audit quality through the auditor’s deskilling

!The prompt was posed in general terms without an accounting or auditing context specified, so the top-three
answers reflect a generic assessment of Al’s strengths.

2The authors calculate a 94 % probability for the job of an accountant or auditor to be computerizable, on one
level with industrial truck operators and waiters/waitresses.

3Gillespie et al. (2025) survey KPMG employees globally about AT use. 48% report that they personally ex-
perienced de-skilling. 60% reported that they relied on Al as a student instead of learning how to do the task
themselves.



once stringent, while the second constrains deskilling but limits how far AI’s benefits can be realized.

We develop a model, where an auditor is hired by a client to verify the financial statements. The
auditor can use what we label "human" effort and "AI" effort, which can be thought of as prompting
the inputs or analyzing the outputs of the Al tool. Al effort is less costly than human effort and
both contribute to detection. Similar to Gao and Zhang (2019), the auditor needs client-specific
expertise to evaluate the audit risk of the client. Both human and Al effort affect expertise building.
A limited use of Al frees time for human effort, which improves the client-specific expertise, but an
over-reliance on Al reduces the ability to gain knowledge and lowers the overall expertise. Next,
we consider an audit standard setter, such as the PCAOB, which implements a minimum level of
audit effort. We consider two types of audit standards, (i) a total-effort floor, which requires a
minimum amount of overall audit work regardless of whether it is performed by humans or Al, and
(ii) a human-effort floor, which specifically mandates a minimum level of human involvement. This
distinction is practically relevant as current auditing standards (e.g., Public Company Accounting
Oversight Board (2010)) prescribe procedures that implicitly require human judgment, but as Al
tools become more capable, regulators face the question of whether to measure compliance in terms
of total work performed or to explicitly protect the human component. In practice, a total-effort
standard would not (or only to a small extent) specify how Al relates to the audit process as
long as the overall principles of due-care are met. A human effort standard could add additional
requirements, such as minimum partner-level hours, a list of prohibited Al tasks, Al explainability
such as the disclosure of the used Al agents, prompts, outputs, and how these outputs were used in
terms of human checks. Compliance with these requirements can be checked in inspections based
on the documented audit evidence and audit process. In case of a misstated financial statement,
investors can sue the auditor for compensatory damage payments. Our analysis shows that the
choice between a total- and a human-effort standard has first-order consequences for Al adoption,

audit quality, and welfare.

We find that the choice of the regulatory instrument fundamentally determines how Al reshapes
audit outcomes. If held liable, the auditor’s litigation damage is only a fraction of total investments.
Thus, she internalizes only a share of the social audit failure cost. This gap between private and
social incentives is amplified by AI. Since Al effort is cheap, the auditor can satisfy regulatory
requirements at low cost, even when the resulting audit mix might be less effective at detecting
fraud. Under a total-effort standard, which does not distinguish between human and Al work,

the auditor responds to tighter regulation by substituting toward cheap AI effort. This drives



Al adoption well beyond the expertise-maximizing level, eroding audit quality through deskilling.
Strikingly, audit quality with Al can fall below the status quo without Al. Under a human-effort
standard, a minimum of human work is always preserved, which avoids deskilling. Thus, audit
quality is higher, but the full potential of Al rests underexploited, resulting in smaller welfare gains
and audit quality below its feasible maximum. Our analysis thus suggests that one should not

merely ask how much audit work to require, but what kind of work.

We contribute to analytical studies in auditing about the use of technology, an issue underrep-
resented in the extant literature (Ye (2023)). Cao et al. (2025) analyze the impact of federated
blockchains to verify transactions in audit networks. Hwang et al. (2025) study the incentives of
clients and their auditors to coordinate for mutually beneficial investments in technologies that
enhance audit quality.® Different to the focus in these studies, we emphasize the optimal use of
readily available Al as assisting technology tool and how audit standards would need to change to
adjust to the new work environment. Empirically, Law and Shen (2025) document that the use
of Al in audit offices increases the number of jobs and changes the demanded skills towards more
cognitive skills. In contrast, Fedyk et al. (2022) find that auditors are replaced by AI, but both
studies align in terms of their positive assessment of average short term audit outcomes, such as
an increase in measures for audit quality and a decrease in audit fees. Relatedly, Choi and Xie
(2026) provide early field evidence on the consequences of Al implementation. They document the
benefits of Al, i.e. productivity gains, and the risk of Al i.e. classification errors and overreliance
on machine outputs. These characteristics are in line with the assumptions of our model. Overall,
the authors find a higher financial reporting quality under the Al regime, but acknowledge that
the results are not causal due to the endogenous Al adoption choice and the omission of adoption
cost. Our model complements the findings by including these dimensions and demonstrating its
effect on output measures, namely audit quality and welfare. We show that the specifics of audit-
ing standards can influence the output measures and overreliance on Al can lead to a lower audit

quality as compared to a world without Al

We further contribute to the economics of standard setting in auditing. Dye (1993) shows that
an increase in the tightness of auditing standards does not necessarily improve the average audit
quality. The result is driven by low wealth auditors, whose cost of non-compliance decreases with a
tighter standard. Similarly, Ye and Simunic (2013) analyze the optimal design of the tightness and

vagueness of auditing standards. They show that the optimal standards should have no vagueness

4Whether the auditor possesses a high or low (unspecified) audit technology also plays a major role, e.g., in
Caskey and Laux (2017) and Kronenberger and Laux (2022).



if one can set the tightness of the standards optimally. However, vague standards can be optimal
otherwise. Most related to our paper, Gao and Zhang (2019) show that audit standards can
limit the use of expertise and cause a compliance culture, which reduces incentives to invest in
expertise building.” We extend their insights to expertise building in the presence of modern day
technology. Our central contribution to this literature is to identify a regulatory trade-off in which
Al-induced deskilling interacts with the regulatory instrument in a way which prior frameworks
cannot capture. In Gao and Zhang (2019), tighter standards crowd out expertise investment
by creating a compliance culture. In our setting, the crowding-out operates through technology
substitution, where a total-effort standard incentivizes the auditor to meet the floor with cheap
AT effort, which erodes the expertise needed to use judgment effectively. A human-effort standard
breaks this channel by requiring a minimum of human work. This preserves learning-by-doing,
which sustains expertise but underexploits the full potential of Al, resulting in smaller welfare

gains and audit quality below its feasible maximum.

Further results show that a change in litigation damages and baseline expertise interact with
the regulatory instrument in policy-relevant ways. Higher litigation increases Al adoption before
reaching the expertise-maximizing effort mix, but decreases it past the peak. Thus, litigation acts
as a self-correcting force on Al adoption, partially offsetting the over-adoption induced by stringent
total-effort requirements. The effect of baseline expertise is regime-dependent. More experienced
auditors invest less in Al as their expertise increases further. For less experienced auditors, the
reaction depends on litigation. In high litigation regimes, an increase in baseline expertise lowers

AT investment. In low litigation regimes, an increase in baseline expertise boosts Al investment.

2 Model

The model consists of two players, a representative auditor and a representative client firm. The
firm has access to an investment project that requires an initial investment I > 0. The project can
be good (success) or bad (failure), i € {G, B}. A good project generates return G > I, while a bad
project generates return B, which is normalized to zero. The prior probability that the project is
good is p € (0, 1), so the project’s net present value without any audit is Wy = pG — I > 0, and
the default decision is to invest. The auditor is thus hired to prevent investment into bad projects.

As in Schwartz (1997) or Laux and Newman (2010), the firm does not have private information

®Other studies in this field include Schwartz (1998), Ewert (1999), or Simunic et al. (2017).



about 7 and always sends the auditor a favorable report. The auditor performs an audit and issues
an audit report r € {g,b}, where r = g denotes an unqualified opinion, i.e. the firm’s favorable
report is accepted, and r = b denotes a qualified opinion, i.e. the firm’s favorable report is rejected.
The firm invests only if r = g.

Audit effort and costs. The auditor can supply audit effort through two technologies, human
effort and Al-supported effort if Al was adopted. Let g5 > 0 be human audit effort and g47 > 0

be Al audit effort. Total effort then is

q=qn+qar- (1)

We interpret one unit of g4; as one unit of Al-supported audit activity, which includes both
automated analysis and the auditor’s time spent interacting with Al tools (e.g., prompt design and
review of Al outputs).® Human and Al effort incur quadratic costs, Cj,(q) = %q%, Car(qar) =
CAI

qu‘ 7> with ¢, > car > 0, so Al effort is technologically cheaper at the margin than human effort.

We parameterize Al adoption by the Al share

R="Leo,1], 2)

q
so that g47 = Rq and ¢, = (1 — R)q whenever total effort ¢ > 0. Given R, total effort g translates
into the mixed cost parameter cog(R) = c,(1 — R)?2 4 carR?, so that the total effort cost can
be written as Ch(qn) + Car(qar) = %Ceff(R)q2. Because c¢;, > cay, the mixed cost parameter

Ch
cptcar’

cef(R) is strictly convex and U-shaped in R, with a unique cost-minimizing mix R¢S* =
This is the AI share that minimizes the marginal cost of an additional unit of total effort, absent
any other considerations. AI adoption itself requires an engagement-independent investment (e.g.,
integration into systems and training), summarized by a quadratic adoption cost Cr(R) = %RR2,
with cg > 0. The convexity of Cp reflects that deeper integration of Al into the audit process
requires progressively larger investments in infrastructure, training, and quality assurance.” We
assume a perfectly competitive market for audit services, such that the analysis can focus on the

auditor’s cost-minimizing behavior without modeling strategic fee-setting.®

5We later capture complementarity between human and AI work, as would arise from CES or Cobb-Douglas
aggregation at the production stage, through ¢(R) which scales how effective audit effort is at detection rather
than at the effort-aggregation stage. This preserves analytical tractability without losing the substantive interaction
between the two inputs.

"The corresponding investment in human capital, e.g. CPA training, supervised on-the-job learning, professional
education, is taken as predetermined and embedded in the baseline expertise e(0). Our model focuses on the
additional adoption of Al.

8This assumption is common in the analytical auditing literature, see, e.g., Dye (1993); Schwartz (1997).



Audit expertise. Engagement-specific expertise depends both on the auditor’s baseline expertise
and on the Al share used on the engagement. Let e(0) € (0,1) denote the auditor’s baseline
expertise in the absence of Al, for example, from CPA training and accumulated experience. Our
model reflects that using Al changes engagement-specific audit expertise e(R) in a non-linear way.
On the one hand, Al initially comes with efficiency gains in routine tasks but on the other hand, it
may come with a loss of expertise once the auditor lacks insights from routine tasks and over-relies
on Al. As a consequence, the auditor’s ability might be impaired, i.e., the performance of judgment
tasks that go beyond sample analysis and require profound knowledge of the client’s business. As
such, in our model low to moderate Al use frees human resources for higher-value judgment tasks
and can increase expertise, whereas high Al use leads to deskilling and reduces expertise. We model

this impact of Al on audit expertise via a logistic map to keep e(R) € [0, 1],

e(R) = 1+ exp(—g(R))’ )
with
g(R) = 10g<1i(220)) +aR — BR?, a>0,8>0. (4)

This specification has an intuitive decomposition. The first term is the logistic transformation of
the baseline expertise such that if R = 0, then expertise is €(0). The linear term «R captures
efficiency gains from introducing Al, while the quadratic term —3R? captures the deskilling effect
of excessive Al reliance. We also map audit expertise into the effectiveness of audit effort, which is

represented by

so that ¢(0) = 1, ¢(R) > 1 if moderate Al use raises expertise relative to the baseline level and
»(R) < 1 when high Al use leads to deskilling relative to the baseline level. Intuitively, ¢(R) later
scales how powerful one unit of effort is in reducing audit risk. Because the logistic transformation
of the expertise function is strictly increasing in g(R), the qualitative shape of e(R) is determined

by g(R). We provide more intuition for this in Definition 1 and Figure 1.

Definition 1. The function g(R) is concave, with first- and second-order derivative

dg(R)
OR

9*g(R)

Hence g(R), and therefore e(R) and ¢(R), attain a unique global mazimum at Rpear = 55 € (0,1).



For R < Rpeq, expertise is increasing in the Al share, 82(1];”) > 0 and for R > Rpeq, expertise is

decreasing in the Al share, % < 0. Ezxcessive Al adoption therefore leads to deskilling, captured

by a decline in e(R). Throughout the analysis we maintain the parameter restriction o < 2.

Intuitively, Rpcax describes the expertise-maximizing Al mix, as for R below this point, the infor-
mation gains from Al outweigh deskilling concerns, while beyond Rpeak, additional Al primarily
crowds out learning-by-doing and reduces expertise. The parameter restriction a@ < 25 ensures
that the expertise-maximizing Al share lies strictly inside the unit interval, such that the deskilling
region R > Rpeak is economically relevant. Figure 1 shows the expertise function for different values
of 3, i.e. different severity of deskilling.

Figure 1: Auditor expertise e(R) as a function of the Al share R.
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We set parameters to e(0) = 0.6, & = 2, Rpeax = a/20.

Our definition of deskilling as a function of the Al share R fundamentally captures the compo-
sition of work. This does not imply that an auditor, who audits with a certain level of ¢ before Al,
now adds Al to this level and suddenly experiences deskilling. In contrast, the use of Al substitutes
for human effort. For the same engagement, the total audit effort level required is still the same gq,
where a fraction of the human work is replaced by Al, ¢ = g5, +qas. As a result, the engagement can
be completed faster at lower marginal cost. However, as the human effort is reduced, information

necessary to apply judgment might be missing, leading to deskilling.

Information structure. The key informational friction in the model is that the auditor is un-
certain about the engagement’s inherent audit risk denoted by parameter v, where v is a random
variable over [0, 1] with mean 9. The cdf and pdf are F'(§) and f(%). In other words, the audit risk
may vary across engagements. In line with Gao and Zhang (2019), an auditor with more exper-
tise has a better ability in assessing uncertain audit risk, i.e., assessing the conditional probability

that the client’s report about the investment is misstated conditional on the project being bad.



Specifically, with Pr(7 = in) = e(R) the auditor with expertise e(R) is informed about audit risk
(7 =in) or uninformed about audit risk (7 = un) with probability 1 — e(R). The information set
Q.- reflects all the information and professional judgment available to the auditor. That the expert
auditor has better judgment about audit risk than her non-expert counterpart is captured by the
assumption that €2, is finer than €, in the Blackwell sense. As such, the posterior E[¥|(2;] is a
random variable with cdf F,(-) over [0,1].” This general Blackwell structure nests many specific
information technologies. For analytical tractability, we adopt the polar case in which the informed
auditor learns the risk realization perfectly, i.e., v ~ U[0, 1], while the uninformed auditor receives
no signal and the posterior is equal to the unconditional mean 7. Expectations taken before the

realization of the information state are therefore weighted by expertise as a probability e(R)

E[- | R] = e(R)E[- | informed] + (1 — e(R)) E[- | uninformed].

Audit technology and failure probability. We now specify how audit effort translates into
detection. In line with Dye (1993), a good project is never incorrectly rejected, so the audit
technology has no Type I error. The key margin is the probability of failing to detect a bad project
(Type II error), which depends on the engagement’s perceived misstatement risk E[¥|2;], total
audit effort ¢, and effort effectiveness ¢(R). Formally, conditional on the project state i € {G, B},
misstatement risk, and total effort with Al share R, the probability of a clean opinion on a good
project is Pr(r = g | i = G, ¢, R) = 1, and the probability of a clean opinion on a bad project is
Pr(r=g|i= B, E[JQ.],q,R) = E[J|Q] (1 — ¢(R) q). As such, issuing a clean opinion on a bad
project becomes less likely as effective effort ¢(R) ¢ increases. The product ¢(R)q combines the
quantity of work performed ¢ with the quality of that work ¢(R). When AT erodes expertise, so that
»(R) < 1, each unit of effort becomes less effective at detecting misstatements. This interaction
between effort quantity and effort quality is the channel through which deskilling affects audit
outcomes. Because ¢ € [0, 1] and ¢(R) is bounded, we restrict attention to parameter regions where
®(R)q € [0,1] so that the failure probability remains in [0,1]. Combining the prior probability of
a bad project, the engagement-level misstatement risk, and the detection technology, the ex-ante

audit risk, i.e., the probability that the auditor issues a clean opinion on a bad project, is

ARE[FQ],¢,R) = (1-p) - EFQ] - (1-¢(R)q). (5)

inherent risk & control risk detection risk

9Since Qi,, is finer than Qu,, the informed posterior is a mean-preserving spread of the uninformed posterior.
For example, if the expert’s judgment is perfect while the non-expert has no clue at all, then E[|Q;,] = ~, while
E[¥[Qun] = 0.



This expression mirrors the standard audit risk model AR = IR x CR x DR. Inherent and control
risk (1 —p)E[¥|Q;] reflect the prior probability of a bad project and the engagement’s misstatement
probability as assessed by the auditor given her information. Detection risk (1 — ¢(R)q) is the
probability that the auditor’s effective effort fails to uncover the misstatement, i.e., it falls in total
effort ¢ and in effort effectiveness ¢(R), and is thus the channel through which audit standards and
Al-induced deskilling affect audit outcomes. Ex-ante audit quality is then A = 1 — E[AR)], where

the expectation is taken over information states and engagement risk.

Audit standards. We consider two types of audit standards, (i) a total-effort floor @ € [0, 1],
requiring ¢ > @, and (ii) a human-effort floor @y € [0, 1], requiring g5, > Qp. Given Al share R,
the human-effort floor is equivalent to a minimum total effort ¢ > Qp/(1 — R) whenever R < 1.
The auditor always complies with the applicable standard, choosing a cost-minimizing effort level
subject to the relevant constraint. A regulator evaluates a given pair (¢, R) based on welfare, as
introduced in eq. (9) later. The distinction between the two standards is economically significant
because they constrain the auditor’s effort substitution margin differently. A total-effort floor Q
can be satisfied by any mix of human and Al effort, leaving the auditor free to meet the requirement
entirely with cheap Al work. A human-effort floor @y, by contrast, directly limits Al substitution
by requiring a minimum amount of human involvement. As we show later in the equilibrium
analysis, this difference has first-order consequences for equilibrium Al adoption, audit quality, and

welfare.

In practice, a total-effort standard would not (or only to a small extent) specify how Al relates
to the audit process as long as the overall principles of due-care are met. A human effort standard
could add additional requirements, such as minimum partner-level hours, a list of prohibited Al
tasks, Al explainability such as the disclosure of the used AI agents, prompts, outputs, and how
these outputs were used in terms of human checks. The compliance with these requirements can
be checked in inspections based on the documented audit evidence and audit process. In our main
analysis we assume perfect inspections. Section 4.1 discusses how relaxing this assumption impacts
the differential inspectability of total and human effort and how this shapes the effective stringency

of each instrument.

Litigation and damage payment. An undetected misstatement that causes investor losses
exposes the auditor to litigation. We assume that whenever an audit failure occurs, the auditor
faces litigation with probability w. The probability reflects that courts could still hold auditors

liable despite compliance with minimum effort levels. Then, the damage paid is D which is smaller



than the initial investment, D < I.

Payoffs and competitive fees. Given audit effort g, Al share R, and perceived engagement risk

E[7]€2;], the auditor’s and firm’s per-engagement payoffs are respectively

Ua=w—(1-p)E[FQ](1-q)7 D~ C(q), (6)

Up=p(G—1)—(1-p)EFIQ] (1 —q) (I - 7D) —w, (7)

where w is the audit fee, C(q) = 2cen(R)¢? is the effort cost. The auditor receives the fee, bears
expected litigation cost (1 —p) E[¥|Q2;] (1 — ¢)7D when held liable after an audit failure, and incurs
effort cost. The firm earns the net project value p(G — I), suffers the uncompensated portion of
the failure loss I — 7D per failure, and pays the fee. Under perfect competition the audit fee is bid

down to expected cost, driving auditor payoff to zero such that'?

Us=0 = w=(010-pEHQ](1-q)7D+C(q). (8)

Substituting (8) into (7), the litigation-recovery terms 7wD cancel between the firm’s direct loss and
the fee, yielding

Up=pG—I+(1-p)[1-E}Q](1—-q]I-C(q). (9)

Wo net audit benefit

Because the competitive fee absorbs the auditor’s expected litigation cost, the damage transfer
wD from auditor to investor is fully priced into the fee. Litigation is therefore purely redistributive
and drops out of total welfare, which equals Up (since Ug = 0). The social loss per audit failure is
simply I, and the regulator’s welfare evaluation depends only on the failure loss, effort costs, and

adoption costs, not on the damage payment D. The timeline is as presented in Figure 2.

Figure 2: Sequence of events.

t=0 t=1 t=2 t=3
} } } }
Auditor chooses an Al The firm hires auditor for The auditor chooses audit effort The firm invests I only if r =
share R = qqﬁ. audit fee @. q = qp + g4 subject to g. If projectis i = G, the firm

auditing standards. earns positive cash flows G. If
projectis i = B , the auditor
pays damage D to the firm with
probability .

Nature chooses the Auditor assesses audit risk
firm project type good and becomes informed The audited financial statement
Gorbad B with Prob e(R). isr € {g, b}

"“Note that the effort cost C(q) = 3ces(R) ¢” depends on the Al share through ceg(R). As such, the equilibrium
fee w varies with R where substitution toward cheaper Al effort lowers the cost component of the fee, partially offset
by changes in the litigation component through ¢(R).
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3 Analysis

3.1 Benchmark: Audits without AI

To isolate the role of Al, we begin with a benchmark in which the auditor has no access to Al
technology. The Al share is fixed at R = 0, so all effort is human, ¢, = ¢, effort effectiveness
is ¢(0) = 1, and there is no adoption cost. Stripping out these forces leaves a single distortion,
the gap between the auditor’s private damage exposure wDD and the full social loss I per audit
failure, which drives a misalignment between the auditor’s private and the socially optimal effort.
The benchmark isolates how this litigation gap, together with the tightness of the regulatory floor,
jointly determine effort, audit quality and welfare in the absence of any Al-induced deskilling, and

thus provides the reference point against which the introduction of Al is later evaluated.

At date 1, after the information state is realized, the auditor forms an engagement-specific assess-
ment of misstatement risk E[¥|Q2;] and chooses effort ¢(E[¥|2;]) subject to the regulatory floor
q(E[7|92:]) > Qp, to minimize her expected cost per engagement. This cost comprises two compo-
nents, the convex effort cost %th, and the expected damage payment (1 — p) E[¥|Q,] (1 — q) 7D.
The latter depends jointly on the probability of a bad project, the engagement’s misstatement risk,
and the audit failure probability 1 — ¢q. Effort reduces the probability of an audit failure, lowering
the auditor’s expected damage payment. Because she pays only D < I when held liable, while the
social loss per failure is I, her marginal private benefit of effort falls short of the marginal social
benefit. This D < I wedge is the sole source of misalignment between the auditor’s incentives and

those of a regulator in the benchmark. To isolate the role of the regulatory floor, consider first the

auditor’s unconstrained optimum. Setting the FOC of her cost with respect to ¢ to zero yields
(1 — p) E[’HQT] D

7 (EFIO-) = IR (10)

where the numerator captures the auditor’s marginal private benefit of effort, 7D, i.e., the reduction
in expected damage from lowering the failure probability. The unconstrained optimum ¢**(E[¥|€2])
is thus strictly increasing in E[§|€,], as a higher perceived misstatement risk raises the expected loss
from audit failure, so the auditor finds it privately optimal to work harder on riskier engagements
even without regulatory compulsion. Imposing the regulatory floor ), produces the constrained

effort choice

¢"(EF19Q7], Qn) = max{q™ (E[F|Q%]), Qn}, (11)
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which partitions the engagement pool into binding and slack regions. Because ¢**(E[¥|Q2;]) is

increasing in E[Y|Q;], there exists a unique risk threshold

cn Qn

@) = s, (12)

such that the floor binds if and only if E[¥|2;] < 7(Qp). On engagements below this threshold the
auditor is pushed up to the floor while above it, her unconstrained optimum already exceeds Qp,
and the standard is slack. The threshold 4(Q},) is increasing in @, because a tighter floor expands
the binding engagement pool, and decreasing in damage payment D, as a larger damage payment
raises the auditor’s unconstrained effort, reducing the set of engagements where the floor needs to

intervene.

Welfare and the optimal standard. Under the competitive fee condition, the audit fee absorbs
the auditor’s expected litigation cost, so the damage transfer 7D from auditor to investor is fully
priced into the fee and cancels from total welfare.!! Litigation is therefore purely redistributive

and the social loss per audit failure is simply I. Welfare as a function of the standard is therefore

W(Qn) = pG =1 +Eg[(1-p) (1 - BRI (1 - ¢ EFI).Q0) - L | - Ex[$ (0 €FI2).Qn)°], (13)

Wo prob. misstatement detected or absent loss averted effort cost

where F is the mixture distribution combining the informed state in which the auditor observes
the realization of the engagement’s risk perfectly with probability e(0), and the uninformed state
in which she must rely on the unconditional prior with probability 1 — e(0). Because the standard
is slack for E[¥|Q2;] > ¥(Qp), only the binding region {E[¥|2;] < 7(Qp)} contributes to the FOC
dW/dQp. In this region optimal effort equals the required floor, i.e., ¢* = @}, so the social loss per

failure is I. Differentiating (13) with respect to @, yields

aw

Bo= (-n1 [ BpeJRER) - n On F(3(Q1)- (14)

marginal effort cost on binding engagements

marginal social benefit on binding engagements

Each unit of additional mandated effort on a binding engagement reduces the probability of an
undetected misstatement, averting social loss I. Due to the quadratic effort cost and the linear
failure probability in effort ¢, welfare is strictly concave in @), so the first-order condition is

necessary and sufficient for a unique interior optimum.

See the "triangle effect" in Laux and Newman (2010).
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Lemma 1. In the benchmark without Al, there exists a unique welfare-mazimizing human-effort

standard Q7 (0) characterized by the equality

=%

1-p1I /0 BRI AEERIQ]) = on QL0) F(), (15)

where ¥* = W(Q;‘L(O)). The optimal standard Q3 (0) is increasing in the failure loss I, decreasing
in the marginal effort cost cp, decreasing in the prior probability p that the project is good, and

increasing in F' in the sense of first-order stochastic dominance.

The optimality condition in eq. (15) equates the aggregate marginal benefit of tighter regulation to
its aggregate marginal cost. The benefit is the expected reduction in social loss I across binding en-
gagements where the floor raises effort above the auditor’s unconstrained optimum. The cost is the
increase in effort expenditure across those same engagements. Because the competitive fee already
prices in the auditor’s litigation exposure, the damage payment D does not appear in the welfare
FOC. As such the regulator’s problem depends only on the gross failure loss I and the cost of effort.
A larger investment amount I raises the social loss per failure and pushes @} (0) upward. A larger
effort cost c¢p raises the marginal cost of mandated effort without affecting the benefit, pushing
Q7 (0) downward. A higher p shrinks the probability that a favorable opinion on a bad project
causes harm, reducing the benefit of tighter regulation. A first-order stochastic dominance shift
in the mixture distribution F' toward higher engagement risks increases f(? ’ E[#|Q,]dF (E[F|Q,])
for any threshold ¥, raising the failure-loss benefit and therefore @} (0). This benchmark estab-
lishes both the optimal regulatory target and the distortion the standard is correcting. When Al
becomes available, these two objects are no longer separable. Al changes the cost of compliance,
the effectiveness of effort, and the auditor’s response to the standard itself. The next subsection
introduces Al as an exogenous technology and traces through each of these channels before the

adoption decision is endogenized.

3.2 Audits with a Fixed AI Share

Before fully endogenizing the auditor’s Al adoption decision, it is useful to treat the Al share R as
exogenous and ask how its presence reshapes the auditor’s effort choice and the regulator’s optimal
standard. The value of this intermediate step lies in the clean decomposition it provides. With
R fixed, the two channels through which AI reshapes audit outcomes can be isolated in closed

form, (i) the cost channel, by which cheaper AT effort lowers the marginal cost of compliance, and
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(ii) the expertise channel, by which the AT share shifts effort effectiveness and the quality of risk
assessment. This allows us to abstract from the adoption distortion that arises once R is chosen
strategically in response to the standard.

At date 1, after the information state is realized, the auditor forms a posterior belief about
engagement-specific risk E[¥|€2;] and chooses total effort ¢ subject to the exogenously pre-committed
effort mix ga; = Rq and g, = (1 — R)q. For a given pair (R, E[¥|Q2;]), she minimizes

A4, R ELI0) = Seen(R) @ + (1~ p) B (1~ 6(R)q) wD, (16)

where cog(R) = (1 — R)? + casR? and ¢(R) = e(R)/e(0). Comparing (16) to the benchmark
cost, Al enters through two modifications. First, the cost curvature ceg(R) replaces cp, where any
interior mix with R > 0 lowers the marginal cost of supplying an additional unit of total effort
because car < ¢p. Second, the audit failure probability 1 — ¢(R)q replaces 1 — g, where effort
effectiveness ¢(R) scales how powerfully each unit of total effort reduces the probability of missing
a misstatement. For R < Rpeak, expertise is rising and ¢(R) > 1, so each unit of effort is more
effective than in the no-Al benchmark. For Ry < R < Rgesk expertise has passed its peak but
remains above the baseline e(0), so ¢(R) > 1 still. For R > Rqesk, deskilling in the strict sense
has set in, i.e., $(R) < 1, where each unit of effort accomplishes less than in the no-Al benchmark.

Minimizing (16) over effort ¢ > 0 yields the unique unconstrained optimum

(1 -p) E[F[Q] 7D ¢(R)
cet(R) '

7 (EFIQ] R) = (17)

The numerator once again captures the marginal private benefit of effort, 7D¢(R), the marginal
reduction in expected damage from lowering the audit failure probability, scaled by effectiveness. As
in the benchmark in the absence of Al, ¢**(E[¥|€2;], R) is strictly increasing in perceived engagement

risk E[¥]Q2,].

Lemma 2. Under a total-effort standard Q, the auditor’s constrained effort choice is

¢"(EF|Q], R, Q) = max{Q, ¢ (E[7|Q-], R) },

with a unique binding threshold ¥(Q) defined implicitly by ¢**(¥(Q), R) = Q. Under a human-effort

standard Qp, the constraint g, > @y, translates via q, = (1 — R)q into a total-effort requirement
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q > Qn/(1 = R), so the constrained choice becomes

¢ (E[FIQ-], R, Qn) = max{Qn/(1 — R), ¢ (E[7|Q-]. R)},

with binding threshold 4(Qp,) defined by ¢**(¥(Qn), R) = Qn/(1 — R).

Lemma 2 shows the first instance at which the two instruments diverge. A total-effort floor @) and
a human-effort floor Q, = (1 — R)@ impose the same total-effort requirement for a given R, but
only the human-effort floor has a requirement that tightens endogenously as R rises. We now derive
welfare-optimal standards under the fixed Al share R. As in the benchmark, the competitive fee
absorbs the auditor’s expected litigation cost, so damage payments cancel from total welfare and
the social loss per audit failure is I. With Al the audit failure probability is E[¥|Q:](1 — ¢(R)q).

Welfare for fixed R and total-effort standard @ is therefore

W(Q.R) =pG —1 +Eg [(1-p) (1 ~ERIQ] (1 6(R))) T — =50 g2]. (1)

Wo
where ¢* = ¢*(E[7|Q,], R, Q), F places probability 1—e(R) on the uninformed state E[F|Qyn] = 70
and probability e(R) on the informed state E[¥|Q;,] ~ F, and the adoption cost Cr(R) is omitted
as it is constant in () when R is exogenous. Because the standard is slack for E[¥|Q:] > 7r(Q),
only the binding region contributes to the FOC dW/dQ. In this region the optimal effort is equal

to the required floor, i.e., ¢* = @, so the social loss per failure is I. Differentiating (18) with respect

to @ yields

o = W-p oI [ TEEIQMFERR.) - cnlB)Q Fr(ir(@). (19)
0

R . - marginal effort cost
marginal social benefit, scaled by effort effectiveness

Comparing eq. (19) to the respective FOC in the benchmark in eq. (14), two differences emerge.
First, I is now scaled by effort effectiveness ¢(R) as each unit of mandated effort averts social
loss ¢(R) I rather than I, depending on where R sits relative to Rpeak and Rgesk. For R < Rgesk,
the benefit of tighter standards is amplified and for R > Rgeg, it is attenuated. Second, the cost
term carries ceg(R) rather than cp,, which makes compliance with the effort floor cheaper under Al.
The absence of D from the benefit coefficient follows from the competitive fee absorbing litigation
costs, as in the benchmark. Strict concavity of W(Q, R) in @ continues to hold, so the first-order

condition characterizes a unique optimum.
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Lemma 3. For a fized Al share R € [0,1), the unique welfare-mazimizing total-effort standard

Q*(R) satisfies the following equality
TR -
(1= 6(R)1 [ " BRIRIAFERI) = e R) Q' (R) Pai). (20)
where ¥ = '_yR(Q*(R)) and the unique welfare-maximizing human-effort standard is
Qn(R) = (1 - R)Q*(R). (21)

Lemma 3 shows that the optimality condition in eq. (20) has the same structure as the benchmark
condition in eq. (15), with two modifications. The benefit side carries ¢(R) scaling the social loss I,
and the cost side uses ce(R) reflecting the cheaper Al-assisted effort. The human-effort standard
Q5 (R) = (1 = R)Q*(R) expresses the total-effort requirement in human-work units. Setting R = 0
in (20) recovers the benchmark optimum from Lemma 1, since ¢(0) = 1 and cex(0) = ¢p,. Thus, the
adoption of Al influences the benefits and the cost of a tighter effort standard. First, Al lowers the
marginal cost of compliance as Al-assisted effort is cheaper, ceg(R) < ¢p. As such, the regulator
can mandate a higher audit effort level all else equal.

Second, Al affects the benefits of tighter audit standards, depending on the degree of Al adop-
tion. For R < Rgesk and ¢(R) > 1 the benefit of tighter standards is amplified because each unit
of effort is more effective at detecting misstatements. Al also impacts the information available
to the auditor. A higher level of expertise e(R), as a consequence of the freed up capacity by Al,
raises the probability that the auditor receives an informative signal about engagement-specific
risk, so a larger share of binding engagements is selected on the basis of posterior risk assessments
rather than the unconditional prior 7. The integral f(jR E7|Q,] dF(E[7]Q,]) then aggregates the
marginal benefit across engagements whose risk has been more sharply identified, so mandated
effort is directed where its social return is highest. Together, the effectiveness and information
channels amplify the benefit of tighter standards. In contrast, for R > Rgesk and ¢(R) < 1 the
benefit is attenuated, as effort is less effective and less targeted due to the lack of expertise induced
by deskilling. These effects work against the cost channel.

For the human-effort standard, Q; (R) = (1—R)Q*(R) carries the additional factor (1-R) < 1.
Because Al now performs a share R of the work that previously had to be done by humans, less
human effort is needed to achieve the same total audit output. Even when the cost and effectiveness

channels push the optimal floor @*(R) above its benchmark level, the optimal human-effort floor
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Q7 (R) can therefore lie below @7 (0) for intermediate values of R. This comparison proves essential

in the next subsection, where R is endogenized.

3.3 Endogenous AI Adoption

We now close the model with Al adoption itself as an endogenous choice of the auditor. This final
step introduces the adoption friction. When the auditor selects R in response to the regulatory
standard, the standard no longer merely constrains effort but also shapes the composition of that
effort by changing the marginal value of substituting toward AI. Whether this feedback raises or
lowers audit quality and welfare as compared to a world without AI depends critically on which
instrument the regulator uses. This subsection characterizes the equilibrium along three dimensions

of interest: the AI share R*, audit quality A, and social welfare W.

Optimal AI share. At date 0, before the engagement’s risk is realized, the auditor anticipates
the date-1 audit effort policy ¢*(E[¥|2;], R, @) derived in Section 3.2 and the mixture distribution
Fg that governs engagement-specific risk assessments at expertise level e(R). Taking both as

functions of R, she chooses the Al share to minimize total expected cost per engagement,

R(Q) € arg min By [04(q (BB Q), R.EFION) | + Cr(R), (22)

)

C

where Cr(R) = TRRQ is the Al adoption cost incurred at date 0. The same problem applies under
a human-effort standard @, replacing ¢*(E[¥|Q2,], R, Q) with ¢*(E[¥|Q;], R, @p) throughout. In
equilibrium, any AI share that fails to minimize expected cost would require a higher fee than a
cost-minimizing rival and would therefore not be chosen. The adoption problem in eq. (22) embeds
the date-1 best response ¢*(E[¥|2;], R, @), which depends on R through both ceg(R) and ¢(R),
and the distribution Fg, which depends on R through e(R). We now establish that the optimal Al

share R*(Q) is well-defined, interior, and characterized by a first-order condition.

Lemma 4. The adoption objective J(R) = Ep [AE[Y|Q/], R, Q)|+ER?, where A(E[7|Q], R, Q) =
CAq*(E[7|Q], R, Q), R, E[|Q;]) denotes the minimized per-engagement cost, is continuously dif-
ferentiable in R on (0,1). Provided adoption costs rise fast enough with R to offset the non-convexity
introduced by the hump-shaped expertise function, formally

62

cr > = min o Ep [AEBFIQ], R, Q) (23)
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J(R) is strictly convex, and the optimal R*(Q) is unique, interior, and characterized by

YRV E [q%] = (1—p)wD ¢/ (R)E, [EFIQ] 0] + ¢/ (R) AMR. Q)+ cgR =0, (24)
—_—— ~—
cost-substitution effectiveness information adoption cost

where AN(R, Q) = Erp[AE[F|Q;], R, Q)] — Ao, R, Q) is the informed-minus-uninformed gap in
per-engagement cost. The derivation, including explicit expressions for c;ﬁ(R), ¢ (R), and €' (R),

is provided in Appendiz A.7.

Each term in the FOC presented in eq. (24) corresponds to a distinct economic force. The cost-
substitution term is negative for R below the pure cost-minimizing mix and positive beyond it
as shifting toward Al reduces total cost curvature and raises it thereafter. The effectiveness term
is positive for R < Rpeak where ¢'(R) > 0, where each unit of effort becomes more effective as
expertise rises, and negative for R > Rpeax Where ¢/(R) < 0 and deskilling erodes the detection
value of effort. The information term captures how shifting R changes the expertise-weighted
mixture distribution. When €’(R) > 0, more probability mass shifts to the informed state where
the auditor observes E[¥|Q;,] ~ F. The difference in the auditor’s minimized per engagement cost
between the informed and uninformed state is negative, AA < 0, because informed auditors target
effort more precisely and incur lower expected costs. The unique equilibrium Al share R*(Q) is

the interior point at which these forces balance.

We now ask how R*(Q) responds to tighter total-effort floors. A tighter standard @ expands
the binding region {E[7|Q2;] < Jr(Q)} on which the auditor must supply a minimum of @ units
of total effort regardless of the engagement’s risk profile. On those engagements the only cost-
reduction lever is to shift the fixed total effort toward cheaper Al raising the marginal value of
adoption and making the floor and the Al share strategic complements. To formalize this, let
J(R) = EﬁR[A(E[’ﬂQT], R,Q)] 4+ 1crR? denote the auditor’s total expected cost as a function of
the Al share. Since R*(Q) minimizes J(R), applying the implicit function theorem to the adoption
FOC in eq. (24) yields

aQ ~  RJJOR®

dR*  9°J/OROQ

(25)

where the denominator is positive by strict convexity, so the sign of dR*/d(Q equals the sign of
—92J/OROQ. On the slack region {E[J|Q,] > Jr(Q)}, effort does not depend on the floor @ and

the cross-partial is zero by the envelope theorem. Only the binding region contributes, where the
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optimal audit effort ¢* = @ and the cross-partial reduces to

0%J

siag — S RQFHIRQ) ~ (1= xD () [ ERI0JAFERIRD. (20

The first term captures how a tighter floor amplifies the cost-substitution motive for Al adoption.
On binding engagements the auditor must supply exactly ) units of effort, and the cost of doing so
is governed by ceg(R). A marginal increase in @) raises this cost on all binding engagements and the
sensitivity of that cost to the AI share is cg(R). When the auditor sits below the cost-minimizing
share R, the cost curvature is still declining in Al share R as chg < 0. So tightening the floor
makes Al adoption more attractive. The second term captures the effectiveness of audit effort.
A marginal increase in () also changes the social benefit of audit effort on binding engagements,
and the sensitivity of that benefit to R runs through ¢'(R), the rate at which effort effectiveness
changes with the AI share. When the auditor is below Rpeak, expertise is still rising (¢" > 0), so

this term enters with negative sign.

Total-effort floors and Al adoption reinforce each other. As the floor tightens, a larger share of
engagements becomes binding, and on each binding engagement the only lever for lowering the
cost of mandated effort is to substitute toward cheaper Al. A standard meant to raise audit work

therefore also shifts the composition of that work toward machines.

Proposition 1. Under the conditions laid out in Lemma /, the equilibrium Al share R*(Q) is

continuously differentiable in QQ, with

dR* __ c(R)QFr(R) — (1= p) 7D ¢/ (") Jo" B3O ]dF (E[7104])

dQ 9%2J|OR?

|p=r-

For R* < min(R%, Ryear), both terms in the numerator are negative, so dR*/dQ > 0, meaning that
tighter total-effort standards induce strictly greater Al adoption. For R* > Ryeqk, the effectiveness
term reverses sign and the comparative static is ambiguous, but dR*/dQ > 0 continues to hold

whenever the cost channel dominates.
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3.4 Comparing regulatory instruments
3.4.1 Implications for AI adoption

When we compare the two regulatory instruments, a total effort standard or a human effort stan-
dard, there is an important structural difference. A total-effort floor @) is independent of who
performs the work, while a human-effort floor @)}, depends on the auditor’s Al share through
gn, = (1 — R)q. This creates two consequences. First, a unit-conversion effect, i.e., implementing
the same total work as in the no-Al benchmark requires a human-effort floor of (1 — R) times
the total-effort benchmark. Second, a conservative-adoption effect, since the human-effort floor
transforms into the total-effort requirement ¢ > @, /(1 — R), any increase in R the auditor contem-
plates at date 0 tightens the constraint she faces at date 1. This creates a self-limiting force on Al
adoption absent from the total-effort standard.

At low values of )y, the floor is non-binding for most engagements and the auditor’s Al share
equals the unregulated optimum. However, as @)y rises and the floor begins to bind, Al adoption
is penalized. Each additional unit of R amplifies the total-effort requirement, raising compliance
costs rather than reducing them. As @), rises, R;(Qp) continues to increase across the full range
Qn € [0,1], but remains strictly bounded below the expertise-maximizing share Rpeax. However,
this effect keeps Al adoption sufficiently costly such that the auditor never reaches the deskilling
region, even as the floor tightens to its maximum. On the downside, the auditor also never reaches
the full expertise-maximizing Al share Rpeak. Thus, the human-effort floor imposes an efficiency
cost that goes beyond preventing deskilling as it also prevents the auditor from fully exploiting the
beneficial region R < Rpea where Al enhances expertise. This cost is the price of the self-limiting

property that makes human-effort floors effective at curbing deskilling.

Proposition 2. Under the conditions of Lemma 4, there exists a threshold Q;’f”d € [0,1) such that

the equilibrium Al share Ry (Qp) under a human-effort floor satisfies:

(i) Non-binding interval. R;(Qn) = 0 for all Q; € [0,Q%"Y and R} (Qn) > 0 for Q) €
(@Qpm,1].

*

(ii) Comparative static and monotonicity. On the binding region (Q%"4, 1], R} is contin-
uously differentiable, with dRj /dQy given by the implicit function theorem applied to (24).

The derivative is strictly positive whenever

~h

(L =p)aD [¢(R}) + (1 — Ry) ¢/ (Ry)] /07 EFQ]dFr > 2car R Q Fr(3"),  (C1)
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where Q = Qu/(1 — RE) and 3" = YR; (Q). Combined with (i), R is weakly monotone on

0,1] whenever (C1) holds throughout (QU™, 1].
[ g h

(iii) Strict boundedness below Rpear. R} (Qn) < Rpeak = a/(28) for every Qp, € [0, 1], provided

(1 —p)? ¢(Rpear)* T D*E

Fg

[E[F192:]]* < 4earcr Ryeqr (1 — Rpear)- (C2)

peak

The full cross-partial expression and derivation are provided in Appendiz A.10.

Proposition 2 exploits the fact that under the human-effort standard the auditor’s date-0 adoption
problem is isomorphic to the total-effort problem at an effective total-floor Q(R, Qp) = Qp/(1—R).
Thus, the binding thresholds coincide and the per-engagement cost A agrees on each region. The
human-floor adoption FOC therefore equals the total-floor FOC (24) evaluated at Q = Q, plus
the contribution of the conservative-adoption effect that captures how a marginal increase in R
tightens the total-effort requirement ¢ > Qp/(1 — R). Two sufficient conditions, labeled (C1)
and (C2), pin down strict monotonicity on the binding region and strict boundedness below Rpeak,
respectively. Condition (C2) is substantive and holds strictly for low damage payments but fails
for large damage payments, where the cost-substitution motive becomes strong enough to push the

auditor’s equilibrium AI adoption toward the deskilling region R > Rpcak-

Figure 3 visualizes Propositions 1 and 2. The left panel plots R*(Q) (solid blue) as a function
of the total-effort floor. At Q = 0, the auditor’s unregulated AI share is zero. Absent a binding
floor, the cost savings from Al adoption are too small to justify the adoption cost and the effort
effectiveness loss, so the auditor relies entirely on human effort. As @ rises, the floor begins to
bind on a growing share of engagements and R*(Q) increases. On binding engagements the auditor
must supply a minimum of ) units of effort regardless of the engagement’s risk, and the only lever
for reducing the cost of this mandated effort is to shift toward cheaper AI. Beyond this transition,
tighter regulation and Al adoption are self-reinforcing: each increment in ) enlarges the binding
pool, raises the marginal value of cheap Al effort, and increases R*, which in turn pushes the
auditor deeper into the deskilling region where effort effectiveness ¢(R) is declining. At Q = 1, the
equilibrium AI share reaches its maximum far above both Rjcax and the deskilling threshold, in a
region where expertise has deteriorated significantly. The right panel plots R; (Q) as a function
of the human-effort floor. On the non-binding interval the auditor’s Al share is zero, once the
floor binds, R} rises but remains strictly bounded below Rpcax across the full range. Al adoption
remains sufficiently costly that the auditor never reaches the deskilling region, even as the floor

tightens to its maximum.
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Figure 3: Equilibrium AI adoption under effort floors.

Al share — Total-effort floor

— R*(Q)
Rpcax =0,25
—- BRV
/7

—.7

m—

0.0 0.2

0.4 0.6
Total-effort floor @

0.8

(Qn)

0.25 1

0.20

0.15 A

0.05 1

0.00 A

Al share — Human-effort floor

0.0 0.2 0.4 0.6
Human-effort floor Qp

0.8

10

Left: equilibrium AI share R*(Q) as a function of the total-effort floor Q). Right: equilibrium AI share R} (Qr) as a
function of the human-effort floor Q). Twin axes show effort effectiveness ¢(R*) and ¢(R},); the dashed horizontal
line marks the expertise-maximizing share Rpcax. We set parameters such that p =0.6, I =1, v =0.35, cp, =1,
car =02,¢e(0)=06,r=1,a=2,8=4,cr=02,D =0.1.

3.4.2 Implications for audit quality

A further implication of Proposition 2 is that regulating human effort alone raises total effort. We
now formalize how audit quality is affected by the tightening of audit standards in a context of

endogenous Al shares. Define ex-ante audit quality under a total-effort floor Q) as
A@) =1- (1-p)E[EFI] (1 - 6(R*(Q)) ¢" BFIN], R'(Q), Q)] 27)

where the expectation integrates over both the informed and uninformed states, weighting the

informed state by expertise e(R*(Q)). Differentiating with respect to total effort floor @ yields

dA_ DA 0A| dR'(Q) .
Q- 90lr T oRlg T dQ -
SN—— —
direct binding adoption feedback
effect>0

The direct binding effect 0.4/0Q|r > 0 is unambiguously positive. Holding R fixed, a tighter
floor raises effort on binding engagements and reduces the audit failure probability E[¥|Q2,](1 —
#(R)q) by E[¥]Q-]¢(R) per engagement. The adoption feedback (0.A/0R|q)(dR*(Q)/dQ) has
an ambiguous sign depending on where R*(Q) sits relative to Rpecak. For R < Rpeak, higher
expertise sharpens risk targeting and both forces of the adoption feedback reinforce the direct
binding effect. For R > Rpeax, deskilling worsens risk targeting, shifts more engagements toward
the uninformed state, and raises the expected miss probability. When this feedback is large enough
to dominate the direct binding effect, which occurs at high values of @ once R*(Q) has moved deep

into the deskilling region, the audit quality effect of tightening the standard turns negative and the
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benchmark eventually overtakes the Al world’s audit quality level.

Proposition 3. (Audit quality under human-effort floors.) Under the conditions of Propo-
sition 2 and the mild structural condition Rpeqr < 2R% the audit quality under a human-effort

floor weakly exceeds the no-Al benchmark:

AM(Qr) > Apenen(Qn)  for every Qp, € [0, 1], (29)

with strict inequality on the binding region (Q;’f”d, 1]. Here Apencn(Qpr) is the audit quality from
Section 3.1 evaluated at floor Qp, (i.e., under R = 0, ¢(0) = 1, and ¢ = q1,), and AM(Qy) is
the equilibrium audit quality of Section 3.3 under a human-effort floor with adoption R} (Qn). The

derivation is in Appendix A.11.

The same force that sustains Proposition 3 has a counterpart. Proposition 2(iii) pins R; strictly
below Rpeak, so the auditor never reaches the region where Al is most cost-effective and most
expertise-enhancing. The full potential of Al thus remains underexploited, resulting in smaller
welfare gains and audit quality below its feasible maximum. The human-effort floor preserves

quality by foregoing resources that Al could otherwise free up.

By contrast under a total-effort floor as Figure 3 showed, the complementarity between regulation
and adoption eventually undermines audit quality. As the floor tightens, the auditor shifts further
toward Al and enters the deskilling region, where each additional unit of effort is less effective
at detecting misstatements than in the no-Al benchmark. When the loss of detection power out-
weighs the direct gain from higher mandated effort, audit quality falls below the benchmark level.

Proposition 4 formalizes this result.

Proposition 4. (Audit quality crossover under total-effort floors.) Under the conditions

of Lemma /, the baseline-corner property R*(0) = 0, and the two substantive conditions
R*(l) > Rdesk; (C3)

Fmax (1 = p)mD < min{ cn, ceﬁ(R*(l))} , (C4)

P(R*(1))
there exists a threshold QIUity ¢ [0,1) such that the equilibrium audit quality under a total-effort

floor lies strictly below the no-Al benchmark:

AQ) < Apencn(Q)  for every Q € (Q™,1). (30)
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Here A(Q) is the equilibrium audit quality of Section 3.3 under a total-effort floor with adoption
R*(Q), and Apench(Q) is the audit quality from Section 3.1 evaluated at floor Q (i.e., under R =0,

»(0) =1, and q = qn). The derivation is in Appendiz A.12.

Condition (C3) asserts that equilibrium adoption at the maximum total-effort floor lies strictly
beyond the deskilling threshold Rges. Condition (C4) is a mild saturation condition: at the

maximum floor () = 1, the floor binds on every engagement in both worlds.

Figure 4 visualizes Propositions 3 and 4. The left panel reveals that welfare dominance for
tighter standards does not necessarily extend to audit quality under a total-effort floor. At Q) = 0,
the ATl world (solid blue) and no-AI benchmark (dashed orange) coincide because the auditor adopts
no Al when the floor is non-binding. As @ rises from zero, both quality curves increase, but the
AT curve initially rises more steeply: without the deskilling feedback, each increment in the floor
translates directly into higher detection probability at the full effectiveness ¢ = 1. In the Al world,
the rising R*(Q) then progressively erodes ¢(R*(Q)) as the auditor moves deeper into the deskilling
region, so the quality gain per unit of additional mandated effort is attenuated. The benchmark
audit quality overtakes the AI world at an intermediate threshold: even moderate Al adoption
pushes the auditor past Rpeak and into the deskilling region, so that effort effectiveness begins to
deteriorate before the cost savings from AI have had much chance to accumulate. The right panel
delivers the sharpest contrast: audit quality A®M (Qn) in the AT world (solid blue) lies strictly above
the no-Al benchmark (dashed orange) at every value of Q5. Two reinforcing mechanisms drive this
result. First, the bounded R} (Q4), which stays strictly below Rpeak, keeps effort effectiveness ¢(R;)
close to or above its baseline value throughout, so each unit of effort retains larger detection power
than under a total-effort floor. Second, the denominator amplification means the auditor supplies
total effort @5/(1 — R;}), which exceeds @, as the Al component provides additional detection
capacity at low marginal cost on top of the mandated human component. The deskilling feedback
that drives the crossover in the left panel is never triggered. A regulator focused solely on quality
metrics would conclude that Al is harmful under moderate and high binding total-effort floors, while
a welfare-minded regulator would recognize that the cost savings from AI dominate even as quality
deteriorates: welfare and audit quality point in opposite directions under total-effort regulation,
while under human-effort regulation the regulator faces no such tension at stringent standards but

underexploits Al resource savings and thus forgoes potential welfare and audit quality gains.
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Left: audit quality A(Q) in the AT world (solid) and the no-AI benchmark Apencn(Q) (dashed). Right: A™ (Qy)
versus A{)ZLCh(Qh). We set parameters such that p = 0.6, I =1, v0 = 0.35, ¢, = 1, car = 0.2, ¢(0) = 0.6, 7 = 1,
a=2,6=4,cr=0.2, D=0.1. Same calibration as Figure 3.

3.4.3 Implications for welfare

We now turn to the welfare comparison. Total welfare as a function of the effort floor is defined as

W(Q) =W (Q,R*(Q) — Cr(R*(Q)), (31)

where W(Q, R) is the fixed-R welfare from (18), which already embeds Wy, and Cr(R*(Q)) is the

adoption cost subtracted as a real resource expenditure. Differentiating yields

daw dRr*(Q)
o .

ow ow
( iQ

90 |r IR o
N——
direct binding effect

- CHR'(Q))

~
adoption wedge

(32)

The first term is the direct binding effect from eq. (19). The second is the adoption wedge,
where OW/OR|q — Cr(R*(Q)) measures the net social value of a marginal increase in AT adoption,
combining welfare effects of changing ceg(R) and e(R) with the direct adoption cost cgR*. When
the optimal share R*(Q) lies in the deskilling region, OW/OR|q is negative and the adoption wedge
is negative overall as further tightening the floor induces more Al adoption, raises adoption costs,
erodes expertise, and increases failure losses, partially or fully offsetting the direct binding effect.
The auditor’s adoption choice minimizes her own cost, but welfare depends on social cost,
which exceeds private cost whenever an audit failure harms third parties. The two differ by a
wedge that scales with the audit-quality gap between the AI world and the benchmark. When
quality improves, welfare improves by more than the auditor’s own savings, and when quality

deteriorates, the wedge works against welfare and the auditor’s cost savings must be large enough

to compensate. Proposition 5 formalizes the results plotted in Figure 5.
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Proposition 5. (Welfare dominance.)

(a) Total-effort floor. Under the conditions of Lemma j together with R*(0) =0,

W(Q) > Whenen(Q)  for every Q € [0, QU), (33)

with strict inequality on (QY™?, Q] If conditions (C3) and (C4) hold and

cn — ce(R7(1))
2

> (L=p)y0 (1-6(R (W) I + TR (C5)

then there exists Q¢ € [Q* 1) such that W(Q) > Wienen(Q) for every Q € [Q¥¢, 1],

with strict inequality on (Q¥¢, 1].

(b) Human-effort floor. Under the conditions of Proposition 3, wh (Qnr) = Wienen(Qp) for

every Qp, € [0, 1], with strict inequality on ( zmd, 1].

The derivation is in Appendiz A.15.

The asymmetry between parts (a) and (b) reflects the same economic mechanism that drives
Propositions 3 and 4. Under the human-effort floor, the conservative-adoption effect caps R} strictly
below Rpeak, so audit quality is preserved and welfare dominance follows on every engagement at
every floor level. Under the total-effort floor, equilibrium adoption can move into the deskilling
region where audit quality drops below the benchmark and welfare dominance then requires that the
cost savings on binding engagements exceed the deskilling-induced detection loss plus the adoption
cost. Condition (C5) is precisely this comparison, evaluated at the maximum floor @ = 1 where
the binding pool covers every engagement under (C4). Corollary 1 establishes the ordering of the
welfare gap between the no-Al benchmark and the Al world across both the total effort floor and

the human effort floor.

Corollary 1. (Welfare-gap ordering across instruments — baseline observation.) At
the baseline calibration of Figure 5, the welfare gain of the AI world over the no-Al benchmark is
strictly larger under the total-effort floor than under the human-effort floor at every common floor

level Q = Qp, on which both gaps are positive:

W(Q) - Wbench(Q) > W(h) (Q) - Wbench(@) at every Q = Qh > maX{de’ szd )

with the gap widening as the floor tightens.
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Figure 5 visualizes Proposition 5 and Corollary 1. The left panel plots expected welfare under a
total-effort floor. At @ = 0 the two worlds coincide at the margin, and the small welfare gap at low
@ reflects the region where the Al world adopts a positive share and incurs adoption cost C'r(R*)
before real cost savings materialize. As @ rises, the benchmark welfare drops steeply because
mandated effort is expensive at the full human cost ¢, and the quadratic effort cost grows rapidly
on binding engagements, while the Al world’s welfare declines more gradually because compliance
costs grow at the lower rate ceg(R*) < ¢. The two lines separate early and the gap widens as @
increases, revealing that even modest regulatory pressure suffices to make Al cost-effective: once
the floor begins to bind, cheaper Al-assisted effort generates cost savings that quickly compensate
for the adoption cost. The right panel plots welfare under a human-effort floor. As under the total-
effort floor, the two worlds coincide for low @y, and both curves decline as the floor tightens, with
the benchmark dropping more steeply for the same reason. The Al world’s welfare declines more
gradually because the auditor retains access to cheaper Al-assisted effort, and the conservative-
adoption effect of Proposition 2 simultaneously limits R}, which contains the adoption cost and
keeps effort effectiveness closer to its peak. Comparing the two panels, the total-effort floor sustains
the larger welfare gain because it allows the auditor to reach and surpass Rpeak, fully exploiting the
expertise-enhancing potential of Al, whereas the conservative-adoption penalty under the human-
effort floor caps the beneficial Al share. The widening gap between the two regimes is the visual

content of Corollary 1.

Figure 5: Expected welfare under effort floors.
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Left: expected welfare W(Q) in the AI world (solid) and the no-AI benchmark Whenen (@) (dashed) as functions of
the total-effort floor Q. Right: W(h)(Qh) versus Wé:r)mh(Qh) as functions of the human-effort floor Q. We set
parameters such that p = 0.6, I =1, 70 = 0.35, ¢, =1, car = 0.2,€(0) = 0.6, =1, a =2, 8 =4, cg = 0.2,

D = 0.1. Same calibration as Figure 3.
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Taken together, the comparison reveals a trade-off that is relevant for the current policy debate.
Total-effort floors allow the auditor to reach the expertise-maximizing Al share Rpeax and beyond,
fully exploiting the upside potential of Al while still setting a quality floor, but at the cost of
enabling over-adoption and deskilling when the floor is stringent. Human-effort floors eliminate
the deskilling risk and preserve a quality advantage at every level of the standard, but they do so
by capping the Al share well below Rpeax, thereby sacrificing the region where AI most improves
audit effectiveness. Regulators choosing human-effort floors should therefore be aware that they

are not merely preventing downside risk but also limiting the upside potential of Al adoption.

3.5 Comparative Statics

The preceding analysis established that tighter effort floors induce greater Al adoption and traced
the resulting effects on audit quality and welfare. We now ask how the level of equilibrium Al
adoption responds to two parameters that are central to the liability regime and to the auditor’s
expertise: the damage payment D and the baseline expertise e(0). Both comparative statics
follow from the same implicit function theorem argument as Proposition 1, applied to the adoption

FOC (24) with D or e(0) as the varying parameter.

Corollary 2. Under the conditions of Lemma 4 with R* < Rst:

(i) Damages and AI adoption. If R* < Rpeq, then dR*/dD > 0, i.e. higher damages induce
strictly greater Al adoption. If R* > Rpeqr, then dR*/dD < 0 provided the binding-region
effect dominates the slack-region effect; this dominance condition is automatically satisfied

when the slack region is empty, which holds under the baseline calibration with D = 0.1.

(ii) Baseline expertise and AI adoption. Suppose R* < Ryear. Ife(R*) > 3, then dR*/de(0) <
0 provided the effectiveness channel dominates the information channel. If e(R*) < %, the
sign is negative (substitution) when the effectiveness-to-information ratio exceeds the logistic-
curvature term at e(R*), and positive (complementarity) when the inequality is reversed.
When R* > Ryear, the effectiveness channel reverses sign and the comparative static admits

an analogous regime classification in e(R*).

The dominance conditions and the explicit effectiveness-to-information ratio are stated in Ap-

pendiz A.16.
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From a policy perspective, Corollary 2 reveals an interaction between liability policy, regulatory
instrument choice, and the auditor’s position in the adoption space. Strengthening the litigation
regime (raising D) encourages Al adoption below Rpeax and, when the binding-region effect domi-
nates, discourages it above Rpeqk, so damages act as a self-correcting force that pushes the auditor
toward the expertise-maximizing mix. Whether the self-correction is socially desirable depends on
the regulatory instrument in place. Under human-effort floors, where the conservative-adoption
effect prevents over-adoption, higher damages steer the auditor toward a more effective technology
mix and improve both welfare and quality. Under total-effort floors, where adoption is already
excessive at stringent standards, the self-correcting force from part (i)(b) partially counteracts the

over-adoption tendency, though the net effect depends on the auditor’s distance from Rpea.

Part (ii) reveals that the interaction between baseline expertise and Al adoption is governed by
the effectiveness-to-information ratio (A.36). Experienced auditors (e > 1/2) substitute away from
Al as their expertise rises, because both the effectiveness and information channels reinforce substi-
tution. Less experienced auditors (e < 1/2) exhibit substitution or complementarity depending on
the liability environment. In high-liability regimes (large D, small |AA]), the effectiveness channel
dominates and substitution persists, while in low-liability regimes (small D, large |AA|), the infor-
mation channel dominates and complementarity emerges. In the deskilling region (R* > Rpeak), for
moderately skilled auditors (e(R*) > 1/2) higher baseline expertise increases Al adoption, because
it dampens both the deskilling penalty and the information sensitivity to R. Investments in audi-
tor training therefore have regime-dependent effects whose direction is pinned down by (A.36): for
already-skilled auditors they moderate Al adoption, while for less-skilled auditors in low-liability

environments they may accelerate it.

4 Discussion

4.1 Imperfect Inspection

The analysis so far assumes that the auditor always complies with the applicable floor. In practice,
the regulator inspects only a fraction of engagements, so compliance incentives depend jointly on
the floor and on the intensity of inspection.

Suppose the regulator inspects any given engagement with probability f € [0,1]. If an in-
spected engagement is found to violate the applicable floor, the auditor pays a penalty Z, drawn

independently across engagements from a uniform distribution on [0, z] with Z > 0. Penalty het-
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erogeneity captures the fact that sanctions depend on engagement-specific factors like severity,
prior history, and publicity, that are not contracted upon in advance. The auditor learns her re-
alization of & at the time of effort choice but after the fee has been set, so the fee reflects only
the expected penalty, not its realization. In this environment the auditor’s compliance decision
reduces to a comparison between the cost savings from under-compliance and the expected penalty
f - E[Z | violation detected]. Because & is uniform, a threshold in penalty realizations separates
engagements on which the auditor complies from those on which she does not. Under a total-effort
floor @), the auditor faces a one-dimensional compliance decision on ¢, while under a human-effort
floor @)y, a one-dimensional compliance decision on ¢p. In either case the set of compliant engage-
ments is characterized by a cutoff in Z, and the probability of compliance is strictly increasing in f.
Raising f at a fixed nominal floor therefore tightens the effective floor, where inspection strength
and auditing standard stringency act as substitutes, comparable to Gao and Zhang (2019).

For each instrument in isolation, the comparative statics of Propositions 3, 4, and 5 in the nom-
inal floor therefore translate directionally into the same comparative statics in f at a fixed nominal
floor. Tightening the standard and intensifying inspection operate through the same channel: both
raise the effective floor faced by the auditor and shift effort and expertise choices accordingly. The
welfare ranking established in Section 3.3 is preserved as long as inspection intensity is held compa-
rable across the two instruments, with the magnitude of the welfare gap scaling continuously in f.
Two implications follow. First, the recommendation of a human-effort floor derived in Section 3.3
presumes that inspection practice is capable of distinguishing human from AI work with sufficient
reliability. Second, this is a technological rather than fundamental contingency. The regulator can
support fj, through complementary investments in inspection practice such as Al explainability
standards, maintenance of prompt and output logs, reviewer sign-off protocols, and documented

human-check trails.

4.2 Audit Quality and the Objectives of Audit Oversight

The preceding analysis identifies a regulatory trade-off across instruments. A total-effort stan-
dard fully exploits AI’s cost-saving potential but can erode audit quality through deskilling once
stringent, while a human-effort standard preserves quality but caps Al adoption below the expertise-
maximizing share, leaving the full potential of Al underexploited. This trade-off in turn reveals a
striking tension between two objectives that audit regulators might reasonably pursue, maximizing

audit quality and maximizing social welfare. A regulator who focuses exclusively on audit quality
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would reach different conclusions about the desirability of Al in auditing and about the appropriate
stringency of standards than one who weighs the full social cost of the audit engagement. In this
section we discuss the implications of both the instrument trade-off and the resulting quality-welfare
divergence for the design of audit oversight, with particular attention to the stated objectives of
the PCAOB.

The PCAOB was established by the Sarbanes-Oxley Act of 2002 with the statutory mission of
protecting investors and furthering the public interest in the preparation of informative, accurate,
and independent audit reports. In practice, the PCAOB’s work has been evaluated primarily
through the lens of audit quality. Following prominent cases of audit failure, the public urges the
PCAOB to tighten inspection program evaluating audit procedures, strengthen enforcement actions
to target deficient audits, and to adjust strategic plans in terms of improvements in the quality of
audit services. The implicit premise is that higher audit quality, understood as a greater probability
of detecting and reporting material misstatements, is unambiguously desirable and that regulatory
interventions which raise quality serve the public interest. Our model suggests that this premise
deserves scrutiny. Audit quality is not costless to produce as it requires real resources in the form
of auditor effort, and in an Al-augmented world it also depends on the technology mix the auditor
adopts. A regulator who maximizes audit quality without regard to cost will set standards that
may be too stringent from a welfare perspective, because the marginal unit of quality improvement
comes at an effort cost that exceeds its social value. Al creates a gap between the cost of producing
effort and the effectiveness of that effort. A quality-maximizing regulator who ignores this gap may
set standards that are too tight, inducing over-adoption of Al that erodes the very expertise the
standard was meant to harness.

When Al is available, the auditor in our model can produce a given level of detection probability
at lower cost, but the quality metric does not reflect this saving. A regulator who evaluates
outcomes solely through the quality lens sees only that Al-augmented audits eventually detect
fewer misstatements than pure-human audits used to at the same nominal standard, and concludes
that Al is harmful. A welfare-minded regulator sees additionally that the resources saved by Al-
assisted compliance are substantial and that the net social value of the audit engagement is higher
in the AI world despite the quality shortfall. This disconnect is particularly acute under total-effort
floors. As shown in Figures 5 and 4, the welfare advantage of the Al world is large and growing
for moderate floors, while the quality advantage of the benchmark emerges only at higher effort

floors. A quality-focused regulator observing the quality difference might respond by restricting Al
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adoption or raising the standard further, both of which would reduce welfare. The welfare gains
induced by the total-effort standard substantially reduce the cost of auditing, which might come

at the expense of lower audit quality.

5 Conclusion

This paper studies the optimal regulation of audit effort when auditors can adopt Al as an assisting
technology. We build a model in which an auditor chooses a mix of human and Al effort, where Al
is cheaper but its excessive use erodes the engagement-specific expertise that makes effort effective.
A regulator can respond to Al adoption through two instruments, a total-effort standard, which
mandates a minimum amount of audit work regardless of how it is performed, and a human-effort
standard, which explicitly requires a minimum level of human involvement.

Our central finding is that the choice of regulatory instrument has first-order consequences for Al
adoption, audit quality, and welfare. Under a total-effort standard, tighter regulation inadvertently
encourages over-adoption of Al. As the effort floor rises, the cost advantage of cheap Al effort makes
compliance easier, driving Al adoption well beyond the expertise-maximizing level. The resulting
deskilling erodes audit quality to the point where quality in the AI world falls below the no-Al
benchmark. Under a human-effort standard, this channel is blocked. The human effort floor
naturally pushes adoption back toward the expertise-maximizing mix as the standard tightens, and
audit quality remains strictly above the no-Al benchmark at every level of the standard. However,
this protection itself reflects the central trade-off: by sacrificing the region where Al most improves
audit effectiveness, the human-effort standard delivers smaller welfare gains and quality below its
feasible maximum.

We also shed light on regulators with a predominantly quality-focused approach to audit over-
sight and discuss how this may systematically undervalue the efficiency gains from Al and overvalue
regulatory stringency. A welfare-oriented complement to quality-based evaluation would provide a

more complete basis for standard-setting in an era of rapid technological change.
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A Appendix

Throughout the appendix we use the notation established in the main text. In particular, cog(R) =
cn(l — R)? + carR?%, ¢(R) = e(R)/e(0), 7 = 1, and the social loss per audit failure is I (since
the competitive fee absorbs the auditor’s litigation cost, making the damage transfer purely redis-
tributive; see eq. (9)). For a given standard and Al share, Fr denotes the mixture distribution
that places probability 1 — e(R) on E[¥|Qu,] = 10 and probability e(R) on E[¥|Q;,] ~ F, and the

truncated first moment = (;m mdFr(m) and the truncated mass Fr(y) = Fr(7).

A.1 Proof of Definition 1 (Expertise Function)

Proof. The expertise index is g(R) = log(e(0)/(1 — €(0))) + aR — BR? with «, 8 > 0.
Part (a). Differentiating twice:

J(R)=a—-2BR, ¢"(R)=-28<0.

Hence g is strictly concave in R.
Part (b). The logistic map e(R) = 1/(1 4+ exp(—g(R))) is a strictly increasing, continuously

differentiable function of g(R). By the chain rule,
¢(R) = e(R) (1~ e(R)) ¢'(R) (A1)

Since e(R) € (0,1) for all R € [0, 1], the factor e(R)(1 — e(R)) > 0, so sign(e’(R)) = sign(¢'(R)).
Part (¢). ¢'(R) =0 at Rpeak = «/(203). Because g is strictly concave, ¢'(R) > 0 for R < Rpeak

and ¢'(R) < 0 for R > Rpeax. By Part (b), e(R) is strictly increasing on [0, Rpeak) and strictly

decreasing on (Rpeak, 1]. Since ¢(R) = e(R)/e(0) is a positive scalar multiple of e(R), it inherits the

same monotonicity and the unique maximum at Rpear. We require o/(20) € (0,1),ie. a <28. O
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A.2 Derivation of the Benchmark Effort FOC (Equation (10)) and Binding
Threshold (Equation (12))

Proof. In the benchmark (R = 0), ¢(0) = 1 and cex(0) = ¢p. The auditor’s per-engagement cost is
CHq, E[1192-]) = % ¢+ (1= p) E[F|Q-] (1 - g) 7D,

which is strictly convex in ¢ since §2C4 /0q¢? = ¢; > 0. Differentiating with respect to ¢:

oCA -
TQ =cpq— (1 —p) E[Q]7D.

Setting to zero yields the unique unconstrained minimum

(BRI = LZDEIRATD (A2)

Monotonicity in E[5|Q;]. 0¢**/OE[H|Q:] = (1 — p)mD/cp, > 0, so ¢** is strictly increasing in
E[719].
Binding threshold. Imposing ¢**(7) = Qp in (A.2) and solving for 7:

_ o Qp
Y(Qn) = A= p)rD’

which is Equation (12). The denominator is strictly positive for any D > 0, so the threshold
is well-defined for any @ > 0. Inspection shows 7(Q}) is linear and increasing in @y (tighter
floor expands the binding pool) and decreasing in D (larger damage raises unconstrained effort,

shrinking the binding pool). O

A.3 Proof of Lemma 1 (Benchmark Optimal Standard)

Proof. The proof has three parts: derivation of dW/dQ}, strict concavity, and comparative statics.

Part (a): Derivation of dW/dQ; (Equation (14)).

Welfare (13) integrates over the mixture . We separate the binding region {E[¥]2,] < 7(Qn)}
where ¢* = @, from the slack region {E[¥|Q] > 7(Qp)} where ¢* = ¢**(E[¥|€2;]). On the slack
region, effort does not depend on Qp, so only the binding region contributes to dW/dQy,.

On the binding region, welfare net of Wy and the baseline (1 — p)I equals —h(Qp, E[¥|Q2;])
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where

h(Qn E[31Q7]) = (1 - p) E[FIQ] (1 - Qn) I + F QF,

since the social loss per failure is I under the competitive fee (eq. (9)). Differentiating h with
respect to Qp:

oh -
50, = —(1—=p)E[FQ] I + cn Q. (A.3)

The upper limit ¥(Qp) also varies with Q. By the Leibniz rule, there is a boundary contribution
(=h(Qn,7) + h2%(Qn, 7)) - ¥ (Qn) - f(7), where h¥12 is the welfare integrand on the slack region
evaluated at E[¥|Q;] = 7(Qp). At the threshold E[¥|Q;] = 7(Q), ¢** (7, Q) = Qp by definition, so
the binding and slack integrands coincide: h(Qp,5) = h¥2*(Qp,5). The boundary term therefore
vanishes. 2

Integrating —dh/0Q), over E[7|Q,] € [0,7(Qy)] against F gives

AW /’Y(Qh) oh  ~
0

a0, @ dF (E[71Q-])

— (I /0 BRI AEEFI) — o Qn F(3(Q). (A1)

which is Equation (14). The benefit coefficient is simply I, reflecting the fact that the competitive

fee absorbs all litigation terms.

Part (b): Strict concavity of W (Qp).

The social-cost function per failure on the binding region is g(Qr) = (1—Qp) I, which is linear in

Qp, with ¢”(Qp) = 0. The net welfare integrand —h(Qn, E[Y|Q]) = —(1—p)E[Y|Q] 9(Qn) —crQ3 /2

therefore has second derivative

2(_
6812211) =—(1-p) ERFQ]¢"(Qn) — cn = —cp, < 0.
h

After integration over F and accounting for the expanding binding region, the full second derivative

of W is
d2W

07 = —c¢j, F(3) — [boundary terms from %'(Q4)] < 0. (A.5)
h

<0

The boundary terms are non-positive because expanding the binding region replaces a locally
optimal slack effort ¢**(¥) with the (weakly suboptimal) mandated level Q. Because the failure-

loss term (1 — Q) is linear in @), concavity comes entirely from the quadratic effort cost and the

12This is the standard envelope argument; see, e.g., Milgrom and Segal (2002).
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boundary effect, requiring no parameter restrictions.

Setting dW/dQj, = 0 therefore characterizes the unique interior maximum @7 (0).

Part (c): Comparative statics.

Apply the implicit function theorem to dW/dQ, = 0. For a parameter 0:

dQ;  9*W/0Q;, 00
o~ PW/oQ?

Since dQW/dQ,% < 0, the sign of dQj /df equals the sign of O’W/0Qy, 98.

Effect of I: The benefit coefficient I is increasing in I with derivative 1 > 0. Hence 0°W/0Q,01 =

f E[#|Q,]dF(E[7|Q,]) > 0, so Q} is increasing in 1.

Effect of ci,: The cost term is —c,QpF (7). Differentiating with respect to c,: 0*W/0Qp0cy, =
—QrF(7) <0 (for Q > 0), so Q; is decreasing in c,.

Effect of p: The benefit is multiplied by (1—p). Differentiating with respect to p: 9°W/0Q,0p =
~I [JER|Q]dF(E[F]Q]) < 0, so @ is decreasing in p.

Effect of F (FOSD shift): A first-order stochastic dominance shift in F toward higher engage-
ment risks increases f(;y E[3]Q,]dF (E[7]Q,]) for any fixed 7, raising the marginal benefit of the

standard. Hence ()} increases. O

A.4 Derivation of the Effort FOC with AI (Equation (17))

Proof. For fixed Al share R, the auditor’s per-engagement cost is
CHg, R, E[IQ)) = 5 ceri(R) ¢ + (1 = p) E[3]2] (1 - (R)q) wD,

which is strictly convex in ¢ since 02C4/9¢? = ceg(R) > 0. Differentiating with respect to ¢:

oc4

q = cei(B)a = (1= p) EFIQ:] 7D 6(R).

Setting to zero yields the unique unconstrained minimum

(1 —p)E[FIQ) 7D ¢(R)

¢ (BRI, R) = cen(F) ,

which is (17). Monotonicity in E[¥|Q2,] follows from 9¢**/OE[¥|2;] = (1 — p) 7D ¢(R)/cesr(R) > 0.
Benchmark recovery. At R = 0: ¢(0) = 1, cen(0) = ¢y, giving ¢**(E[F|Q,],0) = (1 —
p)E[¥|Q|7D/cyp, recovering (10). O
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A.5 Proof of Lemma 2 (Constrained Effort with AT)

Proof. Since ¢**(E[¥|Q2-], R) is strictly increasing in E[¥|Q2;] (proven above), the constrained op-
timum under a total-effort floor @ is ¢*(E[¥|2;], R, Q) = max{Q, ¢"*(E[¥|Q2;], R)}: for E[¥|Q,] <
Yr(Q) the floor binds, and for E[§|2;] > Yr(Q) the unconstrained optimum exceeds Q). By inspec-
tion of the explicit form of ¢**, the function ¢**(-, R) is linear and strictly increasing in E[7]€2]
with ¢**(0, R) = 0 and unbounded as E[¥|Q2;] — co. The threshold z(Q), defined implicitly by
T (Yr(Q), R) = @, therefore has a unique solution for any @ > 0.

Inverting, in exact analogy to (12):

CeH(R) Q
(1—=p)7D $(R)’

Yr(Q) =

where the denominator is strictly positive for R € [0,1) and D > 0, so 4z(Q) > 0 for any Q > 0
without further parameter restrictions.

Under a human-effort standard @y, the constraint g, > Q) translates via ¢, = (1 — R)q into
q > Qn/(1 —R) for R < 1. All results above apply with @ replaced by Qp/(1 — R), yielding

threshold Yr(Qp) defined by ¢**(Yr(Qn), R) = Qu/(1 — R). O

A.6 Proof of Lemma 3 (Fixed-R Optimal Standard)

Proof. The proof has two parts: the derivation of dWW/dQ (Equation (19)) and strict concavity.

Part (a): Derivation of dW/dQ (Equation (19)).
Welfare under fixed R and total-effort floor @ is given by (18). As in the benchmark, only
the binding region {E[Y|Q2;] < Jr(Q)} where ¢* = @ contributes to dW/d@Q. On this region, the

welfare integrand net of Wy and the baseline (1 — p)I (negated, as a cost) is

WQ EFIQ]) = (1 - p)EFIQ] (1-6Q) 1 + <1 @2,
=9(Q)

where we write ¢ = ¢(R) for brevity and the social loss per failure is I under the competitive fee.

Differentiating g(Q) = (1 — ¢Q) I:
g(@Q)=-¢I (A.6)

The marginal social benefit of raising @ is therefore —¢’(Q) = ¢ I per unit of (1 — p)E[¥|Q].
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The full derivative of the cost integrand is

5 = (1= PERIR (01 + calB) Q. (A7)

As in the benchmark, the boundary term from the Leibniz rule vanishes: at E[7|Q;] = yr(Q),
*(Yr(Q), R) = @Q by definition, so the binding and slack integrands coincide.
Integrating —dh/0Q over E[7|Q,] € [0,7r(Q)] against Fg:

W0 pem1 /0 " EFIQAFERI]) — cn(R) Q Fr(ir(Q). (A3)

dQ

which is Equation (19).
Benchmark recovery. Setting R = 0: ¢(0) = 1 and ceg(0) = ¢p, so the benefit coefficient

becomes 1- I = I, recovering (14). v/

Part (b): Strict concavity and uniqueness.

Since g(Q) = (1 — ¢Q) I is linear in @, ¢”(Q) = 0. The net welfare integrand —h(Q, E[¥|Q,])
therefore has second derivative —(1 — p)E[¥|Q,] - ¢"(Q) — cet = —ceri(R) < 0. Together with the
non-positive boundary contribution from 7%(Q) (as in the benchmark), this gives

d*w

¥ = —cefi(R) Fr(7R) + boundary terms < 0.

Concavity follows unconditionally from the quadratic effort cost; no parameter restrictions are
needed. Setting dW/d@Q = 0 therefore characterizes the unique interior optimum Q*(R).

The human-effort optimum follows from the change of variables @ = @, /(1 — R): the planner’s
problem in @), space has the same optimality condition evaluated at Q/(1 — R), so Q}(R) =
(1- R)Q*(R). =

A.7 Proof of Lemma 4 (Adoption Equilibrium and FOC)
Proof. Write the adoption objective as
1
IR = (1= e(R) Ao, R Q)+ e(R) | AGEIOL R QIFERI) + $F. (A9)

where A(E[7(Q], R, Q) = 2cer(R) "2 + (1 — p) E[7|Q] (1 — ¢(R)q*) 7D and Fp places probability
1 —e(R) on E[F|Qun] = 10 and e(R) on E[¥|Qy] ~ F. The derivatives that enter the FOC are
cep(R) = 2(ch + car) R — 2cn, ¢'(R) = €/(R)/e(0), and €(R) = e(R)(1 — e(R)) (e — 2BR).
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Differentiability and convexity. On the slack region {E[¥|Q2;] > r(Q)}, ¢* = ¢"*(E[¥|Q;], R)
is smooth in R; on the binding region {E[¥|Q;] < Ar(Q)}, ¢* = @ is constant in R; and A
is continuous at the boundary E[¥|Q;] = r(Q) since ¢**(7r(Q), R) = Q. Standard results on
differentiation under the integral with smooth moving boundaries give continuous differentiability

of J on (0,1). The convexity condition (23) ensures J”(R) > 0, so J is strictly convex.

Interiority. At R = 0, the cost-substitution term reduces to 3c.4(0)E[g*?] < 0 since c,(0) =
—2cp, < 0, while the adoption-cost term vanishes; hence J'(0) < 0. At R =1, cg(1) = 2cas > 0
and the adoption-cost term equals cg > 0, so J'(1) > 0 for cp satisfying (23). The intermediate

value theorem and strict convexity yield a unique interior R* € (0, 1).
Derivation of the FOC. Differentiating (A.9) in R produces three contributions. First, the direct

dependence of A on R at fixed E[¥|€2;]. On the binding region, ¢* = @ is fixed, so

8Abind
o = 20en(R) Q= (1= p)E[F|Q] 7D ¢'(R) Q.

On the slack region, the envelope theorem eliminates the indirect effect through ¢**, yielding the
analogous expression with ¢** in place of Q. Combining both regions gives the cost-substitution and
effectiveness terms of (24). Second, differentiating the mixture weights 1 — e(R) and e(R) in (A.9)
produces ¢/(R) AA(R, Q) — the information term. Third, the adoption-cost term contributes cgR.

Setting J'(R*) = 0 gives (24). O

A.8 Derivation of the Cross-Partial (Equation (26))

Proof. We differentiate 0.J/0R with respect to ). Only the binding region {E[¥|Q] < ar(Q)}
depends on @; on the slack region, effort is ¢**(E[¥|Q2,], R), which is independent of Q.

*

On the binding region (¢* = @), the R-derivative of the per-engagement cost is

aAbind
o = 2al(R) Q° — (1 - PE[I|Q D¢ (R) Q.

Differentiating with respect to Q:

82Abind
RO ceq(R) Q@ — (1 = p)E[F|Q]r D¢ (R). (A.10)

This is the cross-partial of the integrand.

Integrating over E[§|Q,] € [0,7r(Q)] against Fr (the boundary term vanishes by the same
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envelope argument as before):

02 .
OROQ — °f

TR N
(R)QFa(ia(@) ~ (1-pnDd'(R) [ ERIRJAF IR,
0
which is Equation (26).
Note. This cross-partial pertains to the auditor’s objective J(R), not to welfare. Accordingly,
it involves the damage payment D, which reflects the auditor’s private incentives rather than the

social benefit coefficient ¢(R) I. O

A.9 Proof of Proposition 1 (Adoption Comparative Static)

Proof. By Lemma 4, J(R) is C? and strictly convex in R, with J'(R*(Q)) = 0. Since 9?>J/0R? > 0,

the implicit function theorem gives

dR*  9*J/OROQ
dQ ~  92JJORZ’

and R*(Q) is continuously differentiable. The sign of dR*/dQ equals the sign of —92.J/OR 0Q.

We sign the cross-partial from (26) under the stated conditions:

First term: cLg(R*)-Q-Fr. Since clg(R) = 2(cp+car)R—2¢;, < 0for R < R = ¢, /(cp+car),
and @, Fr > 0, this term is negative.

Second term: —(1 — p)mD¢'(R*) (?RE[&]QT]CIF(EWQT]). Since ¢'(R*) > 0 for R* < Rpeak;
and all remaining factors are positive, this term is negative.

Both terms are negative, so 92J/0R0Q < 0, and therefore

dR* (negative)
= - — > 0.
dQ (positive)

Tighter total-effort standards induce strictly greater Al adoption.
For R* > Rpeak, ¢'(R*) < 0, the second term reverses sign, and the comparative static is
ambiguous. However, dR*/d(@ > 0 continues to hold whenever the (negative) cost-substitution

term dominates the (positive) effectiveness term. O
A.10 Proof of Proposition 2 (Monotonicity and Boundedness below Rjc.x un-
der Human-Effort Floors)

Proof. The proof has four parts: (a) reduction of the human-floor adoption objective to the total-

floor adoption objective at an effective floor, (b) derivation of the cross-partial 92J™ /OR dQy, (c)
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existence of the non-binding threshold @P"d and monotonicity under (C1), and (d) boundedness

at R = Rpeax under (C2).

Part (a): Adoption objective under the human-effort floor. Under a human-effort standard

Qp, the date-1 constrained effort choice from Lemma 2 is

q*(E[;HQT]?R) Qh) = maX{Qh/(l - R)? q**(E[:Y’QT]aR)}7

identical in form to the total-floor effort with the total-floor level replaced by the effective total-floor

Q(R,Qn) = Qr/(1 — R). The binding thresholds coincide, so A agrees on each region and

JW(R,Qn) = JYR, Q(R,Qn)), (A.11)

where J%! is the total-floor adoption objective of Lemma 4, inclusive of the adoption cost %RRZ.

Part (b): FOC and cross-partial. Chain-rule differentiation of (A.11) yields

dJ(h) aJtot

8Jt0t

(RO 9Q

@

(rg (1—R)?*

(A.12)

where the first term is the total-floor FOC (24) at @ = Q and the second is the denominator-
amplification contribution unique to the human-effort floor. Leibniz-plus-envelope (the boundary

integrand vanishes since ¢** (¥4, R) = Q annihilates dA/dq) gives

aJtot
oQ

(R.Q) = aalB) @ Frlal) — (1= ) o(R)wD [ VB0, dERERIR,]). (A13)

strictly positive on the binding region. Differentiating (A.12) in @, at fixed R, substituting the
cross-partial formula for J;&B together with Jg’é = cet(R) Fr(7%) and (A.13), factoring 1/(1— R)?,

and using the algebraic identity
chg(R) (1 — R) +2cef(R) = 2car R (A.14)

collapses the cross-partial to

i {MIR@FR%) —(1-p) 7D [6(R) + (1 - R)#(R)] /0 "E[510,) dﬁR}.
(A.15)

92 () 1
OROQ, (1—R)

Part (c): Non-binding interval, IFT, and monotonicity. Strict convexity of J (") in R inherits

41



from the total-floor convexity condition of Lemma 4: the denominator-amplification contribution
to 027 /OR? is non-negative on the binding region (proportional to d.J%**/dQ > 0). Therefore
R — J®(R,Qp) has a unique global minimizer on [0, 1] for each Q.

At Qn = 0, Q@ = 0 and the human-floor problem coincides with the unregulated total-floor
problem, giving R} (0) = 0. Continuity of 9J (M) JOR in Qy, extends the corner R; =0 to a closed
interval [0, QPd], with QP4 = sup{Q), € [0,1] : R;(Qn) = 0}. For Qp, > Qb9 the minimizer is
interior, the implicit function theorem applied to (A.12) yields dRj/dQ), as stated, and the sign
of dR} /dQp, is the sign of —02J™M JOR OQy,. Inspecting (A.15): the first bracket term is strictly
positive on the binding region, while the second is strictly negative whenever ¢(R)+(1—R)¢'(R) > 0
— which holds for every R < Rpeak since both ¢ and ¢’ are positive there. The cross-partial is
therefore strictly negative, equivalently dRj;/dQ; > 0, when the negative component dominates

the positive one in absolute value, which is exactly (C1).

Part (d): Boundedness at R = Rpeak- At R = Rpeak = /(28), € (Rpeak) = 0 and hence
@' (Rpeax) = 0, so the effectiveness and information terms in 9.J°/9R both vanish. Writing u =
Qn/(1 — Rpeax) and using identity (A.14), equation (A.12) at Rpeak becomes

dJ™)
dR |,

- = 1_2peak [u car Ryeak Frpon(7")—(1-p) ¢(Rpeax) 7D Ibind,l] +3 Lg(Rpeak) Istack,2+CR Rpeak,
(A.16)
where Ihing 1 = fgh E[7]9] dFRpeak and Igack 2 = f;f"‘”‘ g2 dFRpeak' By strict convexity of J in
R, it suffices to show that (A.16) is strictly positive for every @y, € [0, 1].
In the full-binding regime (7" > Fimax), Fipone (7") = 1, Istack,2 = 0, and Tping,1 = E P [E[7]Q,]] =
E[m]. Substituting and multiplying through by (1 — Rpeak)® > 0 reduces strict positivity of (A.16)
to strict positivity of the quadratic in @, with leading coefficient ca7rRpeak > 0, which holds for all
Qpn > 0 iff its discriminant is negative — exactly (C2). In the partial-binding regime (3" < Fmax),
Igack2 > 0 and cg(Rpeak) < 0 make the slack term negative, but its magnitude is bounded by
|l (Rpeak) | E Fry o [¢**2]/2, while the binding-region bracket is uniformly smaller in absolute value
than its full-binding counterpart since F Rpeak (") < 1 and Ivina1 < E[m]; under the baseline cal-

ibration these contributions are dominated by crRpeak (numerical verification below), so (A.16)

stays strictly positive throughout.

Baseline calibration. Under the baseline parameters (p = 0.6, # = 1, D = 0.1, ¢, = 1,
car =02, cg =02, a =2, =4, ¢0) = 0.6, v = 0.35, F = Uniform[0,1]): Rpeax = 0.25,
¢(Rpeax) ~ 1.097, and E[m] ~ 0.449. Direct evaluation gives the LHS of (C2) ~ 3.9 x 10~% and the
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RHS ~ 7.5 x 1073, a slackness factor of roughly 19. Condition (C1) holds throughout the binding
region: the effectiveness factor [¢(R) + (1 — R)¢'(R)| stays strictly positive for R} < Rpeak, and
numerical evaluation on the equilibrium path of Figure 3 confirms the LHS of (C1) exceeds its
RHS by at least an order of magnitude on the interior of the binding range. In the partial-binding
regime the negative contributions to (A.16) are bounded by ~ 1.4 x 1073 and ~ 2.0 x 1073, both

an order of magnitude below crRpear = 0.05. O

A.11 Proof of Proposition 3 (Audit Quality Dominance under Human-Effort
Floors)

Proof. The proof has four parts: (a) reduction of A (Qn) — Abench (Qp) to a difference of expected
detection products and the outer decomposition into a pointwise gain and a mixture-weight shift,
(b) non-negativity of the pointwise gain via a two-effect algebraic identity, (¢) non-negativity of
the mixture-weight shift via Jensen’s inequality on a convex test function, and (d) strict inequality

on (@™, 1].

Part (a): Reduction to detection products. Using the mixture representation Fr = e(R) F +
(1—e(R)) 0y, with yo = Ep[7], the constant Ez_[E[¥|Q;]] = e(R) o+ (1—e(R)) yo = 7o is invariant
in R. Applying this to the quality definition of Section 3.3 and to the benchmark of Section 3.1,

A(h)(Qh)_Abench(Qh) = (1_p){E}7’R [\IIAI] - Eﬁo[wb]}7 (A17)

*
h

where the detection-product integrands are
ValE[FQ]) = EFIQ-] o(Ry) ai(EFIQ- B Qn),  UH(EFIQ]) = EFIQ] a(E[FIQ], Qn),

o EFQ], Qn) = max{Qp, ¢t (E[7|Q,])} is the benchmark constrained effort from (11) with
45 (B[F104]) = (1—p) B3] 7D/ cp, and gh(E[FI24], B, Q) = max{Qn/(1— R), ¢**(E[519.], R)}
is the human-floor constrained effort with ¢**(E[¥|Q2;], R) = (1 — p) E[¥|Q:] 7D ¢(R)/cest(R). De-
compose the right-hand bracket of (A.17) as

E =

Fpx
Rh

[War] — Ez [Wy] = EFR [War— Uy  + EFR [Wy,] — Ez [y,] . (A.18)

* *
h h

(I) pointwise detection gain (IT) information-weight shift

We show (I) > 0 in Part (b), (II) > 0 in Part (c), and that (I) > 0 strictly on (Q%9, 1] in Part (d).

43



Part (b): Pointwise detection gain. Add and subtract E[¥|Q.] ¢(R}) ¢ (E[Y|Q2], Qn) in War—

U}, to obtain the two-effect identity

VAl(E[FIQ]) — U(EFIQ-]) = EFIQ]((R) — 1) ao(E[FIQ], Qn)

~
Al-composition effect

+ E[FIQ-] ¢(R}) 05 (EIQ], BY, Qn) — av(EFIQA], Qn)] - (A.19)

-~

floor-imposition effect
Fach summand is non-negative under the proposition’s hypotheses.

Al-composition effect. Proposition 2(iii) under (C2) gives R} (Qp) < Rpeak.- The expertise
function e(R) = o(aR — BR? + o~ !(e(0))) has derivative ¢/(R) = e(R)(1 — e(R))(a — 23R), which
is strictly positive on [0, Rpeak) and zero at Rpeak, S0 e is strictly increasing on [0, Rpeax] and
e(Ry) > e(0). Hence ¢(R;) = e(R})/e(0) > 1, with equality only at R; = 0. Since E[¥|Q,] > 0
and g, (E[7]Q;], Q) > 0, the Al-composition term is > 0 pointwise.

Floor-imposition effect. We show q;(E[¥|Q], R}, Qn) > qo(E[7]Q-], Q4) pointwise. Each of the

two arguments inside max{-,-} in ¢; dominates the corresponding argument in gy:
o Constraint argument. Qp/(1 — R}) > Qp, with equality iff R} = 0.

e Unconstrained-optimum arqument. ¢*(E[F|Q], R}) = [o(R}) cn/cen(R})] ai* (E[Y]Q]) >
¢ (E[7]Q-]). This uses ¢(Rjy) > 1 from the preceding paragraph together with ceq(R}) < cp.

The latter follows from the algebraic identity
cei(R) < ¢, — Ch(l—R)2+CA]R2 <c, < R[(Ch+CA[)R—2Ch] <0 <= 0<R<2R™

combined with the mild structural condition Rpeax < 2Rst of the proposition and Ry <
Rpeak, which together place R} in the interval [0,2R'] on which ceg lies weakly below its

benchmark value cp,.

If o > a and V' > b, then max{a’,¥'} > max{a,b}, so ¢;(E[F|Q], R;,Qn) > an(E[FQ-], Qn)
pointwise. Multiplying by E[%|Q;]¢(R}) > 0 preserves the sign, so the floor-imposition term
in (A.19) is > 0 pointwise.

Summing, Wa; — Wy, > 0 pointwise on the support of FR;, so (I) = EFR [Par — ¥y] > 0.

*
h

44



Part (c): Information-weight shift. Using the mixture representation,

E =

Fpx
Rh

(W] — B [Wp] = [e(R}) — e(0)] Ep[Tn(9)] + [(1 — e(R})) — (1= €(0))] Tn(70)

= [e(R};) — e(0)] {Ep[¥p(7)] — Up(v0) }-

The first factor is > 0 by the monotonicity of e on [0, Rpeax| already invoked in Part (b). For the
second factor, Wy (-, Q) is convex in its first argument: on [0, 7,(Qp)] (with 4,(Qp) = cn@n/((1 —
p)D) from (12)) the floor binds and Uy (E[¥|Q;], Q) = E[¥|Q-] Q4 is linear in E[¥|2;] with slope
Qn; on (3(Qn), Ymax) the floor is slack and Wy (E[¥|Q,],Qn) = (1 — p)E[F|,]?2 D /¢y is convex-
quadratic. The two pieces agree at the kink 7, (Q},) (both equal 4, (Qr) Qr), and the right-derivative
at the kink (2 ¢*(91) = 2Qp,) strictly exceeds the left-derivative (Qp,), so ¥y, is convex on [0, Jmax]-
By Jensen’s inequality, Ep[¥,(3)] > Y,(Er[¥]) = ¥b(y0), so the second factor is > 0 as well.
Hence (II) > 0.

Parts (b) and (c) together show that the right side of (A.18) is > 0, and therefore AM(Q),) >

Abench(Qh) for every Qh € [07 1]

Part (d): Strict inequality on (QP™d 1]. On (Q}"4, 1], Proposition 2(i) gives R} (Qn) > 0.

Three strict inequalities follow:
(i) 1/(1 = Ry) > 1 strictly.
(ii) ¢(R}) > 1 strictly, since R} lies in the strict-increase region (0, Rpeak) of e.

(ili) cep(Ry) < cp, strictly, since the quadratic ceg equals ¢, only at R = 0 and R = 2Rt and

R} € (0, Rpeak] C (0,2R"*] under the structural condition.

From (i)—(iii), the pointwise identity (A.19) yields War(E[¥|Q2;]) > Uy (E[7]€2;]) strictly whenever
E[7|92;] > 0:

e On {0 < E[F|Q;] < (Qnr)} (benchmark-binding region, non-empty for @ > 0 since
M (Qr) > 0), qp = Qp and ¢, > Qn/(1 — R}) > Qp, so the floor-imposition term is strictly
positive by (i).

e On {E[¥|Q;] > %(Qr)} (benchmark-slack region), g, = ¢ and ¢**(E[Y|Q2;], R}) =

[6(R}) cn/cei(R},)] qi* > g strictly by (ii)—(iii), so ¢} > gy strictly and the floor-imposition

term is strictly positive.
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In either region the Al-composition term is also strictly positive by (ii). The mixture F Rr; places
strictly positive mass on {E[¥|€2;] > 0}: the uninformed atom at 7y > 0 alone contributes mass
1 —e(R;) > 0, and the informed state contributes any positive-measure subset of F’s support
in (0, Jmax|. Therefore (I) = EFR; [War — U] > 0 strictly, which combined with (II) > 0 yields

AM(Qp) > Apench (Qn) strictly on (Qbd 1]. O

A.12 Proof of Proposition 4 (Audit Quality Crossover under Total-Effort Floors)

Proof. The proof has four parts: (a) reduction of g(Q) = A(Q) — Abench (Q) to a difference of
expected detection products and the outer decomposition into a pointwise gain and a mixture-
weight shift (parallel to Part (a) of Appendix A.11), (b) sign of the endpoint value ¢g(1) under (C3)
and (C4), (c) anchor at @ = 0 under the baseline corner R*(0) = 0, and (d) existence of QIuality

via continuity and the intermediate value theorem.

Part (a): Reduction to detection products. Using the mixture representation Fr = e(R) F +
(1—e(R)) 0y, with o = Ep[7], the constant Ez_[E[¥|Q;]] = e(R) 0+ (1 —e(R)) v = 7o is invariant

in R. Applying this to the quality definitions of Sections 3.3 and 3.1,
9@ = (1=p){Eg, , (W8] — Eg [¥"]}, (A.20)
where
TR (EFIQ]) = E[FIQ]o(R) (BRI R Q). T EFIQ]) = EFIQ] a(EFIQ] Q)

with ¢, (E[7(Q,], Q) = max{Q, ¢*(E[¥|Q-])} from (11) and ¢*(E[¥|Q;], R, Q) =
max{Q, ¢"*(E[¥|Q,], R)} from Lemma 2. Decompose the right-hand bracket of (A.20) as

Ep [W5H — B (W0 =  Ep (W5 - WY+ Ep (W5 - Eg (94, (A.21)

(I) pointwise detection gain (II) information-weight shift

and add and subtract E[Y|Q;] ¢(R*) gn(E[Y|Q2-], Q) in U — ¥I° to obtain the pointwise two-effect
identity
R (E[F1Q]) — T EFIQ]) = EFIQ](6(R) - 1) oo (E[7]2], Q)

~
Al-composition effect

+ E[F19Q:] ¢(R") [¢"(E[FIQ-], R*, Q) — av(EF|Q], Q)] - (A.22)

floor-imposition effect
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In contrast to Appendix A.11, where both summands are pointwise non-negative under (C2),
here the Al-composition factor ¢(R*) — 1 reverses sign once R*(Q)) crosses Rgesk, and the floor-
imposition summand can take either sign because ¢*(E[¥|Q2;], R*, Q) may lie either above or below
an(E[¥]€2+], Q) on the slack regions. Condition (C4) circumvents this by collapsing both integrands

onto the full-binding region at @ = 1, which is sufficient to sign g(1).

Part (b): Sign of g(1) under (C3) and (C4).
Condition (C4) states Ymax(1—p)D < min{cp, ceg(R*(1))/¢(R*(1))}, which at @ = 1 translates
directly into

(1 = P)VmaxD e ey (L= P e D S(R* (1))
o <1, 4" (Amax, R*(1)) = cen (R (1)) <1

a5 (Ymax) =

Since ¢;* and ¢**(-, R*(1)) are strictly increasing in their risk argument, the same inequalities hold

at every E[7|Q;] € [0, Ymax], SO
Qb(EH|QT]a 1) = maX{L qg*(E[ﬂQT])} =1, q*(EH|QT]aR*(1)a 1) =1,

pointwise on the support of F' r+(1)- Both floors bind on every engagement.

Floor-imposition effect at Q = 1. ¢*(E[7|Q2,], R*(1),1) — ¢o(E[¥|22;],1) = 1 — 1 = 0 pointwise,
so the floor-imposition summand in (A.22) vanishes identically.

Al-composition effect at Q = 1. Pointwise, W' (E[Y]Q2;]) — UI*Y(E[F]Q,]) = E[F]|Q,](¢(R*(1)) —

1). Integrating against FR*(l) and applying the R-invariance Ez  [E[¥[Q-]] = o,

R* (1)
D]y = 0 (SR (1) - 1).

Raesk € (Rpeak, 1) is the unique root of ¢(R) = 1 in (Rpeak, 1): ¢(0) = 1 by construction, ¢(Rpeak) >
1 because e strictly rises on [0, Rpeak], and ¢ is strictly decreasing on (Rpeak, 1] since ¢'(R) =
e(R)(1 —e(R))(a—2BR)/e(0) <0 for R > Rpeak = a/(28). Condition (C3) places R*(1) strictly
above Rgesk, 80 ¢(R*(1)) < 1 strictly and (I){Q:1 < 0.

Information-weight shift at @ = 1. Under full binding, ¥{°*(E[¥|Q,]) = E[¥|Q,]- 1 = E[Y|Q] is

linear in E[¥|Q;]. The mixture identity used in Part (c) of Appendix A.11 gives

(] goy = [e(B" (1) = e(O)] {Ep[TF(F)] — T (0)} = [e(R*(1)) — e(O)]{Er[3] — 70} = 0,

because 9 = Er[¥] by the mixture construction. The convexity/Jensen argument of Appendix A.11
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is not needed at @ = 1: the test function ¥[°* is exactly linear on the full-binding region, so the
Jensen factor collapses to zero identically.

Combining,

91) = (1 =p{Dg_, + (D|g_,} = L =p)r0 (SR 1) —1) < 0
strictly under (C3) and (C4).

Part (c): Anchor at @ = 0. Under the baseline-corner property R*(0) = 0 (Step 3 of Ap-
pendix A.7), ¢(R*(0)) = 1, cex(R*(0)) = ¢p, and FR*(O) = [y. Hence ¢**(E[¥|Q,], R*(0)) =
" (E[¥|92;]) and ¢*(E[¥|2;], R*(0),0) = ¢, (E[¥|2;],0) pointwise, so the integrands in (A.20) coin-
cide and ¢(0) = 0.

Part (d): Existence of QaUality, R* is continuous on [0, 1]: it is constant at zero on any non-
binding interval [0, Q*°*"P"4] and continuously differentiable on the binding region by Proposition 1.
The integrand E[¥|Q;] #(R) ¢*(E[¥]Q2-], R, Q) is continuous in (R, Q) pointwise in E[¥|Q,] and
uniformly bounded on the compact support of Fr by Jmax maxpe,1] ¢(R) max{l, ¢"* (Ymax, R)};
the same bound applies to the benchmark integrand. Dominated convergence delivers continuity

of Q= Eg  [U3]] and of Q — E [U}?], so g is continuous on [0, 1].

(Q)
Define

QUMY = sup{Q € [0,1] : g(Q) > 0}.

The set is non-empty (0 belongs to it by Part (c)) and closed in [0, 1] by continuity of g, so the
supremum is attained and g(Q4¥i%) > 0. By Part (b), g(1) < 0, so Q%Y < 1. For every
Q € (Qality 1] @ lies outside the set by definition of the supremum, hence ¢g(Q) < 0, i.e.,

A(Q) < Apbench (Q) strictly, which is the claim of the proposition. O

A.13 Derivation of Welfare and Quality Decompositions (Equations (32) and (28))

Derivation of the welfare decomposition. Total welfare with endogenous adoption is

W(Q) =W(Q,R*(Q)) — Cr(R*(Q)), where W(Q, R) is the fixed-R welfare from (18). Applying
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the chain rule:

aw oWl oW AR, . AR
dQ — 0Q |p_p.  OR|, dQ " dQ
ow ow , dR*
— A ) A2
5. (57 = Chl )) o (A.23)
N——
direct binding adoption wedge

which is Equation (32). The direct binding effect is OW/0Q|r as derived in (19). The adoption
wedge collects the social value of marginal Al adoption (OW/JR|g) net of the marginal adoption

cost (C'; = crR*), scaled by the policy-induced change in adoption dR*/dQ). O

Derivation of the quality decomposition. Ex ante audit quality is A(Q) = 1 — (1 —p) E[E[F|Q,](1 —
o(R*(Q))g*(E[F|92:], R*(Q),Q))]. This is a function of @ both directly (through ¢*) and indirectly
(through R*(Q@)). By the chain rule:

A _ 0AL | 0A) dRY
iQ ~  9Q|, OR|, dQ
——

—_—
direct binding  adoption feedback

which is Equation (28). The direct binding effect is positive: holding R fixed, a tighter floor
raises ¢* on binding engagements, reducing the failure probability E[¥|Q2;](1 — ¢q) by E[¥|2;]¢ per
engagement. The adoption feedback has ambiguous sign depending on whether R* sits above or

below Rpeak- ]

A.14 Proof of Corollary 2 (Comparative Statics in D and ¢(0))

Proof. We apply the implicit function theorem to the adoption FOC J'(R*) = 0 from Lemma 4.

Since J”(R*) > 0 by strict convexity, for any parameter 6 € {D, e(0)}:

dR*  92J/OR D0

o~ 92J/OR?

The sign of dR*/df equals the sign of —9%.J/0R 0.

Part (i): Sign of dR*/dD.

Binding region. On the binding region {E[¥|Q2;] < Ar(Q)}, effort ¢* = @ is independent of D:

8Abind L ) ~ .
Sr = n(R)QF — (1= p)EFIQ) 7D ¢/(R) Q.
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Differentiating with respect to D:

82 Abind
OROD

= —(1-p)E[FI2]¢'(R) Q. (A.24)

Slack region. On the slack region {E[¥|Q2;] > Jr(Q)},
¢ = ¢*(E[F|Q],R) = (1 — p)E[F|Q] 7D ¢(R)/ceg(R). Substituting into C4 gives the explicit

envelope value

2 EFIQ2 72 D2 2
AEERI0,, R, D) = (1 - p) Bl wp - G PRI RO

Differentiating once with respect to R:

oAtk (1 — p)?E[§]Q,]* 72D [¢(R)* cia(R) — 26(R) ¢/ (R) cen(R)]
oR 2 cet(R)? ’

and once more with respect to D:

52 Aslack (1 — p)2 E[’ﬂQT]Q 2D [¢(R)2 Cfaff(R) -2 Qb( ) Qb/( ) Ceﬂ( )] ‘

OROD cefi(R)?

(A.25)

Total cross-partial. Integrating both regions against Fg (the boundary term vanishes by the enve-

lope argument as in Appendix A.8):

0%J Tr(Q -
o=~ -p e [ B0 aFuEgle.)

= Apind

N (1 —p)? 72D [p*clg — 209 cen] /%‘“
2 Tr(Q)

E E[7|Q.]? dFr(E[7|9)), (A.26)
eff
EAslack

with ¢, ¢/, cer, g evaluated at R*. Since J”(R*) > 0, sign(dR*/dD) = — sign(Apind + Aslack)-

Case (a): R* < Rpeqr- Then ¢/(R*) > 0, 50 Apina < 0. For the slack bracket, ¢?clqy < 0 (since
g < 0 for R* < RY) and —2¢¢/cer < 0 (since ¢/ > 0). Both summands are negative, so

Aglack < 0. Therefore 92J/0ROD < 0 and dR*/dD > 0.

Case (b): R* > Rpegr. Then ¢/(R*) < 0, so Apina > 0. For the slack bracket, ¢?cLg < 0 and
—2¢d cet > 0 (since ¢’ < 0); the bracket has ambiguous sign. When the bracket is non-negative,
Agack = 0 and Aping + Aglack > 0 trivially. When the bracket is negative, the binding-dominance

condition (A.35) states precisely that Aping > |Aslack|, 0 Abind + Aslack > 0 under (A.35). In either
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case, 2J/OROD > 0 and dR*/dD < 0. When the slack region is empty (Yr(Q) > Fmax); Astack = 0

identically and the conclusion follows from Apinq > 0 alone, with (A.35) vacuously satisfied.

Part (ii): Sign of dR*/de(0).
Baseline expertise e(0) enters through ¢(R) = e(R)/e(0) and through e(R) itself via g(R) =
log(e(0)/(1 — e(0))) + aR — BR2. Three derivatives are central. First,

which is negative when e(R) > e(0) (AI has raised expertise above baseline). Second, for the

marginal expertise gain:

_ (1 ‘ )) (1-2¢(R)) (o — 28R). (A.27)

The sign of (A.27) depends on the product (1 — 2e(R))(a — 28R), where the first factor reflects
the curvature regime of the logistic and the second reflects the position relative to Rpeax. Third,

for the marginal effectiveness response ¢'(R) = €/(R)/e(0):

0¢'(R) 1 0€(R) B ¢ (R) _ e(R)(1 —e(R))(a — 28R) o(0) — 20
9e(0) — e(0) Be(0)  e(0)2 (02(1 — e(0) [e(0) — 2e(R)]. (A.28)

The sign of (A.28) depends on (o — 28R)[e(0) — 2e(R)]. Crucially, for R < Rpeax We have
e(R) > e(0) (AI enhances expertise), so e(0) — 2e¢(R) < e(R) — 2e(R) = —e(R) < 0, which gives
0¢'(R)/0e(0) < 0 regardless of whether e(R) = 1/2. This means the effectiveness channel always
pushes toward 9%2.J/0R de(0) > 0, hence dR*/de(0) < 0; it is the information-weight channel that

determines whether this conclusion holds or is overturned.

Case (a): e(R*) > 1/2 and R* < Rpear. By (A.28), 9¢'(R)/0e(0) < 0, so the effectiveness term
becomes less negative, contributing 82J/9R de(0) > 0. By (A.27), d¢’(R)/de(0) < 0 (dampening),
so the information-weight contribution ai—z"lo)AA > 0 (since AA < 0), which reinforces the effective-

ness channel. Both dominant channels push toward dR*/de(0) < 0. The residual information-gap

channel €'(R) geA(é\) may partially offset; when the combined effectiveness and information-weight

channels dominate this residual, we obtain dR*/de(0) < 0.

Case (b): e(R*) < 1/2 and R* < Rpeqr- By (A.28), 0¢'(R)/0e(0) < 0 still holds (the effectiveness
channel is unchanged), contributing 92J/0R de(0) > 0. However, by (A.27), d¢'(R)/0e(0) >

0 (steepening): higher baseline expertise raises ¢/(R), which strengthens the information term
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¢/(R)AA. Since AA < 0, the information-weight contribution is %‘{O)AA < 0, which now opposes
the effectiveness channel. The sign of 92J/9R de(0) therefore depends on the balance. From the
dominant channels, the cross-partial is positive (hence dR*/de(0) < 0) if and only if the effectiveness

contribution exceeds the information-weight contribution:

(1-p=D % E[E[I2.] 4] > (1-2¢(R")) A,

which is condition (A.36). The left side is large when damages D are high or the expected risk-
weighted effort E[yq*] is large; the right side is large when the auditor is deep in the convex region
(small e(R*)) or the information gap |AA| is large.

Case R* > Rpeqr- Then (o — 26R) < 0 and ¢/'(R*) < 0.

Sub-case e(R*) > 1/2: By (A.28), e(0) — 2e(R) < 0 and o — 28R < 0 give 9¢'/0e(0) > 0 (sign
is (—)(=) = +). Since ¢’ < 0, the positive effectiveness term —(1 — p)mD@'E[-] becomes smaller,
so the effectiveness contribution to 92J/9R de(0) is negative, pushing dR*/de(0) > 0. By (A.27),
(1-2¢)( «—2BR) = (—)(—) > 0, 50 9¢’/De(0) > 0; since ¢’ < 0 in the deskilling region, €’ becomes
less negative. With AA < 0: %AA = (+)(—) < 0, which also pushes dR*/de(0) > 0. Both
channels align: dR*/de(0) > 0 unambiguously. A sufficient condition for this sub-case to apply is
e(Rpeak) > 1/2, i.e., €(0) > a(—a?/(48)).

Sub-case e(R*) < 1/2: By (A.27), (1 — 2¢)(a — 2B8R) = (+)(—) < 0, so d¢’/de(0) < 0. Then
%{O)AA = (—)(—) > 0, pushing dR*/de(0) < 0. Meanwhile, d¢'/de(0) has sign (a — 23R)(e(0) —
2e(R)): if e(R) > e(0)/2 (which holds when R < 2Rpcak), this is (—)(—) = +, so the effectiveness
channel still pushes dR*/de(0) > 0. The two channels oppose, and the sign depends on the

effectiveness-to-information ratio (A.36) evaluated with ¢/(R*) < 0. O

A.15 Proof of Proposition 5 (Welfare Dominance under Effort Floors)

Proof. The proof has four parts: (a) welfare expressions and the social-cost—versus—private-cost
wedge identity, (b) total-effort floor: revealed-preference-plus-wedge bound, unconditional dom-
inance on [0, Q%] and existence of Q% under (C5) via the intermediate value theorem, (c)
human-effort floor: the same bound delivers universal dominance via Proposition 3, (d) Corollary 1

as a baseline observation.

Part (a): Welfare expressions and the wedge identity. The fixed-R welfare from (18) can

be rearranged using the mixture identity Ez_[E[Y[Q-]] = e(R) 0+ (1 — e(R)) 70 = 7o (invariant in
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R) into
W(Q,R) = Wo+(1—-p)(1—2)I — S(Q,R),

where the social-cost wrapper is

S(Q.B) = B [“4 ¢ (B[310,), R, Q)P — (1-p)E[IN] 6(R) ¢ (B[], R. Q) I| + Cr(R).
(A.29)

Combining with the welfare-with-endogenous-adoption definition (31) gives

W(Q) - Wbench(Q) = - [S(Qv R* (Q)) - S(Qa 0)] ) (Ago)

and analogously W) (Qn) = Whenen(Qn) = —[S"(Qn, B3 (@n)) = S (Qn, 0)], where S uses the
human-floor effort ¢ (E[¥|Q-], R, Q1) = max{Qn/(1—R), ¢*(E[¥|Q-], R)} in place of ¢*(E[¥|Q,], R, Q).
At R = 0 both ¢* and ¢ reduce to the benchmark ¢,(E[Y|Q;],Q) = max{Q, ¢;*(E[Y|;])}
from (11), and Cg(0) = 0, so S(Q,0) = S (Q,0) recovers the benchmark social cost from (13).

The auditor’s date-0 objective J(R,Q) = Ez [A(E[F(Q], R, Q)] + Cr(R) from (??) can be

rearranged using the same mixture identity into
J(R,Q) = (1—p)yorD + Ep |“%8 ¢ — (1-p)E[FIQ] 6(R)¢* 7D | + Cr(R).  (A.31)
Comparing (A.29) and (A.31), S and J differ only in the failure-loss coefficient (I vs. D):

S(Q,R) = [J(R,Q)—(1-p)yowD] — (I-7D) EY(R,Q), E*(R,Q)=Eg[(1-p)E[1Q]6(R) ¢"].
(A.32)
Subtracting (A.32) at R = R*(Q) from the same expression at R = 0, the constants (1 — p)~yy D

cancel, yielding
S(Q,R*) - 5(Q,0) = [J(R*,Q)—J(0,Q)] — (I -=D)[EYR*,Q)—E0,Q)]. (A.33)

The bracketed difference E4(R*, Q) — E%(0, Q) equals A(Q) — Apench(Q) by the audit-quality defi-

nition of Section 3.3. Combining (A.30) and (A.33) gives the revealed-preference—plus—wedge bound

W(Q) - Wbench(Q) = - [J(R*y Q) - J(07 Q)] + (I - 7TD) [-A<Q) - Abench(Q)] . (A34)
The first summand is non-negative by revealed preference J(R*(Q),Q) < J(0,Q), and strictly
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positive whenever R*(Q)) > 0 since J is strictly convex in R by Lemma 4. The second summand
inherits the sign of the audit-quality gap, scaled by the wedge (I — 7D) > 0. The same identity
holds verbatim with J(), Ry, Qp, and A®M in place of J, R*, @, and A, where J® (R, Q},) is the

human-floor adoption objective (the auditor’s date-0 problem with g in place of ¢*).

Part (b): Total-effort floor (Proposition 5(a)).

Step 1: Unconditional dominance on [0, Q9“*]. On the non-binding interval {Q : R*(Q) = 0},
J(R*(Q),Q) = J(0,Q) and A(Q) = Apench(Q), s0 (A.34) delivers W(Q) = Whenen(Q) exactly.
The baseline-corner property R*(0) = 0 ensures this includes a neighborhood of @ = 0 and pins
down the anchor W (0) = Wienen(0). On the binding subregion (Q""4, Qauality] hoth summands
of (A.34) are non-negative: the first by R*(Q) > 0 and strict convexity of J, the second because
A(Q) — Apench(Q) > 0 on [0, QU] by the definition of Qa1 = sup{Q € [0,1] : g(Q) > 0} in
Appendix A.12, Part (d). Strict inequality W (Q) > Whenen(Q) follows on (QP™d, QU] from the
strict positivity of the first summand alone.

Step 2: Sign of W (1) — Wienen(1) under (C3), (C4), and (C5). By (C4), both ¢,(E[7|2,],1) =
1 and ¢*(E[%|92;], R*(1),1) = 1 pointwise on the support of FR*(l) (Appendix A.12, Part (b)).

Substituting ¢* = 1 into (A.29) and using E_[E[¥(2;]] = o gives

S(1,R* (1)) = <t _ (1 pyyg ¢(R*(1)) I + Cr(R*(1)),

SLO) =% -1=p)l,
using ¢(0) = 1, ce(0) = ¢p, and Cr(0) = 0 for the second line. Hence
W(1) = Whena(1) = =200 — (1= p)o (1= ¢(R7(1) I — G R (1)*

By (C3), R*(1) > Rgesk, and Appendix A.12, Part (b) shows ¢(R*(1)) < 1 strictly, so the middle
term is strictly positive (a welfare loss); the first and third terms are the cost savings (gain) and
adoption cost (loss). Condition (C5) states exactly that the cost savings strictly exceed the sum of
these two losses, so W (1) — Whenen(1) > 0 strictly.

Step 3: Ewzistence of Q¢ via the intermediate value theorem. Define h(Q) = W (Q) —Whenen(Q).
Continuity of R* on [0, 1] (constant zero on the non-binding interval and continuously differentiable

on the binding region by Proposition 1) combined with the dominated-convergence argument used

in Appendix A.12, Part (d), applied to both S(Q, R*(Q)) and S(Q,0), delivers continuity of h on
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[0,1]. Define

Q™ = inf{Q € [QW 1] : h(Q) > 0 for every Q € [Q,1] }.

By Step 2, h(1) > 0 strictly, so the set is non-empty (it contains ¢ = 1) and the infimum is
well-defined; by continuity of A the infimum is attained, and h(Q) > 0 for every Q € [Q™,1].
Strictness on (Q%°, 1] follows from h(1) > 0 together with the definition of Q¥ as an infimum:
if h(Q) = 0 for some Q € (Q™°, 1], continuity and h(1) > 0 would still leave h > 0 on [Q, 1] but
admit Q as a candidate strictly above Q%¢, contradicting the infimum. Combining Steps 1 and 3

yields part (a).

Part (c): Human-effort floor (Proposition 5(b)). The identity (A.34) adapted to the human-

floor problem reads

W (Qn) — Whenen(@Qn) = —[TW(R}, Qr) — JM(0,Q1)] + (I —7D) [A™(Qn) — Abenen(Q)]

where J) (R, Qp) is the auditor’s human-floor objective at Al share R and floor Q5. At R = 0 the
human-floor constraint ¢ > @Qp/(1 — R) = @y, coincides with the benchmark constraint ¢ > Qp, so
J() (0, Q) equals the benchmark adoption-cost-free objective evaluated at floor Qp.

The first summand is > 0 by revealed preference J® (R (Qn),Qn) < J (h)(0,Qp), with strict
inequality on the binding region (Q'gmd, 1] where R > 0 and J (M) is strictly convex (the human-

floor adoption objective inherits convexity from Lemma 4 via the isomorphism to the total-floor

problem at effective floor Q(R, Qn) = Qp/(1 — R) established in Appendix A.10, Part (a), plus the
additional positive denominator-amplification contribution to J™").

The second summand is > 0 by Proposition 3, with strict inequality on (Q};‘Lind, 1]. On the
non-binding interval [0, innd}, Proposition 2(i) gives R} = 0 and both summands vanish, yielding
W (Qn) = Whenen(Q) exactly.

Combining, W(h)(Qh) > Whench(Qp) for every Qj € [0, 1], with strict inequality on ( ';’Lind, 1]

from the strict positivity of either summand alone (in fact both, since each is strict on the binding

region).

Part (d): Corollary 1 as a baseline observation. The pointwise comparison W(Q) — W " (Q)
at ();, = @@ admits no clean revealed-preference reduction. The total-floor problem is a relaxation
of the human-floor problem at the same nominal floor (since the constraint ¢ > @, /(1 — R) binds

at least as tightly as ¢ > Qp whenever R € [0,1)), so by revealed preference J*'(R*(Q),Q) <
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J (h)(R;fL(Q), Q). However, applying the wedge identity (A.34) pointwise and subtracting,
[W(Q) - Wbench(Q)] - [W(h)(Q) - Wbench(Q)]

= —[J*YR*,Q) - JM(R;,Q)] + (I -7D)[AQ)— AM(Q)],

the wedge correction now compares A(Q) to A" (Q), whose sign is indeterminate without further
restrictions on the placement of R*(Q) relative to Rqesk. Under the baseline calibration of Figures 3
and 4, R*(Q) > Rgesk on a non-trivial subregion while R} (Q) < Rpeak < Raesk throughout by
Proposition 2(iii), so A(Q) < A" (Q) there and the wedge correction works against total-floor
dominance. The figures show that the cost-substitution channel (the strictly negative first bracket
above, since the total-floor problem is the relaxed problem) nevertheless dominates the wedge
correction, with the welfare gap under the total-effort floor strictly exceeding the welfare gap
under the human-effort floor at every common floor level on which both gaps are positive. The
corollary records this pointwise comparison as a baseline observation and identifies the denominator

amplification of Proposition 2 as the underlying mechanism. O

A.16 Full statement of Corollary 2

This appendix states the dominance conditions referenced in Corollary 2.

Part (i)(b): binding-region dominance. The condition under which higher damages reduce

AT adoption when R* > Rpeax is

/(R)|Q ™V BRI dFR(ERIQ) _ [6(R")? cha(RY) = 26(R) ¢'(R") cen(R)|

(1=p) 7D [J5) B dFr(EFIQ-) cat (B2 (A.35)

The left side measures the binding-region effect: damages applied to engagements whose effort is
pinned at the floor. The right side measures the slack-region effect, which works in the opposite
direction. When the slack region is empty (7r(Q) > Fmax), the right side is zero and (A.35) holds
trivially. The baseline calibration with D = 0.1 produces an empty slack region throughout the

binding range.

Part (ii)(b): effectiveness-to-information ratio. For R* < Rpe. and e(R*) < 3, the sign of

dR* /de(0) is negative (substitution) if

(1=p) 7D E[EFIQ]q"] _ e(0) (1 - 2e(R)) (A.36)

|AA 2e(R*) —e(0)
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and positive (complementarity) if the inequality is reversed. The left side is the effectiveness-to-

information ratio and the right side captures the logistic curvature at e(R*).

Deskilling region (R* > Rpeak). When the equilibrium Al share lies in the deskilling region,
¢'(R*) < 0 and the effectiveness channel reverses sign. If e(R*) > I, then dR*/de(0) > 0, i.e.
higher baseline expertise increases Al adoption; a sufficient condition is e(0) > o(—a?/(43)), where

o denotes the logistic function. If e(R*) < %, the sign is determined by (A.36) with ¢'(R*) < 0.
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