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Abstract. Does artificial intelligence (AI) displace auditors? We exploit the staggered hir
ing of AI employees at audit office locations across the United States as a proxy for the use 
of AI at local audit offices. The main findings are as follows. First, relative to audit offices 
that do not yet hire AI employees, those that do hire AI employees have a 4.3% increase in 
the number of auditor jobs, particularly among junior and midlevel auditors. Second, using 
AI is associated with an increased demand for soft skills (e.g., cognitive skills) in auditor 
jobs. Third, audit offices that use AI have more accurate going concern and internal control 
opinions. Semistructured interviews of 11 seasoned audit partners confirm that investment 
in AI is centralized at the national level, but the decision to deploy it often resides at the 
local audit office level. Notably, none of the partners believe that AI has replaced or will 
replace human auditors. Overall, our study—comprising both empirical and qualitative 
data—suggests that using AI does not replace auditors, but rather changes the skills 
required for these jobs and improves audit quality.
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1. Introduction
Does artificial intelligence (AI) displace auditors? 
Although the media has not reached a clear consensus 
on this question, a growing stream of research suggests 
a nontrivial probability that AI could displace auditors 
in the future. For example, a recent study estimates a 
94% probability that AI will automate auditor and 
accountant jobs in the near future (Frey and Osborne 
2017).1 Media reports of Big 4 audit firms’ actions are 
consistent with these anecdotes: three of the Big 4 audit 
firms have reportedly invested more than $9 billion in 
AI technology and automation (Kapoor 2020). In a 
recent study, Fedyk et al. (2022) show that the use of AI 
reduces the growth rate of auditor jobs and claim that 
the use of AI “ultimately displaces human auditors.” A 
reduced growth rate, however, does not necessarily 
mean a decrease in the number of such jobs; it could 
still be increasing at a slower pace. Their study does not 

directly address the overall change in the number of 
auditor jobs after audit firms begin using AI. Our study 
revisits this important yet unsettled claim.

Understanding whether AI displaces auditors is im
portant for a few reasons. First, the possibility of being 
displaced by AI means a potential disruption in auditors’ 
future careers. If such a disruption leads to worse career 
prospects, it could drive away the best talent in the audit 
profession and cause a brain drain. Second, for audit cli
ents, displacing auditors with AI could have implications 
for how audit work will be conducted. For instance, 
although AI may enhance some aspects of auditing, 
replacing auditors’ professional judgment entirely with 
AI could risk overlooking the complex decision making 
that human judgment could provide and affect audit 
quality. Last, for regulators, substituting auditors’ judg
ment with AI outputs could have implications for audit 
quality and the design of corresponding regulations.2
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In this paper, we exploit the staggered hiring of AI 
employees at audit office locations across the United 
States as a proxy for the use of AI at local audit offices.3
Specifically, we follow the exact method in Fedyk et al. 
(2022), who identify AI employees by examining job 
titles or job descriptions to see if they contain AI key
words. We use a sample of more than 407,000 resumes 
from Revelio Labs—a workforce intelligence firm— 
that covers 648 audit offices of 163 audit firms from 
2011 to 2019 to precisely identify which audit offices 
hire AI employees, and when they do so.4

We estimate a series of difference-in-differences (DiD) 
regressions to investigate the effect of AI use on the 
number of auditor jobs. We classify an audit office as 
“treated” if it has hired an AI employee and as a 
“control” if it does not have AI employees. We compare 
the headcounts of auditors in treated audit offices before 
and after they hire an AI employee to those of auditors 
in control offices. This allows us to estimate the effect of 
AI on the number of auditor jobs in audit offices. Our 
main regression specifications include Audit Office Fixed 
Effects so that the results are not driven by time-invariant 
heterogeneity in hiring practices, workplace culture or 
norms, or varying incentives across local audit offices in 
different cities that belong to the same audit firm. We 
also control for Year Fixed Effects to account for time 
trends in AI adoption in the audit industry.

Our DiD research design has three unique features 
that differ substantially from those of Fedyk et al. (2022). 
First, we include Audit Office Fixed Effects and audit-firm- 
specific variables in all our regressions to control for 
heterogeneity between local audit offices. Second, we 
include city-level control variables to mitigate the con
founding effect of local factors such as local market con
ditions. Third, we use the natural logarithm of auditor 
headcounts as the dependent variable, instead of using 
percentage change in auditor headcount, to avoid the 
undue influence of outliers in our estimation.

It is not entirely clear whether and to what extent AI 
displaces auditors. On the one hand, a large body of 
research suggests that AI could replace humans in per
forming routine and repetitive tasks (e.g., Acemoglu 
and Restrepo 2019, 2020). Similarly, anecdotal evidence 
indicates that AI can take on many audit tasks and 
replace auditor jobs.5 If AI can take on many routine 
audit tasks, audit offices using AI could have fewer 
auditor jobs in the future. A Big 4 respondent indicates, 
“You’ll need less [sic] people to do the same amount of 
work, and the way that will happen isn’t because peo
ple lose their jobs. You probably just would not hire as 
fast as you would otherwise when you’re growing” 
(Cooper et al. 2019, p. 18).

On the other hand, it is theoretically and empirically 
possible that the use of AI in auditing will not lead to 
the displacement of auditors. Theoretically, AI use 
might not be a perfect substitute for auditors, and 

auditors still need to use their professional judgment 
before diverting resources to audit high-risk areas. A 
recent study suggests a similar finding: Brynjolfsson 
et al. (2018) find auditors in the bottom 20% of 964 occu
pations suitable for machine learning. The low suitabil
ity may indicate that the general public overestimates 
the potential for automation and AI in the audit profes
sion. The most obvious limitation of using AI in the 
audit setting is that AI cannot easily replace social inter
action among auditors. Prior literature shows that audit 
knowledge is transferred through social interaction 
and local knowledge sharing among auditors or 
between clients and auditors (e.g., Guan et al. 2016; He 
et al. 2017, 2022; Beck et al. 2019). Notably, a study by 
Babina et al. (2024), which includes two authors from 
Fedyk et al. (2022), presents a different perspective. It 
shows that firms with a one-standard-deviation 
increase in AI investment have experienced a 21.7% 
increase in job growth from 2010 to 2018. This emerging 
trend in the labor market aligns with our direct obser
vations from the industry. In fact, none of the 11 audit 
partners we interviewed explicitly state that the use of 
AI has replaced or will replace human auditors. Several 
even indicate that AI has increased auditor headcount 
because of business growth.

Even if AI cannot completely displace auditors, it has 
the potential to significantly disrupt the way auditors 
conduct their work. For example, using AI could help 
auditors flag unusual patterns and identify anomalies 
in accounting records, but it could also require auditors 
to exercise more professional judgment. As a result, 
auditors could reduce audit errors and increase audit 
quality by detecting more financial misreporting. Such 
a change in tasks could lead to higher audit quality but 
require different skills for auditor jobs (e.g., cognitive 
abilities, efficiency). Hence, using AI could have a long- 
term impact on audit firms.

Our main results are as follows. First, relative to 
audit offices that do not yet hire AI employees, those 
that hire AI employees have a 4.3% increase in the 
number of auditor jobs. The increase is driven mainly 
by junior and midlevel auditors. Contrary to popular 
belief, our evidence suggests that the use of AI in audit
ing can actually create more job opportunities for audi
tors rather than displace them.

Second, we use 34,839 job postings from Burning Glass 
to see how skill requirements in job postings change after 
audit offices begin using AI. We find that using AI is asso
ciated with an increased demand for soft skills—such 
as cognitive abilities, efficiency, and customer service—in 
auditor jobs. The evidence suggests that audit offices with 
AI employees are not more likely to require more specific 
technical skills in computers and software (e.g., machine 
learning, deep learning, natural language processing). 
The evidence, however, does highlight an enhanced focus 
on general software proficiency.
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Third, our results show that client firms audited by 
audit offices with AI employees have higher audit qual
ity than client firms audited by audit offices without AI 
employees. Relative to client firms audited by audit 
offices without AI employees, those audited by audit 
offices with AI employees have more accurate going 
concern and internal control opinions. We also find 
that relative to client firms audited by audit offices 
without any AI employees, those audited by audit 
offices with AI employees experience a lower likeli
hood of Big R restatements (i.e., material nonreliance 
restatements) or restatements involving SEC investiga
tions. On the other hand, no evidence suggests that 
using AI lowers the total costs in the audit engagement 
process. Even if using AI does save costs, audit firms 
do not necessarily pass the cost savings on to their cli
ents. Insights from our semistructured interviews with 
seasoned audit partners support this observation, indi
cating that audit fees have not decreased despite poten
tial cost savings from AI implementation.

One concern is that use of AI is potentially endoge
nous.6 We use an instrumental variable (IV) approach 
to mitigate this concern. We follow Cao et al. (2023) to 
use the supply of AI talent at the local level as an IV for 
using AI. Cao et al. (2023) find that local AI talent sup
ply is positively associated with AI ownership, but 
plausibly exogenous to firms and investors. Following 
the same idea, hiring AI employees is more feasible 
with a larger AI talent supply. However, AI talent sup
ply is unlikely to be directly associated with local labor 
demand for professional services jobs (e.g., the number 
of auditor jobs). We show that our results are robust to 
the IV estimation.7

To provide additional insights into our empirical 
findings and corroborate evidence in the field, we fol
low Donelson et al. (2020) to conduct semistructured 
interviews with 11 seasoned audit partners in the 
United States who integrate AI in their audit engage
ments. These qualitative interviews yield the following 
insights. First, audit firms generally centralize AI 
investments at the national level because of budgetary 
and expertise considerations. Second, although the AI 
tools and technologies are primarily developed cen
trally, their implementation is decided primarily locally 
by the local audit offices. This local implementation of 
AI tools in the field further validates our key measure 
of the use of AI at the local office level. Third, client 
portfolios exert limited influence on AI and human cap
ital investments. Moreover, AI does not significantly 
influence the criteria used for client acceptance. This is 
because audit offices generally adhere to consistent 
standards when selecting clients, regardless of the cli
ents’ involvement with AI technologies. Fourth, using 
AI has not led to a significant reduction in the head
count of auditors. None of the audit partners explicitly 
state that the use of AI has replaced or will replace 

human auditors. Moreover, several audit partners indi
cate that using AI led to an increase in headcount 
because of growth in business. Fifth, there is consensus 
that using AI has improved audit quality by reducing 
the likelihood of errors and identifying better areas for 
audit. Last, using AI has not led to a reduction in audit 
fees. Audit partners cite three main reasons: the high 
cost of initial AI investment, the continuous need to 
comply with audit standards, and the increased com
pensation. Overall, the qualitative evidence from semi
structured interviews corroborates the empirical 
evidence from our empirical analyses.

In addition to our primary analysis, we examine the 
robustness of the findings reported by Fedyk et al. 
(2022). In Online Appendix Section 1, we detail a repli
cation analysis of their study. Although Fedyk et al. 
highlight the reduction in the growth rate of auditor 
jobs due to AI, our analysis suggests a potential lack of 
robustness in their results when Big 4 indicator and 
firm size are not concurrently controlled. This is likely 
due to a high correlation (0.7) between the Big 4 indica
tor and firm size, which may inflate the statistical sig
nificance of the main estimate of AI. This raises 
questions about the strength of the claim that AI 
“ultimately displaces human auditors.” Our findings 
and analyses in the Online Appendix contribute to pre
serving collective memory about the impact of AI in 
the auditing industry.

Our paper makes two main contributions. First, it 
provides large-scale evidence showing that AI use in 
audit firms increases the number of auditor jobs and 
does not replace auditors. Specifically, using AI is asso
ciated with an increased demand for soft skills—such 
as cognitive, efficiency, and customer service—in audi
tor jobs. Given that the demand for soft skills is increas
ing, our finding has immediate implications for audit 
offices planning to use AI. They may consider review
ing and updating their training programs to ensure 
that auditors are adequately equipped with the neces
sary soft skills. Our first-hand interviews with audit 
partners further validate our localized measure of AI 
usage. The audit partners we interviewed confirm that 
AI adoption neither impacts client selection criteria nor 
significantly reduces the auditor headcount. The quali
tative evidence echoes our large-scale empirical 
evidence.

Second, we demonstrate that using AI is associated 
with higher audit quality. Our study is the first to show 
the direct benefits of AI in audit work, specifically in 
reducing going concern errors and improving material 
weakness accuracy. In audit work, auditors can use AI 
to conduct full-population analyses of transactions, 
pinpoint high-risk areas, and automate repetitive tasks. 
These improvements are directly captured by the out
comes of going concern errors and material weakness 
accuracy. The improvements are related to but distinct 
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from the misstatements examined in Fedyk et al. 
because misstatements may arise from technical errors 
or fraud. Examining going concern errors and material 
weakness accuracy allows us to understand better the 
direct impact of using AI on audit work and, ulti
mately, audit quality. The consensus from our inter
views confirms our findings on the direct effects of AI 
in improving audit quality.8

2. Related Literature and Hypotheses
2.1. Artificial Intelligence and Labor Market
Recent advances in AI have raised the possibility that 
AI will take over or significantly change the nature of 
high-skilled workers’ jobs (e.g., lawyers, equity ana
lysts, healthcare professionals). Whereas industrial 
robotic technology mainly affects blue-collar workers 
(e.g., Acemoglu and Restrepo 2019, 2020), AI is likely to 
impact high-skilled workers by replacing labor- 
intensive tasks with the use of AI (Webb 2019).9 Unlike 
other white-collar professions, the audit profession is 
unique because it plays a vital role in verifying and val
idating the financial information firms provide. The 
findings of a recent paper by Brynjolfsson et al. (2018) 
can gauge the audit profession’s uniqueness compared 
with other white-collar professions. Brynjolfsson et al. 
examine the suitability of machine learning based on 
different tasks of each occupation. They find that audi
tors are in the bottom 20% of 964 occupations suitable 
for machine learning, whereas financial analysts (law
yers) are in the top 20% (50%). These findings echo the 
recent ScaleFactor scandal in which even professional 
accountants cast doubt on the scalability of using AI to 
automate bookkeeping in the accounting industry.10

Overall, although we understand that anecdotal evi
dence and surveys consistently suggest that AI appears 
to strongly affect white-collar professions (Dillender 
and Forsythe 2019) or audit industries (Cooper et al. 
2019), it is not entirely clear whether those findings 
would generalize to audit firms in a large archival 
setting.

2.2. Hypotheses
The use of AI in audit offices has important implica
tions for the demand for auditors and the skills audi
tors will need. On the one hand, prior studies have 
shown that AI could replace humans in performing 
routine and repetitive tasks (e.g., Remus and Levy 
2017). Acemoglu and Restrepo (2018) term the displace
ment of human-performed tasks by AI or robotics as 
the displacement effect, showing that it leads to decreased 
labor demand and wages. Similarly, anecdotal and sur
vey evidence indicates that AI can complete specific 
audit tasks significantly more efficiently than human 
auditors (Cooper et al. 2019).11 For example, Christ et al. 
(2021) find that auditors increase efficiency in inventory 

counts by using drones and automated count software 
(e.g., they can reduce count time from 681 hours to 
19 hours). In addition to saving auditor hours, AI 
achieves greater accuracy when dealing with such 
repetitive tasks. If AI can take on many routine audit 
tasks, audit offices using AI could save labor input and 
have fewer auditor jobs in the future. In other words, 
audit firms could substitute the labor input in audit 
firms with AI and reduce the demand for human 
auditors.

However, AI may not be a perfect substitute for audi
tors for several reasons. First, auditors’ key tasks rely 
on their professional judgments. Prior literature sug
gests that it is difficult for AI to replace nonroutine 
tasks that require higher cognitive skills (e.g., Autor 
et al. 2003, Brynjolfsson et al. 2018). In fact, Acemoglu 
and Restrepo (2018) show that the substitution effect of 
AI for repetitive tasks could create a productivity effect. 
As the use of AI lowers production costs, it eventually 
increases the demand for labor in nonautomated tasks, 
which likely involve more professional judgment by 
human auditors. Second, AI cannot replace social inter
action among humans. Prior literature shows that 
social interaction among auditors, or between clients 
and auditors, is an important channel for local knowl
edge sharing (e.g., Guan et al. 2016; He et al. 2017, 2022; 
Beck et al. 2019). Third, audit firms could divert their 
resources (i.e., labor saved from mundane tasks) to 
audit high-risk areas. Therefore, using AI might not 
lower the overall demand for labor input in audit firms 
because of the complementary role of AI for human 
auditors. As mentioned earlier in the Introduction, 
Babina et al. (2024) show that AI-investing firms have a 
21.7% increase in job growth from 2010 to 2018. In view 
of the above, we state our first testable hypothesis in the 
null form as follows:

Hypothesis 1. Use of AI in local audit offices is not associ
ated with the number of auditor jobs.

Viewing an occupation as a cluster of tasks (Autor 
et al. 2003), we form our second set of research ques
tions on how AI reshapes the tasks of the auditing occu
pation. Specifically, we examine the effects of AI on 
employees’ skill requirements. Autor et al. (2003) find 
that computerization reduces the labor input of routine 
tasks but increases the labor input of nonroutine cogni
tive tasks. If some auditing tasks are more prone to be 
replaced by AI, the skills required in the same jobs 
could substantially change after an audit office begins 
using AI. For example, using AI could help auditors 
flag unusual patterns and identify anomalies in 
accounting records. Using AI in this way might require 
auditors to acquire more soft skills (e.g., cognitive 
skills) to analyze patterns and outliers. At the same 
time, using AI might also require auditors to communi
cate better with colleagues and clients, as Deming 
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(2017) documents the increasing importance of social 
skills in reducing coordination costs. Such social skills 
could be associated with better audit quality (Ham et al. 
2022). For example, one survey respondent in Cooper 
et al. (2019) suggests that using robotic process automa
tion (RPA) software often requires extensive collabora
tion between accountants and software programmers.

Hypothesis 2. Use of AI in audit offices is associated with 
an increased demand for soft skills.

Last, using AI could affect audit quality and audit fees. 
First, we examine whether using AI could improve audit 
quality, an important issue regulators are concerned 
about (Public Company Accounting Oversight Board 
2020a, b). As AI helps auditors reduce the time they 
spend processing mundane and repetitive tasks, audit 
firms could better allocate their resources to high-risk 
areas. Allocating additional resources to examining high- 
risk areas could help auditors detect and correct clients’ 
misreporting. Anecdotal evidence suggests that using AI 
could require less auditor input and improve audit effi
ciency (Ernst & Young 2019).

Furthermore, new AI technology could help audit 
firms detect unidentified risks (Public Company 
Accounting Oversight Board 2020b), such as internal 
control risks and client firms’ going concern risks (e.g., 
Ernst & Young uses machine learning to detect anoma
lies in invoicing). Greater access to nonauditor person
nel with different expertise could also help improve 
audit quality (Sherwood et al. 2020). Therefore, we state 
our third testable hypothesis about the effect of AI use 
on audit quality as follows:

Hypothesis 3. Use of AI in audit offices is associated with 
improved audit quality.

Last, we examine whether using AI could affect audit 
fees. Even though using AI could help improve audit 
efficiency and save costs, it may also increase audit fees 
because of the cost structure of audit fees, which are 
determined by both fixed costs (e.g., investment in AI 
technology) and variable costs (e.g., primarily labor 
cost). As a result, audit offices could bear additional 
overhead costs ranging from increasing investments in 
software and salary premiums paid to AI employees to 
costs of training employees to use AI tools. If the 
increase in the fixed costs outweighs the saved variable 
costs, audit firms could increase audit fees to cover 
their total costs (see the interviews with chief audit 
executives in Eulerich et al. 2023). Furthermore, audit 
firms might not reduce their total audit hours, as they 
could reallocate the audit hours saved by using AI to 
high-risk areas to improve their audit quality. There
fore, the opposing effects of AI investments on the fixed 
costs and variable costs of audit fees might not guaran
tee a reduction in audit fees. Overall, the impact of 
using AI on audit fees is unclear ex ante. Therefore, we 

state our fourth testable hypothesis about the effect of 
using AI on audit fees in the null form as follows:

Hypothesis 4. Use of AI in audit offices is not associated 
with audit fees.

3. Data
Our main samples come from two large data sets: 
resume data from Revelio Labs and job posting data 
from Burning Glass. Revelio Labs is a leading work
force intelligence company specializing in collecting 
public employment records to create a resume and pro
file database of individuals (Li et al. 2022). The resume 
data allow us to pinpoint precisely when auditors and 
AI employees were hired in each audit office, and what 
main tasks employees perform in each job position. 
Our job posting data come from Burning Glass from 
2010 to 2019. Burning Glass is an employment data ana
lytics firm that provides real-time data on job postings 
and skills in demand. Accounting researchers have 
used job posting data to investigate several topics, 
including how firms’ hiring practices respond to inter
nal control weaknesses (Ege et al. 2023b, Gao et al. 
2023), the overall trend in skill demands in the audit 
profession (Ham et al. 2022), and the impact of labor 
market competition on audit quality (Ege et al. 2023a, 
Aobdia et al. 2024). For brevity, we discuss the details 
and potential limitations of these two data sources in 
Online Appendix Section 2.

We construct our main sample as follows. First, we 
collect 1.1 million resumes of employees working in 
U.S. audit firms from Revelio Labs. Next, we manually 
match the employers’ names in Revelio Labs with the 
names of auditors in Audit Analytics. Then, we extract 
the city locations of local audit offices from the Audit 
Opinion files in Audit Analytics. To minimize false 
positives, we retain only those jobs by audit offices 
with the same name and the same city in both Revelio 
Labs and Audit Analytics. After the manual matching, 
we have over 407,000 resumes in 193 cities and 47 states 
from 2010 to 2019.12 This resume sample is about 30% 
(� [407,000� 310,000] ÷ 310,000) larger than that used 
by Fedyk et al. (2022). As our main unit of analysis is at 
the local audit office-year level, we aggregate all jobs at 
that level (i.e., audit office-year level). Because our 
regression analysis requires lagged variables, our final 
sample starts in 2011. Our final main sample for empiri
cal analyses is a panel of 4,417 audit office-year obser
vations based on 648 audit offices of 163 audit firms 
from 2011 to 2019.

To obtain audit offices’ job posting data, we manu
ally match the employers’ names in Burning Glass with 
the names of auditors in our main sample. We also 
require each employer to have at least 10 job postings 
during the sample period. In addition, we follow the 
norm in the literature to exclude internships as they are 
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short term, usually involve fewer jobs, and have less 
clear job requirements. After the manual matching, we 
have 34,839 job postings of audit offices in our main 
sample.

For our client-level analysis, we merge Compustat 
data with Audit Analytics using historical Central 
Index Key (CIK) codes. We keep firm-year observa
tions, in which the firms are clients of the audit offices 
in our main sample. After we require the availability of 
control variables in our client-level analysis, our final 
sample of client firms is a panel of 18,097 client firm- 
year observations based on 2,965 unique firms from 
2011 to 2019.

4. Main Results: Auditors
4.1. Sample Overview
We first present the descriptive statistics of our sample. 
Table 1, panel A, gives an overview of our final sample. 
The top 10 audit firms account for about 70% of all audit 
office-year observations. KMPG has the highest number 
of observations, followed by the other Big 4 audit firms 
(Ernst & Young, PricewaterhouseCoopers, and Deloitte 
& Touche). In total, Big 4 audit firms account for about 
48% of our audit office-year observations. Panel B of Table 
1 tabulates the number of observations by geographic 
location. Twelve percent of observations represent audit 
offices in California, followed by New York and Texas. 
New York City (where the Big 4’s headquarters are 
located) has the highest number (about 4%) of audit 
office-year observations, followed by Houston and Dallas.

We now examine the growth and geographic distri
bution of AI jobs. As mentioned in the Introduction, we 
classify an employee as an AI employee if the job title or 
job description contains any of the AI keywords used in 
Babina et al. (2024) and Fedyk et al. (2022). About 0.41% 
of employees of audit offices in our final sample are 
classified as AI employees.13 Figure 1 reports the 
growth of AI jobs in the audit industry. We make two 
notable observations. First, the number of AI jobs in this 
sector has risen consistently and doubled from 2010 to 
2019. Second, Big 4 audit firms have been much quicker 
to recruit AI employees than non-Big 4 audit firms. In 
2019, Big 4 audit firms hired around three times more 
AI employees than their non-Big 4 counterparts.

Figure 2 presents the distribution of AI employees by 
state. Figure 2(a) displays the average number of AI 
employees per state, whereas Figure 2(b) shows the 
percentage of AI employees by state. Despite the com
mon assumption that California has the most AI 
employees, Table 1, panel C, indicates that Illinois, 
New York, and Georgia actually have the highest num
ber of AI employees. Panel D shows that the cities with 
the highest number of AI employees are New York, 
Chicago, and Atlanta. When we account for the total 
number of employees in our analysis, the top locations 

for AI employees shift. If Washington, DC, were a state, 
it would have the highest percentage of AI employees 
(0.217%), followed by Wisconsin (0.189%), Arizona 
(0.186%), and Illinois (0.184%). In contrast, the cities 
with the highest percentage of AI employees are Knox
ville, TN; Scottsdale, AZ; and Madison, WI. The sum
mary statistics of the main variables in our analyses are 
in Table 2.

4.2. Which Audit Offices Hire AI Employees?
In this section, we first ask what drives audit offices to 
hire AI employees. We estimate the following Cox pro
portional hazards model:

H(t |Xjt�1) � H0(t) × exp(βXjt�1) (1) 

The model estimates a hazard function (H) that predicts 
the probability that a failure event has occurred at an 
audit office j in a given year t. In our context, the failure 
event occurs when an audit office first hires an AI 
employee. Hence, we construct Use of AI to capture the 
event, where Use of AI is an indicator variable that equals 
one after an audit office has hired an AI employee.

X includes variables that could be associated with 
the likelihood that a local audit office will hire AI 
employees.14 We also control for a spectrum of time- 
varying local county characteristics such as education, 
population, age, and income that could be associated 
with the likelihood of hiring AI employees in a local 
audit office.15 As the residuals are likely correlated 
within a local audit office, we cluster all standard errors 
by local audit office.

Online Appendix Table 1 summarizes the results. 
Column 1 reports the coefficients under a Cox propor
tional hazards model. A positive coefficient of the Cox 
proportional hazards model suggests a shorter time 
span for an audit office to hire its first AI employee. We 
find that audit offices that belong to Big 4 audit firms 
and those that receive more audit fees hire AI employ
ees earlier than other audit offices. The results suggest 
that larger audit offices have more resources to use AI 
than smaller audit offices. An audit office also hires AI 
employees later if it has a higher staff turnover. This 
evidence suggests that audit offices have fewer incen
tives to use AI if they need to hire new staff to replace 
outgoing staff more frequently. For the time-varying 
local county characteristics, we find that an audit office 
hires AI employees earlier when it is located in a county 
with a better-educated, larger, and younger population.

Because it is difficult to interpret the estimates of the 
Cox proportional hazards model, in column 2 we reesti
mate the same specification using a linear probability 
model (LPM) for ease of interpretation. The signs of all 
estimates are identical to those in column 1. As the speci
fication is estimated using LPM, we can directly interpret 
the economic magnitude. The strongest determinant is 
whether an audit office is a Big 4 auditor: audit offices of 
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Table 1. Sample Overview

Panel A. By audit firm

Name of auditors
# Audit Office-Year % Audit Office-Year

(1) (2)

KPMG 569 12.88
Ernst & Young 551 12.47
PricewaterhouseCoopers 492 11.14
Deloitte & Touche 491 11.12
Grant Thornton 306 6.93
BDO 299 6.77
RSM 147 3.33
Moss Adams 101 2.29
BKD 73 1.65
Baker Tilly Virchow Krause 64 1.45
Others 1,324 29.97
Total 4,417 100.00

Panel B. By geography

Rank Top 10 states % Obs Top 10 cities % Obs

1 California 12.02 New York 4.10
2 New York 8.58 Houston 2.83
3 Texas 7.52 Dallas 2.24
4 Florida 6.84 Minneapolis 2.04
5 Ohio 4.57 Tampa 2.04
6 Pennsylvania 4.19 Los Angeles 1.99
7 North Carolina 4.10 Atlanta 1.90
8 New Jersey 3.19 Boston 1.77
9 Virginia 2.97 Charlotte 1.74
10 Missouri 2.81 Denver 1.74

Panel C. AI employees by state, including Washington, DC

Rank Top 10 # AI employees Top 10 % AI employees

1 Illinois 5.831 Washington, DC 0.217
2 New York 4.075 Wisconsin 0.189
3 Georgia 3.610 Arizona 0.186
4 Massachusetts 2.006 Illinois 0.184
5 Washington, DC 1.600 Washington 0.177
6 Colorado 1.094 North Carolina 0.172
7 Washington 1.019 Georgia 0.161
8 Texas 0.937 Colorado 0.151
9 California 0.766 Minnesota 0.141
10 North Carolina 0.727 California 0.130

Panel D. AI employees by city, including Washington, DC

Rank Top 10 # AI employees Top 10 % AI employees

1 New York, NY 8.237 Knoxville, TN 1.220
2 Chicago, IL 6.915 Scottsdale, AZ 0.996
3 Atlanta, GA 3.722 Madison, WI 0.442
4 Boston, MA 2.403 San Ramon, CA 0.338
5 Dallas, TX 1.969 Short Hills, NJ 0.338
6 Los Angeles, CA 1.960 Irvine, CA 0.332
7 Washington, DC 1.600 Arlington, VA 0.310
8 Seattle, WA 1.593 Seattle, WA 0.261
9 Denver, CO 1.376 Austin, TX 0.248
10 McLean, VA 1.372 Raleigh, NC 0.234

Notes. Panel A tabulates the sample by audit firm. Panel B lists the top 10 states and cities of audit 
offices. We rank all states (cities) based on the number of audit offices in each state (city) across all 
years in the sample period. Panels C and D list the top 10 states and cities (including Washington, DC) 
with the highest number and percentage of AI employees. We calculate the average number 
(percentage) of AI employees in each state (city) in the following two steps: we first compute the cross- 
sectional average number (percentage) of AI employees across all audit offices in a state (city) in a 
given year. Then, we compute the time-series average of the cross-sectional average number 
(percentage) of AI employees for each state (city). Obs, observations.
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the Big 4 audit firms are 12.2% more likely to hire AI 
employees than the audit offices of non-Big 4 audit firms.

4.3. More Auditors
This section examines whether, relative to audit offices 
that do not yet have AI employees, audit offices with 

AI employees have an increased number of auditors. 
We estimate the following DiD specification:

# Auditorsjt � β(Use of AI)jt + Xjt + δj + γt + εjt (2) 

The dependent variable (# Auditors) is the number of 
auditors at an audit office j in a given year t.16 As 

Figure 1. (Color online) Growth of AI Employees 

Notes. The figure summarizes the percentage of AI employees by year. Employees are identified as AI employees if their job titles or job descrip
tions contain the AI keywords in Babina et al. (2024) and Fedyk et al. (2022). Three lines with different markers represent three distinct groups: 
(1) non-Big 4 audit firms from our main sample (the line marked with circles), (2) Big 4 audit firms (the line marked with diamonds), and (3) all 
audit firms (the line marked with triangles).

Figure 2. (Color online) Geographical Distribution of AI Employees 

Notes. The maps summarize the distribution of AI employees by state. (a) Summary of average number of AI employees by state. (b) Summary 
of average percentage of AI employees by state. First, we calculate the cross-sectional average number (percentage) of AI employees in all audit 
offices in a state in a given year. Second, we calculate the time-series average for each state across all years. The key on the bottom right of (a) 
refers to the average number of AI employees, and the key on the bottom right of (b) refers to the average percentage of AI employees (in basis 
points for readability).
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Table 2. Summary Statistics

Variables
Mean Stdev 25th 50th 75th # Obs.

(1) (2) (3) (4) (5) (6)

Table 3 (audit office level)
Use of AI 0.204 0.403 0 0 0 4,417
# Auditors and Tax Advisors 126.991 256.036 22 53 126 4,417
# Auditors 77.459 144.985 13 34 82 4,417
# Tax Advisors 47.939 109.977 6 18 45 4,417
# Consultants 59.738 223.362 1 7 32 4,417
Complexity 4.983 4.608 2 3 7 4,417
Market Share 0.280 0.330 0.016 0.155 0.400 4,417
# Clients 9.209 12.202 2 5 11 4,417
Market Competition 5.800 2.639 4 6 8 4,417
Staff Turnover 0.230 0.103 0.188 0.231 0.275 4,417
$ Audit Fees (Ln) 14.972 2.162 13.257 15.049 16.643 4,417

Table 4 (audit office level)
# Junior Auditors 51.102 100.228 7 21 54 4,417
# Midlevel Auditors 23.901 45.518 4 10 25 4,417
# Senior Auditors 2.456 4.099 0 1 3 4,417
Junior to Senior Ratio 13.243 20.192 0 6.75 19.714 4,417

Table 5, panel A (job posting level)
Cognitive Skills 0.521 0.500 0 1 1 34,839
Efficiency Skills 0.387 0.487 0 0 1 34,839
Creativity Skills 0.077 0.266 0 0 0 34,839
Writing Skills 0.108 0.311 0 0 0 34,839
Social Skills 0.532 0.499 0 1 1 34,839
Customer Service Skills 0.468 0.499 0 0 1 34,839
Management Skills 0.489 0.500 0 0 1 34,839
People Management Skills 0.016 0.124 0 0 0 34,839
Project Management Skills 0.421 0.494 0 0 1 34,839

Table 5, panel B (job posting level)
General Software Skills 0.023 0.151 0 0 0 34,839
Business Systems Skills 0.375 0.484 0 0 1 34,839
Database Skills 0.065 0.246 0 0 0 34,839
Data Skills 0.114 0.318 0 0 0 34,839
Machine Learning Skills 0.033 0.178 0 0 0 34,839
Artificial Intelligence Skills 0.019 0.135 0 0 0 34,839
Automation Skills 0.013 0.115 0 0 0 34,839
Robotic Process Automation Skills 0.013 0.113 0 0 0 34,839

Table 5, panel C (job posting level)
# Soft Skills 3.018 1.931 1 3 5 34,839
# Hard Skills 0.655 1.048 0 0 1 34,839
Soft-to-Hard Skill Ratio 0.281 0.253 0.089 0.250 0.500 34,839

Table 6 (audit office level)
AI Talent Supply 0.013 0.004 0.010 0.012 0.015 4,417

Table 7 (audit office level)
Use of AI (Alternative) 0.266 0.442 0 0 1 4,417
# RPA 1.135 5.435 0 0 0 4,417

Table 8 (client level)
Going Concern Error 0.018 0.134 0 0 0 18,097
Going Concern Error (Type 1) 0.015 0.123 0 0 0 18,097
Going Concern Error (Type 2) 0.003 0.054 0 0 0 18,097
Material Weakness Error 0.008 0.088 0 0 0 14,934

Table 9 (client level)
Restatements 0.142 0.349 0 0 0 14,479
Big R Restatements 0.034 0.182 0 0 0 14,479
Little R Restatements 0.108 0.310 0 0 0 14,479
SEC Investigation 0.008 0.088 0 0 0 14,479

Notes. This table reports the summary statistics for the variables in this study. Detailed definitions of all variables are in Appendix A.
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previously mentioned, Use of AI is an indicator variable 
that equals one after an audit office has hired an AI 
employee. Our main variable of interest is β. A positive 
β indicates that relative to audit offices that do not yet 
have AI employees, those that have AI employees have 
an increased number of auditors.

The DiD research design is similar to that of Bertrand 
and Mullainathan (2003). The first difference compares 
the number of auditors before and after audit offices 
hire AI employees. The second difference compares the 
number of auditors in the control group. The DiD esti
mator measures the difference between the first and the 
second differences. The staggered hiring of AI employ
ees means that the control group is not restricted to 
audit offices that never have any AI employees; rather, 
it implicitly includes all audit offices that do not have 
AI employees at the same time as a particular treated 
audit office, even if the audit offices already have hired 
AI employees or will have AI employees later on.17

We include two sets of high-dimensional fixed effects 
in the specification. Audit Office FEs (δ) absorbs any 
time-invariant heterogeneity between audit offices.18

Year FEs (γ) absorbs any changes in macroeconomic 
conditions in a given year. With these two sets of fixed 
effects, the two-way fixed effects specification is a DiD 
specification. X is a vector of control variables, includ
ing Complexity, Market Share, # Clients, Market Competi
tion, Staff Turnover, and $ Audit Fees. Because local job 

market conditions are likely to be correlated by local 
area and year, we cluster all standard errors by Metro
politan Statistical Area (MSA)-year. Regressions are 
weighted by the number of employees at an audit office 
in a given year to account for the heterogeneity in audit 
office size.19

Table 3 summarizes the results. In column 1, we first 
use the number of auditors and tax advisors at an audit 
office in a given year as the dependent variable. We 
find that relative to audit offices that do not yet have AI 
employees, those that do have AI employees have an 
increased number of auditors and tax advisors. In col
umns 2–3, we decompose the dependent variable, 
# Auditors and Tax Advisors, into the number of auditors 
(# Auditors) and the number of tax advisors (# Tax Advi
sors). We find that the main effects are observed among 
auditors (column 2) but not tax advisors (column 3). 
Because all dependent variables are in natural loga
rithm, the estimate of Use of AI translates into a 4.3% 
increase in the number of auditors. In column 4, we 
focus on the number of consultants and repeat the 
same exercise. We find that relative to audit offices that 
do not yet have AI employees, those that have AI 
employees do not have an increased number of 
consultants.

We further classify auditors by their level of seniority 
and reestimate Equation (2) using the following mea
sures. # Junior Auditors is the number of junior auditors 

Table 3. More Auditors

Independent variables

Dependent variables

# Auditors and Tax Advisors (Ln) # Auditors (Ln) # Tax Advisors (Ln) # Consultants (Ln)
(1) (2) (3) (4)

Use of AI 0.023** 0.043*** �0.004 0.013
(2.06) (3.36) (�0.28) (0.67)

Complexity 0.002 0.004 �0.000 �0.000
(0.88) (1.22) (�0.00) (�0.09)

Market Share 0.099* 0.060 0.106* 0.035
(1.96) (1.04) (1.79) (0.48)

# Clients (Ln) 0.014 0.006 0.022 0.109***
(0.81) (0.24) (1.23) (3.44)

Market Competition �0.004 0.002 �0.012** �0.010
(�0.81) (0.37) (�2.04) (�1.04)

Staff Turnover 0.662*** 0.844*** 0.386*** 0.191*
(6.08) (6.37) (3.67) (1.72)

$ Audit Fees (Ln) 0.034*** 0.046*** 0.021* 0.006
(2.94) (3.35) (1.75) (0.43)

Audit Office FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
# Observations 4,417 4,417 4,417 4,417
Adjusted R2 0.995 0.992 0.992 0.990

Notes. This table reports the coefficient estimates of ordinary least squares model regressions. Each observation is at the audit office-year level. # 
Auditors and Tax Advisors is the number of auditors and tax advisors at an audit office in a given year. # Auditors is the number of auditors at an 
audit office in a given year. # Tax Advisors is the number of tax advisors at an audit office in a given year. # Consultants is the number of 
consultants at an audit office in a given year. Use of AI is an indicator variable that equals one after an audit office has hired an AI employee. Our 
sample period is from 2011 to 2019. Regressions are weighted by the number of employees at an audit office in a given year. Standard errors 
clustered by MSA-year. Intercepts are included for estimation but not tabulated. FEs, fixed effects.

***, **, and * indicate two-tailed t-statistics in parentheses with statistical significance at the 1%, 5%, and 10% levels, respectively.
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at an audit office in a given year. # Midlevel Auditors is 
the number of midlevel auditors at an audit office in a 
given year. # Senior Auditors is the number of senior 
auditors at an audit office in a given year. Junior to 
Senior Ratio is the ratio of junior auditors to senior audi
tors at an audit office in a given year.

Table 4 summarizes the results. We find that the 
increase is observed mainly among junior and midlevel 
auditors (columns 1–2) but not among senior auditors 
(column 3). The estimate of Use of AI in column 1 (2) 
translates into a 4.7% (3.3%) increase in the number of 
junior (midlevel) auditors. In column 4, we focus on the 
ratio of junior auditors to senior auditors and repeat 
the same exercise. We find that relative to audit offices 
that do not yet have AI employees, those that have AI 
employees have a higher ratio of junior auditors to 
senior auditors.

Overall, these results suggest that relative to audit 
offices that do not yet hire AI employees, those that 
hire AI employees have an increased number of audi
tors. The increase in the number of auditors is driven 
mainly by junior and midlevel auditors. Our evidence 
suggests that rather than displacing auditors, the use of 
AI in auditing can actually create more job opportuni
ties for auditors.

4.4. Soft and Hard Skills
This section examines whether audit offices change 
skill requirements in auditor jobs after hiring AI 
employees. Our earlier results do not reveal whether 
the skills required in auditor jobs change after auditor 
offices hire AI employees. Using AI could alter skill 
requirements in auditor jobs, as it changes key audit 
tasks. It could also reduce the need to hire auditors 
with hard and technical computer/software skills, and 
increase the need to hire auditors with soft and non
technical skills.

We follow Deming and Noray (2020) to code the skills 
in Burning Glass’s auditor job postings into various cat
egories. Cognitive Skills is an indicator variable that 
equals one if an auditor job requires cognitive skills 
(e.g., problem solving, decision making, analysis). Effi
ciency Skills is an indicator variable that equals one if an 
auditor job requires efficiency skills (e.g., time manage
ment, prioritizing tasks, goal setting).20 The other seven 
skills include creativity skills, writing skills, social skills, 
customer service skills, management skills, people- 
management skills, and project-management skills. To 
conserve space, we tabulate their definitions in Appen
dix A. Collectively, these nine nontechnical skills 
account for the soft skills mentioned in auditor job 
postings.

We continue to use the same specification as in Table 3
and replace Year FEs with the more granular Job Title ×
Year FEs. To ensure that our results capture the change in 
skill requirements for the same auditor job, Job Title ×
Year FEs absorbs the time-series variation in skill require
ments within the same job title over time (e.g., a general 
increase in demand for specific skills for the same job 
title). With Job Title × Year FEs, our DiD estimation essen
tially compares the change in skill requirements for the 
same auditor job in the same audit office before and after 
it hires AI employees. Each unit of observation is an audi
tor job posting from 2011 to 2019. As the residuals are 
likely correlated within a job title, we cluster all standard 
errors by job title.

Table 5, panel A, summarizes these results. In col
umns 1 and 2, we find that relative to audit offices that 
do not yet have AI employees, those that have AI 
employees are 0.019 (0.017) more likely to require cog
nitive (efficiency) skills for the same auditor job in the 
same audit office. Relative to the sample mean of Cogni
tive Skills (Efficiency Skills), the estimate translates into 
about a 3.6% (4.4%) increase in the likelihood of 

Table 4. More Junior Auditors

Independent variables

Dependent variables

# Junior Auditors (Ln) # Midlevel Auditors (Ln) # Senior Auditors (Ln) Junior to Senior Ratio (Ln)
(1) (2) (3) (4)

Use of AI 0.047*** 0.033** �0.036 0.159**
(3.32) (2.08) (�1.41) (2.21)

Control variables Identical to those in Table 3
Audit Office FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
# Observations 4,417 4,417 4,417 4,417
Adjusted R2 0.987 0.987 0.960 0.761

Notes. This table reports the coefficient estimates of ordinary least squares model regressions. Each observation is at the audit office-year level. # 
Junior Auditors is the number of junior auditors at an audit office in a given year. # Midlevel Auditors is the number of midlevel auditors at an 
audit office in a given year. # Senior Auditors is the number of senior auditors at an audit office in a given year. Junior to Senior Ratio is the ratio of 
junior auditors to senior auditors at an audit office in a given year. Use of AI is an indicator variable that equals one after an audit office has hired 
an AI employee. Our sample period is from 2011 to 2019. Regressions are weighted by the number of employees at an audit office in a given 
year. Standard errors are clustered by MSA-year. Intercepts are included for estimation but not tabulated.

***, **, and * indicate two-tailed t-statistics with statistical significance at the 1%, 5%, and 10% levels, respectively.
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requiring cognitive skills (efficiency skills) for the same 
auditor job in the same office.21 The results on Cognitive 
Skills and Efficiency Skills suggest that auditors are 
required to be more efficient when their jobs require 
more cognitive skills. In column 6 on Customer Service 
Skills, we observe the same pattern. Relative to audit 
offices that do not yet have AI employees, audit offices 
that have AI employees are 3.0% (� 0.014÷ 0.468) more 
likely to require customer service skills for the same 
auditor job in the same audit office. The results are con
sistent with the findings in prior studies that the use of 
AI does not reduce the demand for skills involved in 
nonroutine tasks, such as cognitive skills (e.g., Autor 
et al. 2003, Brynjolfsson et al. 2018, Aobdia et al. 2024).22

A natural question is whether hiring AI employees 
could reduce the need to hire auditors with hard skills, 
such as specific technical skills in computers and soft
ware. Therefore, we construct the following skill vari
ables to capture the demand for hard computer skills. 
General Software Skills is an indicator variable that 
equals one if an auditor job requires software skills 
(e.g., Excel, Microsoft Office). The other seven variables 
on hard, technical computer skills are business systems 
skills, database skills, data skills, machine learning 
skills, artificial intelligence skills, automation skills, and 
robotic process automation skills.

We summarize the results in Table 5, panel B. In col
umn 1, the dependent variable is General Software Skills. 

Table 5. Soft and Hard Skills

Panel A. Soft skills

Independent variables

Dependent variables

Cognitive 
Skills

Efficiency 
Skills

Creativity 
Skills

Writing 
Skills

Social 
Skills

Customer 
Service Skills

Management 
Skills

People 
Management Skills

Project 
Management Skills

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Use of AI 0.019** 0.017** 0.002 �0.007 0.001 0.014* �0.007 0.004 0.011
(2.09) (2.27) (0.74) (�1.44) (0.11) (1.84) (�0.79) (1.57) (1.61)

Control variables Identical to those in Table 3
Audit Office FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes
Job Title × Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 34,839 34,839 34,839 34,839 34,839 34,839 34,839 34,839 34,839
Adjusted R2 0.756 0.801 0.883 0.837 0.819 0.793 0.774 0.859 0.813

Panel B. Hard skills

Independent variables

General 
Software Skills

Business 
Systems Skills

Database 
Skills

Data 
Skills

Machine 
Learning Skills

Artificial 
Intelligence 

Skills
Automation 

Skills
Robotic Process 

Automation Skill
(1) (2) (3) (4) (5) (6) (7) (8)

Use of AI 0.002* 0.006 �0.001 �0.000 �0.001 0.000 �0.002 �0.001
(1.83) (0.74) (�0.40) (�0.07) (�0.52) (0.04) (�1.21) (�1.09)

Control variables Identical to those in Table 3
Audit Office FEs Yes Yes Yes Yes Yes Yes Yes Yes
Job Title × Year FEs Yes Yes Yes Yes Yes Yes Yes Yes
Observations 34,839 34,839 34,839 34,839 34,839 34,839 34,839 34,839
Adjusted R2 0.844 0.822 0.877 0.864 0.833 0.846 0.840 0.838

Panel C. Soft to hard skills

Independent variables
# Soft Skills (Ln) # Hard Skills (Ln) Soft-to-Hard Skill Ratio

(1) (2) (3)

Use of AI 0.029** 0.004 0.007*
(2.38) (0.56) (1.86)

Control variables/FEs Identical to those in Table 3
Observations 34,839 34,839 34,839
Adjusted R2 0.751 0.853 0.816

Notes. This table reports the coefficient estimates of ordinary least squares model regressions. Each observation is at the job posting level. In 
panels A and B, the dependent variables are a set of indicator variables on skill requirements in each auditor job posting. For example, Cognitive 
Skills is an indicator variable that equals one if an auditor job requires cognitive skills (e.g., problem solving, decision making, analysis). In panel 
C, # Soft Skills is the sum of soft skills in panel A, and # Hard Skills is the sum of hard skills in panel B. Soft-to-Hard Skill Ratio is Scaled # Soft Skills 
minus Scaled # Hard Skills. Scaled # Soft Skills divides # Soft Skills by the maximum possible number of soft skills each year. Scaled # Hard Skills 
divides # Hard Skills by the maximum possible number of hard skills each year. A higher Soft-to-Hard Skill Ratio means that an auditor job 
requires more soft skills than hard skills. Use of AI is an indicator variable that equals one after an audit office has hired an AI employee. Our 
sample period is from 2011 to 2019. Standard errors are clustered by job title. Intercepts are included for estimation but not tabulated.

***, **, and * indicate two-tailed t-statistics with statistical significance at the 1%, 5%, and 10% levels, respectively.
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The estimated coefficient of Use of AI is positive but 
marginally significant. We find that relative to audit 
offices that do not yet have AI employees, audit offices 
that have AI employees are 8.7% (� 0.002÷ 0.023) more 
likely to require general software skills for the same 
auditor job in the same audit office. Because general 
software programs such as Microsoft Office and Excel 
are essential tools for auditors, we interpret the increase 
as indicating that audit firms place greater emphasis on 
skill proficiency. On the other hand, the estimated coef
ficients are all insignificant in the other columns. The 
evidence suggests that audit offices with AI employees 
are not more likely to require more specific technical 
skills in computers and software (e.g., machine learn
ing, deep learning, natural language processing). The 
evidence, however, does highlight an enhanced focus 
on general software proficiency.

In the last part of our analyses, we examine the 
aggregate number of soft and hard skills. We construct 
# Soft Skills as the sum of all nine soft skills in panel A, 
and # Hard Skills as the sum of all eight hard skills in 
panel B. We summarize the results in panel C. The 
results in column 1 suggest that relative to audit offices 
that do not yet have AI employees, audit offices that 
have AI employees require 2.9% more soft skills for the 
same auditor job in the same audit office. On the other 
hand, we do not observe a symmetric pattern for hard 
skills in column 2. In column 3, we construct a ratio that 
combines # Soft Skills and # Hard Skills. Specifically, we 
construct Soft-to-Hard Skill Ratio as Scaled # Soft Skills 
minus Scaled # Hard Skills. Scaled # Soft Skills divides # 
Soft Skills by the maximum possible number of soft 
skills each year. Scaled # Hard Skills divides # Hard Skills 
by the maximum possible number of hard skills each 
year. A higher Soft-to-Hard Skill Ratio means that an 
auditor job requires more soft skills than hard skills. In 
column 3, we find that relative to audit offices that do 
not yet have AI employees, audit offices that have AI 
employees require more soft skills than hard skills for 
the same auditor job in the same audit office.

Overall, audit offices change the skill requirements 
for auditor jobs after hiring AI employees. Our evi
dence suggests that hiring AI employees is associated 
with an increased demand for soft skills—such as cog
nitive abilities, efficiency, and customer service—in 
auditor jobs. The evidence also indicates that audit 
offices hiring AI employees reduce the need to hire 
auditors with hard and technical computer and soft
ware skills. Instead, after hiring AI employees, audit 
offices substitute the demand for hard skills in auditor 
job postings with the demand for soft skills. Given that 
the demand for soft skills is increasing, audit offices 
that hire AI employees may want to consider reviewing 
and updating their training programs to ensure that 
auditors are adequately equipped with the necessary 
soft skills.

4.5. IV Estimations
Our main specification relies on the identification that 
comes from the staggered hiring of AI employees at the 
audit office level.23 To further mitigate the endogeneity 
concern, we use two sets of instrumental variables for 
Use of AI. First, we use the AI talent supply as an instru
mental variable for Use of AI. Cao et al. (2023) find that 
local AI talent supply (i.e., the percentage of population 
with college or graduate degrees in information tech
nology) is positively associated with AI ownership, but 
plausibly exogenous to firms and investors. As hiring 
AI employees is more feasible with a larger AI talent 
supply, such AI talent supply is unlikely to be directly 
associated with local labor demand for professional ser
vices jobs (e.g., the number of auditors).

Table 6 summarizes the results. We construct AI Talent 
Supply as the percentage of the labor force with college or 
graduate-school degrees in information technology at the 
state-year level. In column 1, AI Talent Supply is positively 
associated with Use of AI at the local audit office level, 
which satisfies the relevance condition of a valid instru
ment variable. The first-stage F-statistic is above the 
threshold of 10, indicating that AI Talent Supply is a strong 
instrument (Stock and Yogo 2002). In column 2, the esti
mate of Instrumented Use of AI remains positive and statis
tically significant at the 5% level.

Second, we follow Forman et al. (2012) to use the 
number of historical Advanced Research Projects 
Agency Network (ARPANET) nodes as an instrument 
for the use of AI.24 As the ARPANET nodes are histori
cal communication choices for the exclusive needs of 
the military and universities, such historical choices are 

Table 6. IV Estimation

Independent variables

Dependent variables

First stage Second stage
Use of AI # Auditors (Ln)

(1) (2)

Instrumented Use of AI 0.779**
(2.01)

AI Talent Supply 10.367***
(3.17)

Control variables Identical to those in Table 3
Audit Office FEs Yes Yes
Year FEs Yes Yes
Observations 4,417 4,417
First-stage F-statistic 10.06

Notes. This table reports the two-stage least squares model 
regressions. Each observation is at the audit office-year level. In 
column 2, Use of AI is instrumented with AI Talent Supply, which is 
the percentage of labor force with college or graduate-school degrees 
in information technology at the state-year level. Our sample period 
is from 2011 to 2019. Standard errors are clustered by local audit 
office and year. Intercepts are included for estimation but not 
tabulated.

***, **, and * indicate two-tailed t-statistics with statistical 
significance at the 1%, 5%, and 10% levels, respectively.
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not likely correlated with audit offices’ labor demand 
for auditors today, satisfying the exclusion restrictions 
for identification purposes. We follow Forman et al. 
(2012) to construct # ARPANET Nodes, which is the 
number of historical ARPANET nodes at the county 
level in 2005. Online Appendix Table 2 summarizes the 
results. In column 1, # ARPANET Nodes is positively 
associated with Use of AI at the local audit office level, 
which satisfies the relevance condition of a valid instru
ment variable. The first-stage F-statistic is well above 
the threshold of 10, indicating that # ARPANET Nodes is 
a strong instrument (Stock and Yogo 2002). In column 
2, the estimate of Instrumented Use of AI is positive and 
statistically significant at least at the 1% level. Overall, 
the results in this section show that our main results are 
robust to using IV estimation.

4.6. Robustness Tests
We conduct several robustness tests in Table 7. First, in 
column 1, we construct an alternative definition of AI 
employees following the keyword list in Acemoglu 
et al. (2022). Second, to ensure that our results are not 
driven by any potential difference between treated 
audit offices (i.e., those hiring at least one AI employee) 
and never-treated audit offices, in column 2, we reesti
mate our main results in Table 3 using only audit 
offices that hire at least one AI employee in our sample 
period. Third, in column 3, to rule out the possibility 
that Big 4 audit offices mainly drive our results, we 
exclude Big 4 audit offices and reestimate our main spe
cification in Table 3. Additionally, in column 4, we 
double-cluster the standard errors by audit firm and 
year to account for potential correlations between hir
ing AI employees and local labor demand within the 
same year. Our results remain robust in these tests.

A potential concern is that increased investment in 
general technology (e.g., automation software) may 
drive our results.25 We construct # RPA as the number 
of employees with robotic process automation skills at 
an audit office in a given year. Then, we reestimate our 
main specification in Table 3. If an increase in general 
technology drove our earlier results, we should observe 
similar results for audit offices that hire employees 
with RPA skills. Table 7, column 5, summarizes the 
results. We do not find a similar pattern in the number 
of employees with RPA skills.

In Figure 3, we perform falsification tests to examine 
the relationship between the reported timing of AI 
adoption in local audit offices and the actual hiring of 
AI-specialized employees. The idea is as follows. If the 
timing of hiring AI employees systematically records 
the actual timing of hiring AI employees with a lapse, 
we should observe similar patterns even when we ran
domly assign the use of AI at the local audit offices. 
Our actual estimate in Table 3, column 2, is positioned 
far to the right of the entire distribution of estimates 
from these falsification tests.26

5. Main Results: Audit Quality and 
Audit Fees

5.1. Audit Quality
In our next set of analyses, we examine whether the cli
ents of audit offices that hire AI employees have higher 
audit quality and pay higher audit fees than the clients 
of those that do not hire AI employees. To better control 
for client firm characteristics related to audit quality 
and audit fees, we conduct this set of analyses at the cli
ent firm-year level. Specifically, we estimate the follow
ing regression specification with a set of proxies for 

Table 7. Robustness Tests

Independent variables

Dependent variables: # Auditors (Ln)

Alternative 
Use of AI

At least one 
AI employee

Excluding 
Big 4

SE clustered 
by Audit Firm and Year

# RPA 
(Ln)

(1) (2) (3) (4) (5)

Use of AI 0.067*** 0.036* 0.043*** �0.045
(2.74) (1.94) (3.38) (�0.94)

Use of AI (Alternative) 0.032***
(2.75)

Control variables Identical to those in Table 3
Audit Office FEs Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes
# Observations 4,417 1,022 2,314 4,417 4,417
Adjusted R2 0.992 0.991 0.977 0.992 0.944

Notes. This table reports the coefficient estimates of ordinary least squares model regressions. Each observation is at the audit office-year level. 
Column 1 reconstructs Use of AI using an alternative definition using AI skill clusters in Acemoglu et al. (2022). In column 2, we limit our sample 
to audit offices that have at least one AI employee during our sample period. In column 3, we exclude audit offices of Big 4 audit firms. In 
column 4, we double-cluster the standard errors by audit firm and year. In column 5, # RPA is the number of employees with robotic process 
automation skills at an audit office in a given year. Our sample period is from 2011 to 2019. Regressions are weighted by the number of 
employees at an audit office in a given year. Standard errors are clustered by MSA-year. Intercepts are included for estimation but not tabulated.

***, **, and * indicate two-tailed t-statistics with statistical significance at the 1%, 5%, and 10% levels, respectively.
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audit quality:

Audit Qualityjt � β Use of AIjt + Xjt + δj + γt + θi + εjt

(3) 

Audit Quality includes the following two sets of depen
dent variables. The first set is as follows. Going Concern 
Error is an indicator variable that equals one if a client 
firm j receives a going concern opinion but does not 
enter bankruptcy in the next 12 months, or a client firm 
j does not receive a going concern opinion but enters 
bankruptcy in the next 12 months. Going Concern Error 
(Type 1) is an indicator variable that equals one if a cli
ent firm receives a going concern opinion but does not 
enter bankruptcy in the next 12 months. Going Concern 
Error (Type 2) is an indicator variable that equals one if 
a client firm does not receive a going concern opinion 
but enters bankruptcy in the next 12 months.

We also examine how AI implementation affects 
auditors’ assessment of internal control. Similar to our 
approach to Going Concern Error, we measure the accu
racy of audit offices’ assessment of internal control. We 
predict the probability of an internal control weakness 
following Doyle et al. (2007), Ashbaugh-Skaife et al. 
(2007), and Newton et al. (2016). We construct Material 

Weakness Error as an indicator variable that equals one 
if a client is in the top one percentile of the predicted 
probability of having an internal control weakness, but 
the client receives an effective internal control 
opinion.27

The second set of audit quality variables is as follows. 
We use client firms’ restatements as a proxy to measure 
poor audit quality (DeFond and Zhang 2014, Aobdia 
2019). Rajgopal et al. (2021) find that financial restate
ment is the best proxy to predict all the top six most 
cited audit violations. Restatement is an indicator vari
able that equals one if a client firm has a nonreliance 
restatement. In other words, the variable is based on 
the restated periods but not the years when restate
ments are announced. If audit quality increases after 
audit offices begin using AI, Restatement should be 
lower.

There are a few reasons why audit quality related to 
going concern errors and material weakness accuracy is 
more likely associated with the adoption of AI. First, 
instead of only sampling, AI allows auditors to analyze 
the full population of transactions and data for audit 
purposes. Auditors can use AI for a full-population 
analysis that is more comprehensive than a traditional 
audit sample method. Using AI makes identifying high- 

Figure 3. (Color online) Falsification Tests 

Notes. The figure reports the distributions of coefficient estimates from falsification tests. The procedures for conducting the falsification tests are 
as follows. First, within each audit office, we randomly reassign the year when an audit office first hires an AI employee. We label this reassigned 
event as Placebo AI Year. Second, we construct Placebo Use of AI as an indicator variable that equals one on or after Placebo AI Year. Third, we 
replace Use of AI with Placebo Use of AI and reestimate our baseline specifications in Table 3, column 2. After repeating the procedures 2,000 times, 
we summarize the estimates of Placebo Use of AI in this figure. The dashed line represents the value of our actual estimated value of Use of AI 
from Table 3, column 2.
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audit-risk areas, outliers, and anomalies at scale easier 
and is more efficient than traditional auditing methods.

Second, audit firms train their in-house AI models 
based on historical data to pinpoint audit areas tradi
tionally associated with a higher risk of material errors 
or going concerns. The outputs from AI models flag the 
potential areas objectively because they are data driven, 
and subjectivity is less likely to play a major role in their 
output. Auditors can use these unbiased AI outputs to 
selectively focus their audit testing.

Last, using AI automates repeated compliance and 
audit tasks and frees up audit staffing. Auditors less 
drained by routine tasks can then allocate more time to 
client interactions and ask more insightful questions on 
areas with high audit risks and requiring higher judg
ment. These staffing reallocations would not be feasible 
were these routine tasks not automated by AI.

Following Audit Analytics classifications, we further 
categorize restatements into three types. Big R Restate
ment is an indicator variable that equals one if a client 
firm has a nonreliance restatement with references to 
an 8-K item 4.02 (i.e., nonreliance on previously issued 
financial statements or a related audit report or com
pleted interim review). Little R Restatement is an indica
tor variable that equals one if a client firm has a 
nonreliance restatement without references to an 8-K 
item 4.02. SEC Investigation is an indicator variable that 
equals one if the SEC is involved in the restatement.

We follow prior studies to construct a vector of con
trol variables (X), including Size, BTM, CFO, ROA, Loss, 
Z Score, Sales Growth, Leverage, Age, # Business Segments, 
Foreign Sales, M&A, Restructure, % Institutional, and Liti
gation (Ashbaugh-Skaife et al. 2007, Doyle et al. 2007, 

Newton et al. 2016). To conserve space, we present the 
definitions of these control variables in Online Appen
dix Table 6. All regressions continue to include Audit 
Office FEs (θ) and Year FEs (γ). For tests on going con
cern opinion accuracy and material weakness accuracy, 
we incrementally control for Client Firm FEs (δ).28 We 
cluster all standard errors by client firm because resi
duals are likely correlated within a client firm.

We summarize the results of Going Concern Error and 
Material Weakness Error in Table 8. To conserve space, 
we tabulate the full set of coefficient estimates in Online 
Appendix Table 3. In column 1, relative to client firms 
audited by audit offices without AI employees, client 
firms audited by audit offices with AI employees have 
a lower going concern error (i.e., greater accuracy). Rel
ative to the sample mean of Going Concern Error, this 
estimate translates into an improvement of about 33.3% 
(� �0.006÷ 0.018). The decrease in Going Concern Error 
comes primarily from the reduction in Type 1 error 
(column 2) rather than Type 2 error (column 3). In col
umn 4, we also find that audit offices with AI employ
ees have more accurate internal control opinions. 
Relative to the sample mean of Material Weakness Error, 
this estimate translates into an improvement of about 
62.5% (��0.005÷ 0.008).

Next, we tabulate the restatement results in Table 9. 
Again, we tabulate the full set of coefficient estimates in 
Online Appendix Table 4 to conserve space. In column 
1, we do not observe any significant decrease in Restate
ment. We further break down the types of restatements 
in columns 2–4. We find that relative to client firms 
audited by audit offices without any AI employees, cli
ent firms audited by those with AI employees 

Table 8. Reducing Going Concern Error

Independent variables

Dependent variables

Going Concern Error Going Concern Error (Type 1) Going Concern Error (Type 2) Material Weakness Error
(1) (2) (3) (4)

Use of AI �0.006* �0.006** 0.000 �0.005*
(�1.80) (�2.18) (0.03) (�1.95)

Control variables included Yes Yes Yes Yes
Audit Office FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Client Firm FEs Yes Yes Yes Yes
# Observations 18,097 18,097 18,097 14,934
Adjusted R2 0.433 0.491 0.103 0.401

Notes. This table reports the coefficient estimates of ordinary least squares model regressions. Each observation is at the client firm-year level. 
Going Concern Error is an indicator variable that equals one if a client firm receives a going concern opinion but does not enter bankruptcy in the 
next 12 months, or a client firm does not receive a going concern opinion but enters bankruptcy in the next 12 months. Going Concern Error (Type 
1) is an indicator variable that equals one if a client firm receives a going concern opinion but does not enter bankruptcy in the next 12 months. 
Going Concern Error (Type 2) is an indicator variable that equals one if a client firm does not receive a going concern opinion but enters 
bankruptcy in the next 12 months. Material Weakness Error is an indicator variable that equals one if a client is in the top one percentile of the 
predicted probability of having an internal control weakness but the client receives an effective internal control opinion. Use of AI is an indicator 
variable that equals one after an audit office has hired an AI employee. Our sample period is from 2011 to 2019. Standard errors are clustered by 
client firm. Intercepts are included for estimation but not tabulated. To preserve space, we tabulate the full set of coefficient estimates in Online 
Appendix Table 3.

***, **, and * indicate two-tailed t-statistics with statistical significance at the 1%, 5%, and 10% levels, respectively.
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experience a lower likelihood of Big R Restatement and 
SEC Investigation. Relative to the sample mean of Big R 
Restatement (SEC Investigation), this estimate translates 
into about a 35% (125%) improvement.29 As Big R 
Restatement and SEC Investigation capture more severe 
cases of restatements, this evidence suggests that AI 
implementation might help audit offices reduce client 
risks by identifying severe anomalies in clients’ finan
cial reporting.

Overall, our results show that client firms audited by 
audit offices with AI employees have higher audit qual
ity than those audited by audit offices without AI 
employees. Relative to client firms audited by audit 
offices without AI employees, those audited by audit 
offices with AI employees have a lower going concern 
error (i.e., greater accuracy) and more accurate internal 
control opinions. Furthermore, relative to client firms 
audited by audit offices without any AI employees, 
those audited by audit offices with AI employees expe
rience a lower likelihood of Big R restatements and 
restatements that involve SEC investigations.

5.2. No Change in Audit Fees
Last, we examine whether, relative to audit offices that 
do not yet hire AI employees, those that hire AI 
employees experience any significant change in audit 
fees. We examine the same regression specification 
with a set of fee variables from Audit Analytics. $ Audit 
Fees (Client) is the audit fees of a client firm in a given 
year. $ Nonaudit Fees (Client) is the sum of audit-related 
fees, benefit plan-related fees, financial information 
systems design and implementation-related fees, tax- 
related fees, and other miscellaneous fees of a client 

firm in a given year. $ Total Fees (Client) is the sum of 
audit and nonaudit fees of a client firm in a given year.

We tabulate the full set of coefficient estimates in 
Online Appendix Table 5 to conserve space. We do not 
find any significant change in audit fees (column 1), 
nonaudit fees (column 2), or total fees (column 3) for cli
ent firms of audit offices that hire AI employees. There 
are two potential explanations for these results. First, 
using AI does not necessarily lower the initial or ongo
ing costs in the audit engagement process. Second, 
even if using AI does save costs, audit firms do not nec
essarily pass the cost savings on to their clients. Unfor
tunately, our data do not permit us to disentangle these 
explanations.

6. Additional Insights from 
Semistructured Interviews

To enrich our empirical findings, we conduct semi
structured interviews with 11 seasoned audit partners 
from U.S. audit firms, most of whom are affiliated with 
the Big 4. These interviews, which follow well- 
established field research methods in audit quality 
(e.g., Malsch and Salterio 2016, Donelson et al. 2020, 
Ege et al. 2020), offer direct insights into the practical 
impacts of AI on auditing. Each interview was carried 
out via Zoom and lasted an average of 31 minutes. We 
used a targeted questionnaire (detailed in Appendix B) 
to explore specific aspects of AI’s influence on auditor 
headcount, audit quality, and audit fees. To maintain 
confidentiality, we anonymize interviewees and refer 
to them by assigned numbers throughout our analysis. 
To conserve space here, we present a detailed discus
sion and additional direct quotations in Online Appen
dix Section 4.

Table 9. Reducing Restatements

Independent variables

Dependent variables

Restatement Big R Restatement Little R Restatement SEC Investigation
(1) (2) (3) (4)

Use of AI 0.007 �0.012* 0.019 �0.010*
(0.60) (�2.11) (1.84) (�2.21)

Control variables included Yes Yes Yes Yes
Audit Office FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Industry FEs Yes Yes Yes Yes
# Observations 14,479 14,479 14,479 14,479
Adjusted R2 0.094 0.064 0.089 0.076

Notes. This table reports the coefficient estimates of ordinary least squares model regressions. Each observation is at the 
client firm-year level. Restatement is an indicator variable that equals one if a client firm has a nonreliance restatement. 
Big R Restatement is an indicator variable that equals one if a client firm has a nonreliance restatement with references to 
an 8-K item 4.02. Little R Restatement is an indicator variable that equals one if a client firm has a nonreliance restatement 
without references to an 8-K item 4.02. SEC Investigation is an indicator variable that equals one if the SEC is involved in 
the restatement. Use of AI is an indicator variable that equals one after an audit office has hired an AI employee. Our 
sample period is from 2011 to 2017. Standard errors are clustered by client firm and year. Intercepts are included for 
estimation but not tabulated. To preserve space, we tabulate the full set of coefficient estimates in Online Appendix 
Table 4.

***, **, and * indicate two-tailed t-statistics with statistical significance at the 1%, 5%, and 10% levels, respectively.
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6.1. AI Investment
The interviews with audit partners reveal a consistent 
trend of centralizing AI investment within audit firms, 
primarily driven by budgetary and technological con
siderations. “The tools are developed at a national level 
generally … it is a centralized national practice” (inter
viewee 9). As the partners emphasized, this centralized 
approach offers several benefits, including consistency 
in AI tool development, efficiency in deployment, 
alignment with safety standards, and the flexibility to 
adapt to emerging trends.

A key aspect of this centralization is the national- 
level decision making on AI investment, which 
emphasizes the strategic importance of AI in audit 
firms. Partners describe this focus with statements 
like “[AI investment is] driven on the national level … 
we have a national innovation team that does all 
the development and implementation of technology” 
(interviewee 6) and “We’re investing significantly in 
technology, specifically in AI and automation tools … 
at the national level” (interviewee 3). These insights 
confirm that the strategic planning and execution of 
AI tools occur primarily in the higher echelons of the 
firms.

However, alongside this centralization, there is an 
emphasis on local customization to meet specific audit 
office needs. Partners note the availability of national 
resources for creating tailored AI solutions for unique 
engagement requirements, balancing firm-wide stan
dardization with local applicability. For instance, one 
partner shares an experience of reaching out for a cus
tomized solution: “I reached out to that centralized 
group, and they created a customized solution for my 
specific engagement” (interviewee 9).

The centralized approach also fosters resource pool
ing and cross-firm knowledge sharing, making it possi
ble to address a diverse range of audit scenarios 
effectively. As one partner puts it, “AI investment [is] 
generally [made] at the national level … because [the] 
firm prefers to negotiate” (interviewee 8). This observa
tion suggests the broader resource capabilities at this 
level. Another partner highlights the expansive reach 
of these strategic decisions: “ … the investments that 
we make in technology, including AI—all that happens 
at a very global level” (interviewee 2).

Flexibility and responsiveness are other key benefits 
of this approach, especially in adapting to and scaling 
AI technologies. The national-level strategy allows 
firms to respond to technological trends and regulatory 
changes rapidly, highlighting firms’ proactive stance in 
integrating AI into their operations.

In summary, the centralized approach to AI invest
ment in audit firms combines the strategic oversight of 
national-level decision making with the flexibility to 
adapt and customize solutions for local needs, ensuring 
AI’s effective and efficient integration in audit practices.

6.2. AI Implementation
The interviews reveal a clear pattern of AI implementa
tion within audit firms. Although AI tools and technolo
gies are developed at a national level, their deployment 
and use are determined at the local level. One partner 
explains, “The tools are developed at a national level … 
However, as a local engagement team, we also play a 
role” (interviewee 9). This statement emphasizes local 
offices’ role in effectively applying these technologies.

Another partner echoes this sentiment, noting the 
balance between global development and local applica
tion: “ … we certainly do it [development] at [the] 
global or … the national level. Then, that gets pushed 
down as far as the actual implementation at the local 
level” (interviewee 2). This highlights the decentralized 
approach to implementing AI, which is tailored to local 
offices’ specific needs and contexts.

Local autonomy in AI use is a recurring theme. As 
one partner mentions, “ … it’s really driven to the local 
level in terms of the technology use … but those deci
sions are made by us [at the] local level based on our 
needs and based on what we think is useful” (inter
viewee 10). This approach allows for flexibility and 
responsiveness to the unique requirements of each 
office and engagement.

Partners also shared insights into the variability in AI 
adoption across different offices. Factors like partners’ 
comfort levels with AI, technical preparedness, and cli
ent readiness play a significant role in this variability. 
For instance, one partner notes, “AI is really driven by 
the local level. And I’d say it’s also going to vary, based 
on maturity and the size of the firm at the local level” 
(interviewee 10). This highlights the importance of local 
conditions and capabilities in the effective use of AI.

In summary, although AI tools are centrally devel
oped, their successful implementation hinges on local 
decision making and adaptation. This approach 
ensures that the benefits of AI are leveraged effectively 
while respecting the unique characteristics and needs 
of each local audit office.

6.3. Client Portfolio Influence and AI Strategy 
Impact on Client Acceptance

The interviews with audit partners reveal that client 
portfolios have minimal impact on audit firms’ AI and 
human capital investment decisions. Our discussions 
confirm that AI investment strategies are predomi
nantly formulated and executed nationally, largely 
independently of the local or regional client mix. This 
approach ensures that AI adoption and human capital 
strategies are consistent across various audit offices.

However, an equally important aspect to consider is 
whether the use of AI within audit firms influences 
their client acceptance policies. The interviews indicate 
that the use of AI in audit practices has not led to a 
noticeable change in the criteria for client selection. “I 
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haven’t seen much of that [the influence of AI use on 
client acceptance] … the areas that we focus on from a 
client-acceptance perspective and the factors that we 
consider are generally the same now as they have been 
previously” (interviewee 11). Another partner says, 
“But I just don’t see it [AI] having a direct impact right 
now on our client acceptance. I don’t see it like that in 
the future, either” (interviewee 5). This perspective is 
crucial as it shows that although AI is an essential tool, 
the decision to accept clients remains primarily influ
enced by broader risk management considerations, 
independent of a firm’s AI capabilities.

However, our interviewees observed a notable shift 
in the growing emphasis on cognitive and soft skills 
within the audit profession. Partners identify an 
increasing need for inquisitiveness, effective time man
agement, communication skills, and a broader, more 
holistic qualification base beyond just technical exper
tise. One partner says, “I’d rather have someone with a 
3.3 GPA who is active in the community, does charity 
work, is a student-athlete, or volunteers in the commu
nity. These soft skills, combined with a desire to be 
tech-savvy, are crucial” (interviewee 3). This shift indi
cates a recognition that the evolving audit environ
ment, influenced by AI, requires a diverse skill set.

Interviewees also reported that their firms are 
increasingly developing AI champions within local 
audit offices. These champions are key to effectively 
leveraging AI in audit engagements, highlighting a 
need for focused training and skill enhancement in AI 
and related technologies. Partners emphasize the 
importance of adaptability and continuous learning, 
with one stating, “I would not characterize it as a quote 
requirement, but on their resume, they are able to artic
ulate a great deal of experience in the technologies that 
we’re using” (interviewee 1).

In summary, although AI investments are centrally 
managed, efforts to enhance auditors’ cognitive and 
soft skills and develop AI expertise locally align with 
the firms’ objectives of maintaining high-quality audits 
in a technologically advancing landscape.

6.4. Auditor Headcount, Audit Quality, and 
Audit Fees

In exploring topics beyond the structured interview 
questions, we gain valuable insights into the impact of 
AI on auditor headcount, audit quality, and audit fees.

6.4.1. Auditor Headcount Unaffected by AI. The collec
tive view among audit partners is that AI usage has not 
decreased auditor headcount. Notably, none of the 
partners believe that AI has replaced or will replace 
human auditors. In fact, some partners highlight an 
increase due to business growth. One states, “ … we 
still hire roughly the same number of people or more as 
we grow. It [AI] just allows us to do more work right” 

(interviewee 6). Others echo this sentiment: “We 
haven’t removed a person from a job because of AI … ” 
(interviewee 7) and “AI can increase the volume of cli
ents you serve … ” (interviewee 10). These perspectives 
suggest that AI complements rather than replaces 
human auditors.

6.4.2. AI Enhances Audit Quality. The interviews con
sistently indicate that AI improves audit quality. This 
enhancement comes from reducing errors and identify
ing better audit areas. As one partner puts it, “The like
lihood of an associate inputting data wrong … goes 
down when you’re using [AI] technology” (interviewee 1). 
Another adds, “I think it significantly improves the 
audit quality because the teams are [able] to work at a 
higher level and look at the bigger picture of the transac
tion set that they’re auditing … ” (interviewee 5). These 
observations suggest that AI facilitates more focused 
and effective audits.

6.4.3. AI Does Not Reduce Audit Fees. Despite effi
ciency gains from AI, audit partners report no signifi
cant reduction in audit fees. The reasons cited include 
high initial AI investment costs, ongoing compliance 
with audit standards, and increased compensation 
demands. One partner notes, “Even with automation, 
you still keep someone to run it, analyze it, and docu
ment what those analyses or automation[s] are spilling 
out … ” (interviewee 4). Another mentions, “This is a 
very complicated equation. These tools may save some 
labor costs, but they are very costly to invest in … ” 
(interviewee 3). These comments reflect the complex 
financial dynamics of integrating AI into auditing.

In summary, the interviews reveal that although AI 
is reshaping the audit profession, it does so by enhanc
ing audit quality and efficiency rather than reducing 
auditor numbers or audit fees. These insights again 
confirm AI’s complementary role in the evolving audit
ing landscape.

6.5. Summary and Implications
Based on the semistructured interviews conducted 
with seasoned audit partners, the major takeaways 
regarding the initial impact of AI in the auditing indus
try are as follows: 
• Centralized AI strategy, localized implementa

tion: AI development is strategically centralized nation
ally, ensuring consistency and efficiency. However, the 
actual deployment of AI tools is tailored to the needs of 
local offices, allowing for flexibility and customization in 
their application.
• AI complements but does not replace auditors: 

Contrary to common perceptions, AI integration in 
auditing does not reduce auditor headcount. Instead, it 
enhances auditors’ work, often leading to increased 
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headcount because of robust business growth and 
demand for more complex auditing skills.
• Enhanced audit quality without reduced fees: 

Although AI significantly improves audit quality by 
enabling more precise and error-free audits, it has not 
decreased audit fees. The high costs of AI implementa
tion and ongoing operational expenses offset potential 
fee reductions.

These insights highlight AI’s role as a catalyst for 
change in the audit sector, enhancing the quality of 
work and necessitating a shift in skills without displa
cing the human element essential to the profession.

7. Conclusion
This study examines whether AI displaces auditors. 
We exploit the staggered hiring of AI employees at 
audit office locations across the United States as a proxy 
for the use of AI at local audit offices. We use over 
407,000 resumes from Revelio Labs, a workforce intelli
gence firm. We use the resume data, which cover 648 
audit offices of 163 audit firms from 2011 to 2019, to 
precisely identify which audit offices hire AI employ
ees, and when. We also use 34,839 job postings from 
Burning Glass to see how skill requirements in job post
ings change after audit offices begin using AI.

Our main results are as follows. First, relative to 
audit offices that do not yet hire AI employees, audit 
offices that hire AI employees have a 4.3% increase in 
the number of auditor jobs. The increase in the number 
of auditor jobs is driven mainly by junior and midlevel 
auditors. Second, AI use is associated with an increased 
demand for soft skills—such as cognitive abilities, effi
ciency, and customer service—in auditor jobs. The evi
dence suggests that audit offices with AI employees are 
not more likely to require more specific technical skills 
in computers and software (e.g., machine learning, 
deep learning, natural language processing). The evi
dence, however, does highlight an enhanced focus on 
general software proficiency. Third, client firms 
audited by audit offices with AI employees have higher 
audit quality (i.e., more accurate going concern and 
internal control opinions, and lower likelihood of Big R 
restatements) than client firms audited by audit offices 
without AI employees. Last, no evidence suggests that 
using AI lowers the total costs in the audit engagement 
process.

Our paper makes two main contributions. First, our 
study provides large-scale evidence showing that AI 
use in audit firms increases the number of auditor jobs 
and does not replace auditors. Second, we demonstrate 
that AI use is associated with higher audit quality. We 
are the first to show that audit offices that use AI can 
reduce going concern errors and improve material 
weakness accuracy. Our paper provides the first large- 
sample evidence—comprising both empirical and 

qualitative data—on the impact of AI on the audit pro
fession. Although AI serves as a copilot in enhancing 
the audit process, it is not the autopilot; rather, it aug
ments human expertise without replacing it. Overall, 
our evidence shows that using AI does not replace 
auditors, but rather changes the skills required for these 
jobs and improves audit quality.

As our study sheds light on the initial impact of AI 
on the audit profession, our evidence has important 
implications for audit regulatory bodies like the Public 
Company Accounting Oversight Board (PCAOB). First, 
our findings indicate a need for guidelines addressing 
AI’s evolving role in enhancing audit quality and effi
ciency, including developing standards for AI-driven 
audit processes and outcomes. Second, professional 
training and certification programs should increasingly 
emphasize specific soft skills and general software 
skills to prepare auditors for the AI-integrated audit 
environment. Third, regulators should closely monitor 
the decentralization effects of AI on audit firm struc
tures, ensuring consistency in AI applications across 
different offices while allowing for local adaptations. 
Fourth, regulatory bodies, including the PCAOB, cur
rently foster a more open data policy to improve the 
quality and diversity of research, providing compre
hensive insights for informed policymaking. There is a 
critical need for continuous engagement in endorsing 
and sponsoring longitudinal studies to track the evolv
ing implications of AI in auditing. Ongoing research is 
essential for understanding AI’s long-term impact and 
ensuring that regulations and practices evolve in line 
with technological advancements. We fully acknowl
edge that our current insights offer a preliminary view, 
not a definitive forecast, of AI’s long-term influence.

Finally, the central findings of our study, which sug
gest that the use of AI increases the demand for audi
tors, might indeed seem at odds with the observed 
decline in accounting program enrollments and the 
trend of accountants leaving public accounting in the 
United States (Ellis 2022, Ellis and Overberg 2023). We 
can understand this apparent paradox by acknowledg
ing the array of factors influencing the accounting pro
fession, which extend beyond the realm of AI adoption. 
Although AI’s integration into auditing drives demand 
for auditors, other significant factors, such as concerns 
about work-life balance, long working hours, compara
tively low starting salaries, and limited career develop
ment opportunities, contribute to the profession’s 
declining appeal. Thus, our study’s observation of 
increased demand for auditors does not necessarily 
equate to a boost in enrollment or retention within the 
profession. Instead, it highlights a growing disconnect in 
the accounting labor market: the rapidly evolving nature 
of audit work, propelled by technological advancements, 
is not adequately reflected in the profession’s overall 
attractiveness and satisfaction levels. This disconnect 
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highlights the pressing need for employers, especially 
major audit firms such as the Big 4, to adopt a compre
hensive approach to addressing the challenges the 
accounting profession faces in the era of AI adoption.

Acknowledgments
The authors thank Suraj Srinivasan (department editor), the 
anonymous associate editor, the two anonymous reviewers, 
James Anderson, Daniel Aobdia, Lu Chen, Margaret Christ, 
Byung Hun Chung, Alper Darendeli, Matthew Ege, Nicho
las Hallman, John Jiang, Bin Ke, Steven Kachelmeier, Kevin 
Koh, Laurence van Lent, Hang Liu, Liu Lu, Lillian Mills, 
Sungho Noh, David Reeb, Jaime Schmidt, Sarah Stuber, 
Jingdan Tan, Hun Tong Tan, Holly Yang, Huai Zhang, Luo 
Zuo, 11 anonymous audit partners, and conference and 

seminar participants at the 2020 PCAOB Conference on 
Auditing and Capital Markets, Nanyang Technological 
University, 2021 American Accounting Association’s Audit 
Midyear Meeting, Dongbei University of Finance and Eco
nomics, 2022 FARS Midyear Meeting, and Nanyang Busi
ness School-AI.R Joint Symposium: Empower Financial 
Services with Artificial Intelligence for their comments and 
suggestions. Law and Shen have obtained approvals from 
Institutional Review Boards before conducting the semi- 
structured interviews. This paper receives the best archival 
paper award at the 2021 American Accounting Associa
tion’s Audit Midyear Meeting. An initial version of this 
paper, titled “How Does Artificial Intelligence Shape the 
Audit Industry?” was first circulated for comments on July 
12, 2020. The full paper was subsequently uploaded to 
SSRN on October 27, 2020.

Appendix A. Variable Definitions

Variables Descriptions

Main variables
Use of AI Indicator variable that equals one after an audit office has hired an AI employee (source: Revelio 

Labs).
# Auditors and Tax Advisors Number of auditors and tax advisors at an audit office in a given year (source: Revelio Labs).
# Auditors Number of auditors at an audit office in a given year (source: Revelio Labs).
# Tax Advisors Number of tax advisors at an audit office in a given year (source: Revelio Labs).
# Consultants Number of consultants at an audit office in a given year (source: Revelio Labs).
# Junior Auditors Number of junior auditors at an audit office in a given year (source: Revelio Labs).
# Midlevel Auditors Number of midlevel auditors at an audit office in a given year (source: Revelio Labs).
# Senior Auditors Number of senior auditors at an audit office in a given year (source: Revelio Labs).
Junior to Senior Ratio Ratio of junior auditors to senior auditors at an audit office in a given year (source: Revelio Labs).
Cognitive Skills Indicator variable that equals one if an auditor job requires cognitive skills (e.g., problem solving, 

decision making, analysis) (source: Burning Glass).
Efficiency Skills Indicator variable that equals one if an auditor job requires efficiency skills (e.g., time 

management, prioritizing tasks, goal setting) (source: Burning Glass).
Creativity Skills Indicator variable that equals one if an auditor job requires creativity skills (e.g., creativity, creative 

problem solving) (source: Burning Glass).
Writing Skills Indicator variable that equals one if an auditor job requires writing skills (e.g., writing, editing, 

preparing reports) (source: Burning Glass).
Social Skills Indicator variable that equals one if an auditor job requires social skills (e.g., communication, 

teamwork, collaboration) (source: Burning Glass).
Customer Service Skills Indicator variable that equals one if an auditor job requires customer service skills (source: Burning 

Glass).
Management Skills Indicator variable that equals one if an auditor job requires management skills (e.g., supervision, 

leadership, mentoring) (source: Burning Glass).
People Management Skills Indicator variable that equals one if an auditor job requires people management skills (e.g., people 

development, people management) (source: Burning Glass).
Project Management Skills Indicator variable that equals one if an auditor job requires project management skills (e.g., project 

management, project planning and development) (source: Burning Glass).
General Software Skills Indicator variable that equals one if an auditor job requires software skills (e.g., Excel, Microsoft 

Office) (source: Burning Glass).
Business Systems Skills Indicator variable that equals one if an auditor job requires business systems skills (e.g., systems 

integration, business intelligence, system integration) (source: Burning Glass).
Database Skills Indicator variable that equals one if an auditor job requires database skills (e.g., data collection, 

data management, data structure) (source: Burning Glass).
Data Skills Indicator variable that equals one if an auditor job requires data skills (e.g., data analysis, data 

modeling, big data) (source: Burning Glass).
Machine Learning Skills Indicator variable that equals one if an auditor job requires machine learning skills (e.g., Python, 

Deep Learning, Support Vector Machines) (source: Burning Glass).
Artificial Intelligence Skills Indicator variable that equals one if an auditor job requires artificial intelligence skills (i.e., artificial 

intelligence, natural language processing) in Acemoglu et al. (2022) (source: Burning Glass).
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Appendix B. Interview Questions
1. How is AI investment executed within audit firms, at a 

national or local level, and how does this affect human capital 
decisions?

Potential follow-up questions, if the interviewee hasn’t 
addressed these topics sufficiently: 

a. How is AI managed within the firm (e.g., centralized at 
the national level or decentralized at the local level)?

b. If AI is decentralized, why is there a delay in imple
mentation with some offices using it and others 
not?

c. How do AI investments impact hiring decisions for 
audit personnel?

2. How do audit firms manage AI implementation and 
investments at the national and local levels, and how does 
this relate to the real-world application of AI in practice?

Appendix A. (Continued) 

Variables Descriptions

Automation Skills Indicator variable that equals one if an auditor job requires automation skills (e.g., automation 
tools, automation systems) (source: Burning Glass).

Robotic Process Automation Skills Indicator variable that equals one if an auditor job requires robotic process automation skills (e.g., 
RPA, robotic process automation) (source: Burning Glass).

# Soft Skills Sum of Cognitive Skills, Efficiency Skills, Creativity Skills, Writing Skills, Social Skills, Customer Service 
Skills, Management Skills, People Management Skills, and Project Management Skills that an auditor 
job requires (source: Burning Glass).

# Hard Skills Sum of General Software Skills, Business Systems Skills, Database Skills, Data Skills, Machine Learning 
Skills, AI Skills, Automation Skills, and Robotic Process Automation Skills that an auditor job 
requires (source: Burning Glass).

Soft-to-Hard Skill Ratio Scaled # Soft Skills minus Scaled # Hard Skills. Scaled # Soft Skills divides # Soft Skills by the 
maximum possible number of soft skills each year. Scaled # Hard Skills divides # Hard Skills by 
the maximum possible number of hard skills each year. A higher Soft-to-Hard Skill Ratio means 
that an auditor job requires more soft skills than hard skills (source: Burning Glass).

AI Talent Supply Percentage of labor force with college or graduate-school degrees in information technology at the 
state-year level (source: American Community Survey).

# RPA Number of employees with robotic process automation skills at an audit office in a given year 
(source: Revelio Labs).

Going Concern Error Indicator variable that equals one if a client firm receives a going concern opinion but does not 
enter bankruptcy in the next 12 months, or a client firm does not receive a going concern 
opinion but enters bankruptcy in the next 12 months (source: Audit Analytics).

Going Concern Error (Type 1) Indicator variable that equals one if a client firm receives a going concern opinion but does not 
enter bankruptcy in the next 12 months (source: Audit Analytics).

Going Concern Error (Type 2) Indicator variable that equals one if a client firm does not receive a going concern opinion but 
enters bankruptcy in the next 12 months (source: Audit Analytics).

Material Weakness Error Indicator variable that equals one if a client is in the top one percentile of the predicted probability 
of having an internal control weakness but the client receives an effective internal control 
opinion (source: Audit Analytics).

Restatement Indicator variable that equals one if a client firm has a nonreliance restatement (source: Audit 
Analytics).

Big R Restatement Indicator variable that equals one if a client firm has a nonreliance restatement with references to 
an 8-K item 4.02 (source: Audit Analytics).

Little R Restatement Indicator variable that equals one if a client firm has a nonreliance restatement without references 
to an 8-K item 4.02 (source: Audit Analytics).

SEC Investigation Indicator variable that equals one if the SEC is involved in the restatement (source: Audit 
Analytics).

$ Audit Fees (Client) Audit fees of a client firm in a given year (source: Audit Analytics).
$ Nonaudit Fees (Client) Sum of audit-related fees, benefit plan-related fees, financial information systems design and 

implementation-related fees, tax-related fees, and other miscellaneous fees of a client firm in a 
given year (source: Audit Analytics).

$ Total Fees (Client) Sum of audit and nonaudit fees of a client firm in a given year (source: Audit Analytics).
Other variables

Complexity Number of unique 2-digit Standard Industrial Classification (SIC) codes of the public clients of an 
audit office in a given year (source: Audit Analytics).

Market Share Percentage of audit fees of an audit office relative to total audit fees of all audit offices in the same 
city in a given year (source: Audit Analytics).

# Clients Number of public clients of an audit office in a given year (source: Audit Analytics).
Market Competition Decile score of the Herfindahl index of audit fees across audit offices in a specific MSA (source: 

Audit Analytics).
Staff Turnover Ratio of the number of employees who left during a given year divided by the number of 

employees at the beginning of the year (source: Revelio Labs).
$ Audit Fees Sum of audit fees at an audit office in a given year (source: Audit Analytics).
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Potential follow-up questions, if the interviewee hasn’t 
addressed these topics sufficiently: 

a. Are there local champions in some offices who utilize 
AI more extensively?

b. Can you provide examples or insights into how AI is 
implemented in practice?

3. How do audit office client portfolio demands drive 
human capital investment decisions rather than AI invest
ments?

Potential follow-up questions, if the interviewee hasn’t 
addressed these topics sufficiently: 

a. How do differences in audit client portfolios between 
offices with more AI investment and those without AI 
investment influence hiring decisions?

b. Were there new clients added to the portfolio? Did cli
ents leave the portfolio? Did the client’s risk profile 
change? Did the clients grow?

Endnotes
1 This concern has also reduced the enrollment of accounting stu
dents by 4%–6% since 2016 (Association of International Certified 
Professional Accountants 2019).
2 For example, a board member of the PCAOB (Public Company 
Accounting Oversight Board 2017) stated in a recent speech that 
auditors should not overrely on data analytics as the tools “are not 
substitutes for the auditor’s knowledge, judgment, and exercise of 
professional skepticism.” It is “important that auditors are transpar
ent about the audit and their findings during the audit and that 
they use their enhanced technological tools to add value to their pri
mary client.” An oft-cited problem when implementing AI is 
machine bias. Auditors could unintentionally introduce machine 
bias into their auditing work because there are no regulations on 
the use and disclosure of AI in the audit industry. If auditors cannot 
understand the underlying algorithms and correct the machine bias 
promptly, replacing more auditors with AI could eventually lead to 
lower audit quality. As auditors increasingly use new technology in 
their auditing work, the PCAOB’s Office of the Chief Auditor has 
initiated a project to assess the need for specific guidance on disclos
ing such use of technology or changes to audit standards (Public 
Company Accounting Oversight Board 2020a).
3 Our semistructured interviews with audit partners suggest that 
many AI initiatives in audit firms were initiated by national offices. 
However, integrating or deploying these initiatives at regional audit 
offices would require the support of local AI employees in several 
areas. First, local AI employees could help troubleshoot any techni
cal issues that may arise while implementing the AI tools developed 
nationally. Second, they could customize these tools for the specific 
needs of local audit engagements (e.g., to protect data privacy when 
analyzing customer-exclusive information, or to protect personally 
identifiable information when working with sensitive personal 
data). Third, they could work with local audit employees to develop 
tools tailored for local audit teams, as Cooper et al. (2019) suggest. 
Last, local AI employees could help train local employees to use AI 
tools or software in audit engagements. Empirically, we require hir
ing an AI employee at the local audit office level, as these employ
ees work directly in their own audit offices and are more likely to 
provide direct support to audit engagements. Unfortunately, it was 
not possible for us to determine when and which specific AI tech
nology was used in each local audit engagement.
4 Identifying the use of AI in audit offices is challenging. A first-best 
approach to answering our research question would be to identify 
all AI personnel in all audit offices and survey the experience of 
each AI employee. Such a large-sample survey would be ideal, but 

it is implausible in our setting for two reasons. First, a large-scale 
accounting survey is likely to have a low response rate. For exam
ple, studies on financial analysts typically have a low response rate 
of about 5%–6% (Brown et al. 2015). As our regression specifications 
require multiple high-dimensional fixed effects, unbalanced panel 
data could render the estimation impossible. Second, surveys do 
not cover AI personnel who no longer work in an audit office. 
Hence, using a survey would introduce response bias into the data 
because the survey would exclude leavers. Drawing generalizable 
inferences from data with survivorship bias could bias the 
interpretations.
5 For example, KPMG uses IBM Watson’s deep learning to analyze 
banks’ credit files for commercial loan portfolios (Sun and Vasarhe
lyi 2017). Ernst & Young uses machine learning to detect anomalies 
in invoicing and identify fraudulent invoices with a 97% accuracy 
rate (Zhou 2017). Deloitte uses natural language processing to 
reduce human time spent on extracting information from unstruc
tured legal documents (Deloitte & Touche and Raphael 2015).
6 First, audit firms’ use of AI could simply reflect an expected 
increase in service demand or an expansion strategy, and such an 
expectation would be associated with variation in the number of 
auditor jobs. Hence, using AI is potentially endogenous. Second, 
use of AI could be driven by reverse causality. For example, audit 
firms may decide to expand their businesses in certain cities and 
hire more auditors. Again, such decisions could lead to more invest
ments in AI. We fully acknowledge these limitations because our 
paper does not have a strong identification strategy. Hence, we cau
tion readers not to take our descriptive evidence as causal because 
of the potential endogeneity of AI use. Instead, our primary contri
bution is to provide large-scale empirical evidence on unsettled 
research questions.
7 We also use the number of historical connections to the ARPANET 
for the second IV. The ARPANET was the predecessor of the inter
net and the first wide-area network before the modern internet. The 
ARPANET was established by the Advanced Research Projects 
Agency (ARPA) of the United States Department of Defense in 1969 
and formally decommissioned in 1990. Forman et al. (2012) find 
that firms in counties with more historical ARPANET nodes in the 
1970s invest more in the internet because of better local data com
munications infrastructure in the 1990s. The identification of the 
ARPANET nodes comes from the premise that the number of his
torical ARPANET nodes in the 1970s is a historical choice on the 
connectivity to the Department of Defense or university networks. 
ARPANET facilitates data sharing via packet switching. Hence, the 
connection to ARPANET measures local data communications 
infrastructure and expertise. The identifying assumption is that 
audit offices in counties with more historical ARPANET nodes are 
more likely to use AI. Such historical choices, however, are unlikely 
to correlate with the number of local auditor jobs because the 
ARPANET was designed mainly for communication between U.S. 
military bases and university research centers. Please see Section 4.5
for further discussion of these IV results.
8 Our paper also answers the call in DeFond and Zhang (2014) for 
more audit research to understand more about the use of audit tech
nology in audit firms. Our results complement prior studies that 
have examined the impact of labor investments on audit quality 
(e.g., Knechel et al. 2013, Aobdia et al. 2018, Beck et al. 2018, Hoopes 
et al. 2018, Ham et al. 2022). Our qualitative data from semistruc
tured interviews also highlight the reasons for nonreduction in 
audit fees despite AI adoption. Our evidence may be of interest to 
audit firms considering accelerating the use of AI during economic 
recessions, as well as to regulators looking to understand the impact 
of AI on audit quality.
9 For example, Remus and Levy (2017) find that the use of technol
ogy in the legal profession reduces the demand for lawyers’ labor 
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hours. Grennan and Michaely (2020) also show that analysts with 
more exposure to AI are more likely to reallocate their skill sets to 
soft skills or leave the profession. Dillender and Forsythe (2019) 
suggest that computerization reduces the employment of office and 
administrative support (OAS) jobs but increases wages for college 
graduates in OAS jobs. Goldfarb et al. (2020), however, document 
that the use of AI in healthcare remains relatively low compared 
with other sectors.
10 ScaleFactor claimed to use AI to automate small businesses’ 
bookkeeping, but Forbes reported that ScaleFactor actually hired 
accountants to manually complete customers’ books on the back 
end (Jeans 2020). The tendency to overestimate the potential of AI 
to automate human work is often termed “fauxtomation” (Taylor 
2018).
11 One respondent in Cooper et al. (2019) suggests that new audit 
technology helps them complete a 16-hour task within 17 seconds.
12 We start the sample period in 2010 because audit firms rarely 
used AI before 2010, although the earliest employment records in 
the resume data date back to 1950. The starting period also matches 
the starting year of job posting data from Burning Glass used in our 
later analyses. It is also consistent with the sample period in Fedyk 
et al. (2022).
13 On the other hand, about 0.26% of employees of audit firms in 
our final sample are classified as AI employees, comparable to the 
0.21% in Fedyk et al. (2022).
14 First, we construct Big 4 Auditor to differentiate between Big 4 
and non-Big 4 audit firms (Jiang et al. 2019). Second, we construct 
Complexity, which is the number of unique two-digit SIC codes of 
the public clients of an audit office in a given year. Hoopes et al. 
(2018) show that audit offices pay higher salaries for auditors to 
compensate for the complexity of audit tasks. Third, we construct 
Market Share to quantify the extent of competition among audit 
offices in the same city. Prior research finds that local competition 
and auditors’ market share are salient auditor characteristics that 
affect the operations of audit firms (e.g., DeFond et al. 2000, Reichelt 
and Wang 2010, Numan and Willekens 2012). Next, to measure 
office size, we construct # Clients as the number of public clients of 
an audit office in a given year and $ Audit Fees as the total audit fees 
of public clients of an audit office in a given year. Prior research 
shows that office size is associated with office resources (e.g., Fran
cis and Yu 2009, Bills et al. 2016, Donelson et al. 2020). Larger audit 
offices should have more resources to use new technologies to 
improve productivity than smaller audit offices. To measure market 
competition, we construct the Herfindahl index of audit fees across 
audit offices in a specific MSA. Following Newton et al. (2016), we 
use the decile score of the Herfindahl index as Market Competition. 
Lower values of Market Competition reflect greater audit market 
competition. To control for the labor demand due to employee turn
over, we construct Staff Turnover as the ratio of the number of 
employees who left during a given year divided by the number of 
employees at the beginning of the year, following Khavis and 
Szerwo (2022). Controlling for Staff Turnover helps mitigate the con
cern that replacing outgoing auditors in the same office drives our 
results.
15 Education is the percentage of population 25 years and over with 
at least a bachelor’s degree in a county in year t � 1. Population is 
the total population of a county in year t � 1. Income is the median 
household income of a county in year t � 1. Age is the median age 
of a county’s population in year t � 1. These data are obtained from 
the American Community Survey. Each unit of observation is an 
audit office-year from 2011 to 2019. As the residuals are likely corre
lated within a local audit office, we cluster all standard errors by 
local audit office.
16 We cannot use the change rate as the dependent variable. If we 
did, the regression would become a change-in-change regression 

when we include Audit Office Fixed Effects, which differs from what 
we wanted to calculate.
17 Our main findings remain qualitatively similar in a stacked DiD 
design using never-treated observations as the control group. These 
results are tabulated in Online Appendix Tables 9, 11, 12, and 13.
18 The inclusion of Audit Office FEs as unit fixed effects in a DiD 
design results in a high adjusted R2 in our main results. Armstrong 
et al. (2022) discuss the potential bias caused by high-powered fixed 
effects in a DiD design. However, our main findings remain robust 
when these fixed effects are excluded, indicating that the results are 
not driven solely by their inclusion. Furthermore, our main findings 
are also robust when we include fixed effects but exclude any addi
tional control variables.
19 Our main results remain robust when regressions are estimated 
without weighting.
20 Deming and Noray (2020) label these as noncognitive skills.
21 The value 3.6% � 0.019 ÷ 0.521. The value 4.4% � 0.017 ÷ 0.387.
22 Our results are robust if we replace Job Title × Year Fixed Effects 
with Year Fixed Effects.
23 Our IV estimation cannot help us differentiate whether AI is 
implemented at the national or regional level, but it does mitigate 
the concern that the hiring of AI employees is endogenous.
24 We use the total number of ARPANET nodes in the year 2005 
generously provided by Forman et al. (2012). They calculate the 
number of ARPANET nodes as the cumulative number of ARPA
NET nodes from 1970 to 2005. Forman et al. (2012) suggest that the 
number of historical ARPANET nodes at the county level reflects 
local internet communication infrastructure and expertise. The his
torical map of ARPANET nodes is in Online Appendix Figure 1. 
We build on this insight and use the number of historical ARPA
NET nodes at the county level as an instrument for audit offices 
that hire AI employees.
25 For example, a recent survey study suggests that audit firms 
have increased their investment in software to automate audit tasks 
over the years (Austin et al. 2021). To mitigate this concern, we con
duct a falsification test using the number of employees with RPA 
skills. RPA is related to AI, but the concepts are significantly differ
ent. RPA uses rule-based software to automate repetitive and rou
tine tasks (i.e., taking the robot out of the human). In contrast, AI 
emphasizes using human intelligence to create rule-based environ
ments to automate tasks (i.e., putting the human into the robot).
26 In the last test, we measure the AI adoption at the audit firm 
level. Specifically, we identify the treatment status using the first AI 
job at the firm level. Our main results remain robust.
27 We do not observe any case where a client is in the bottom one 
percentile of the predicted probability of having an internal control 
weakness but the client does not receive an effective internal control 
opinion.
28 We include Industry FEs but not Client Firm FEs for restatement 
tests because prior studies show that restatement is generally tied to 
the culture of a specific firm. Controlling for Client Firm FEs would 
remove the substantial variation in restatements between firms. We 
end the sample period in 2017 to allow enough time to observe firm 
restatements.
29 The value 35% � �0.012 ÷ 0.034, and 125% � �0.010 ÷ 0.008.

References
Acemoglu D, Restrepo P (2018) Artificial intelligence, automation 

and work. NBER Working Paper No. 24196, National Bureau of 
Economic Research, Cambridge, MA.

Acemoglu D, Restrepo P (2019) Automation and new tasks: How 
technology displaces and reinstates labor. J. Econom. Perspect. 
33(2):3–30.

Law and Shen: How Does Artificial Intelligence Shape Audit Firms? 
3664 Management Science, 2025, vol. 71, no. 5, pp. 3641–3666, © 2024 The Author(s) 



Acemoglu D, Restrepo P (2020) Robots and jobs: Evidence from US 
labor markets. J. Political Econom. 128(6):2188–2244.

Acemoglu D, Autor D, Hazell J, Restrepo P (2022) Artificial intelli
gence and jobs: Evidence from online vacancies. J. Labor 
Econom. 40(S1):S293–S340.

Aobdia D (2019) Do practitioner assessments agree with academic 
proxies for audit quality? Evidence from PCAOB and internal 
inspections. J. Accounting Econom. 67(1):144–174.

Aobdia D, Srivastava A, Wang E (2018) Are immigrants comple
ments or substitutes? Evidence from the audit industry. Man
agement Sci. 64(5):1997–2012.

Aobdia D, Li Q, Na K, Wu H (2024) The influence of labor market 
power in the audit profession. Accounting Rev. Forthcoming.

Armstrong C, Kepler JD, Samuels D, Taylor D (2022) Causality 
redux: The evolution of empirical methods in accounting 
research and the growth of quasi-experiments. J. Accounting 
Econom. 74(2–3):101521.

Ashbaugh-Skaife H, Collins DW, Kinney WR (2007) The discovery 
and reporting of internal control deficiencies prior to SOX- 
mandated audits. J. Accounting Econom. 44(1–2):166–192.

Association of International Certified Professional Accountants 
(2019) 2019 trends in the supply of accounting graduates and 
the demand for public accounting recruits. Association of Inter
national Certified Professional Accountants, Durham, NC.

Austin AA, Carpenter TD, Christ MH, Nielson CS (2021) The data ana
lytics journey: Interactions among auditors, managers, regulation, 
and technology. Contemporary Accounting Res. 38(3):1888–1924.

Autor DH, Levy F, Murnane RJ (2003) The skill content of recent 
technological change: An empirical exploration. Quart. J. 
Econom. 118(4):1279–1333.

Babina T, Fedyk A, He AX, Hodson J (2024) Artificial intelligence, 
firm growth, and industry concentration. J. Financial Econom. 
151:103745.

Beck MJ, Francis JR, Gunn JL (2018) Public company audits and 
city-specific labor characteristics. Contemporary Accounting Res. 
35(1):394–433.

Beck MJ, Gunn JL, Hallman N (2019) The geographic decentraliza
tion of audit firms and audit quality. J. Accounting Econom. 
68(1):101234.

Bertrand M, Mullainathan S (2003) Enjoying the quiet life? Corpo
rate governance and managerial preferences. J. Political Econom. 
111(5):1043–1075.

Bills KL, Swanquist QT, Whited RL (2016) Growing pains: Audit quality 
and office growth. Contemporary Accounting Res. 33(1):288–313.

Brown L, Call AC, Clement MB, Sharp NY (2015) Inside the “black 
box” of sell-side financial analysts. J. Accounting Res. 53(1):1–47.

Brynjolfsson E, Mitchell T, Rock D (2018) What can machines learn, 
and what does it mean for occupations and the economy? AEA 
Papers Proc. 108:43–47.

Cao S, Jiang W, Yang B, Zhang AL (2023) How to talk when a 
machine is listening: Corporate disclosure in the age of AI. Rev. 
Financial Stud. 36(9):3603–3642.

Christ MH, Emett SA, Summers SL, Wood DA (2021) Prepare for 
takeoff: Improving asset measurement and audit quality with 
drone-enabled inventory audit procedures. Rev. Accounting 
Stud. 26(4):1323–1343.

Cooper LA, Holderness DK, Sorensen TL, Wood DA (2019) Robotic 
process automation in public accounting. Accounting Horizons 
33(4):15–35.

DeFond M, Zhang J (2014) A review of archival auditing research. J. 
Accounting Econom. 58(2–3):275–326.

DeFond ML, Francis JR, Wong TJ (2000) Auditor industry speciali
zation and market segmentation: Evidence from Hong Kong. 
Auditing 19(1):49–66.

Deloitte & Touche, Raphael J (2015) How artificial intelligence can boost 
audit quality. CFO.com (June 15), https://www.cfo.com/news/ 
how-artificial-intelligence-can-boost-audit-quality/663798/.

Deming DJ (2017) The growing importance of social skills in the 
labor market. Quart. J. Econom. 132(4):1593–1640.

Deming DJ, Noray K (2020) Earnings dynamics, changing job skills, 
and STEM careers. Quart. J. Econom. 135(4):1965–2005.

Dillender M, Forsythe E (2019) Computerization of white collar 
jobs. Upjohn Institute Working Paper No. 19-310, W. E. Upjohn 
Institute for Employment Research, Kalamazoo, MI.

Donelson DC, Ege M, Imdieke AJ, Maksymov E (2020) The revival 
of large consulting practices at the Big 4 and audit quality. 
Accounting Organ. Soc. 87:101157.

Doyle J, Ge W, McVay S (2007) Determinants of weaknesses in 
internal control over financial reporting. J. Accounting Econom. 
44(1–2):193–223.

Ege M, Kim YH, Wang D (2023a) Audit disruption: The case of out
side job opportunities for external auditors and audit quality. 
Working paper, Texas A&M University, College Station.

Ege M, Kim YH, Wang D (2023b) The demand for internal auditors 
following accounting and operational failures. Accounting Rev. 
98(7):185–210.

Ege M, Knechel WR, Lamoreaux PT, Maksymov E (2020) A multi- 
method analysis of the PCAOB’s relationship with the audit 
profession. Accounting Organ. Soc. 84:101131.

Ellis L (2022) Why so many accountants are quitting. Wall Street 
Journal (December 28), https://www.wsj.com/articles/why-so- 
many-accountants-are-quitting-11672236016.

Ellis L, Overberg P (2023) Why no one’s going into accounting. Wall 
Street Journal (October 6), https://www.wsj.com/lifestyle/ 
careers/accounting-salary-cpa-shortage-dec2caa2.

Ernst & Young (2019) How AI is reshaping the document review and 
processing landscape. Tax News Update (Global Edition) (Novem
ber 13), https://globaltaxnews.ey.com/news/2019-6412-how-ai-is- 
reshaping-the-document-review-and-processing-landscape.

Eulerich M, Masli A, Pickerd J, Wood DA (2023) The impact of audit tech
nology on audit task outcomes: Evidence for technology-based audit 
techniques. Contemporary Accounting Res. 40(2):981–1012.

Fedyk A, Hodson J, Khimich N, Fedyk T (2022) Is artificial intelligence 
improving the audit process? Rev. Accounting Stud. 27(3):938–985.

Forman C, Goldfarb A, Greenstein S (2012) The Internet and local 
wages: A puzzle. Amer. Econom. Rev. 102(1):556–575.

Francis JR, Yu MD (2009) Big 4 office size and audit quality. 
Accounting Rev. 84(5):1521–1552.

Frey CB, Osborne MA (2017) The future of employment: How sus
ceptible are jobs to computerisation? Tech. Forecasting Soc. 
Change 114:254–280.

Gao J, Merkley KJ, Pacelli J, Schroeder JH (2023) Do internal control 
weaknesses affect firms’ demand for accounting skills? Evi
dence from U.S. job postings. Accounting Rev. 98(3):203–228.

Goldfarb A, Taska B, Teodoridis F (2020) Artificial intelligence in 
healthcare? Evidence from online job postings. AEA Papers 
Proc. 110:400–404.

Grennan J, Michaely R (2020) Artificial intelligence and high-skilled 
work: Evidence from analysts. Preprint, submitted August 26, 
http://dx.doi.org/10.2139/ssrn.3681574.

Guan Y, Su LN, Wu D, Yang Z (2016) Do school ties between audi
tors and client executives influence audit outcomes? J. Account
ing Econom. 61(2–3):506–525.

Ham C, Hann RN, Rabier M, Wang W (2022) Auditor skill demands 
and audit quality: Evidence from job postings. Working paper, 
Indiana University, Bloomington.

He X, Kothari SP, Xiao T, Zuo L (2022) Industry-specific knowledge 
transfer in audit firms: Evidence from audit firm mergers in 
China. Acounting Rev. 97(3):249–277.

He X, Pittman JA, Rui OM, Wu D (2017) Do social ties between 
external auditors and audit committee members affect audit 
quality? Accounting Rev. 92(5):61–87.

Hoopes JL, Merkley KJ, Pacelli J, Schroeder JH (2018) Audit personnel 
salaries and audit quality. Rev. Accounting Stud. 23(3):1096–1136.

Law and Shen: How Does Artificial Intelligence Shape Audit Firms? 
Management Science, 2025, vol. 71, no. 5, pp. 3641–3666, © 2024 The Author(s) 3665 

https://www.cfo.com/news/how-artificial-intelligence-can-boost-audit-quality/663798/
https://www.cfo.com/news/how-artificial-intelligence-can-boost-audit-quality/663798/
https://www.wsj.com/articles/why-so-many-accountants-are-quitting-11672236016
https://www.wsj.com/articles/why-so-many-accountants-are-quitting-11672236016
https://www.wsj.com/lifestyle/careers/accounting-salary-cpa-shortage-dec2caa2
https://www.wsj.com/lifestyle/careers/accounting-salary-cpa-shortage-dec2caa2
https://globaltaxnews.ey.com/news/2019-6412-how-ai-is-reshaping-the-document-review-and-processing-landscape
https://globaltaxnews.ey.com/news/2019-6412-how-ai-is-reshaping-the-document-review-and-processing-landscape
http://dx.doi.org/10.2139/ssrn.3681574


Jeans D (2020) ScaleFactor raised $100 million in a year then blamed 
Covid-19 for its demise. Employees say it had much bigger pro
blems. Forbes (July 20), https://www.forbes.com/sites/davidjeans/ 
2020/07/20/scalefactor-raised-100-million-in-a-year-then-blamed- 
covid-19-for-its-demise-employees-say-it-had-much-bigger-problems/.

Jiang J, Wang IY, Wang KP (2019) Big N auditors and audit quality: 
New evidence from quasi-experiments. Accounting Rev. 94(1): 
205–227.

Kapoor M (2020) Big four invest billions in tech, reshaping their identi
ties. Bloomberg Tax (January 2), https://news.bloombergtax.com/ 
financial-accounting/big-four-invest-billions-in-tech-reshaping- 
their-identities.

Khavis J, Szerwo B (2022) Audit-employee turnover, audit quality, 
and the auditor-client relationship. Preprint, submitted May 20, 
http://dx.doi.org/10.2139/ssrn.4193139.

Knechel WR, Niemi L, Mikko Z (2013) Empirical evidence on the 
implicit determinants of compensation in Big 4 audit partner
ships. J. Accounting Res. 51(2):349–387.

Li Q, Lourie B, Nekrasov A, Shevlin T (2022) Employee turnover 
and firm performance: Large-sample archival evidence. Man
agement Sci. 68(8):5667–5683.

Malsch B, Salterio SE (2016) “Doing good field research”: Assessing 
the quality of audit field research. Auditing 35(1):1–22.

Newton NJ, Persellin JS, Wang D, Wilkins MS (2016) Internal con
trol opinion shopping and audit market competition. Account
ing Rev. 91(2):603–623.

Numan W, Willekens M (2012) An empirical test of spatial compe
tition in the audit market. J. Accounting Econom. 53(1–2): 
450–465.

Public Company Accounting Oversight Board (2017) Technology 
and the audit of today and tomorrow. Speech, PCAOB/AAA 
Annual Meeting, April 20, Washington, DC.

Public Company Accounting Oversight Board (2020a) Changes in use 
of data and technology in the conduct of audits. Retrieved 
November 11, https://pcaobus.org/oversight/standards/research- 
standard-setting-projects/changes-use-data-technology-conduct- 
audits.

Public Company Accounting Oversight Board (2020b) Data and tech
nology research project update. Retrieved October 15, https:// 
pcaobus.org/Documents/Data-Technology-Project-Spotlight.pdf.

Rajgopal S, Srinivasan S, Zheng X (2021) Measuring audit quality. 
Rev. Accounting Stud. 26(2):559–619.

Reichelt KJ, Wang D (2010) National and office-specific measures of 
auditor industry expertise and effects on audit quality. J. 
Accounting Res. 48(3):647–686.

Remus D, Levy F (2017) Can robots be lawyers: Computers, lawyers, 
and the practice of law. Georgetown J. Legal Ethics 30(3):501–558.

Sherwood MG, Nagy AL, Zimmerman AB (2020) Non-CPAs and 
office audit quality. Accounting Horizons 34(3):169–191.

Stock J, Yogo M (2002) Testing for weak instruments in linear IV 
regression. NBER Technical Working Paper No. 284, National 
Bureau of Economic Research, Cambridge, MA.

Sun T, Vasarhelyi MA (2017) Deep learning and the future of audit
ing. CPA J. (June), https://www.cpajournal.com/2017/06/19/ 
deep-learning-future-auditing/.

Taylor A (2018) The automation charade. Logic Magazine (August 1), 
https://logicmag.io/failure/the-automation-charade/.

Webb M (2019) The impact of artificial intelligence on the labor mar
ket. Preprint, submitted November 6, http://dx.doi.org/10. 
2139/ssrn.3482150.

Zhou A (2017) EY, Deloitte and PwC embrace artificial intelligence 
for tax and accounting. Forbes (November 14), https://www. 
forbes.com/sites/adelynzhou/2017/11/14/ey-deloitte-and-pwc- 
embrace-artificial-intelligence-for-tax-and-accounting/.

Law and Shen: How Does Artificial Intelligence Shape Audit Firms? 
3666 Management Science, 2025, vol. 71, no. 5, pp. 3641–3666, © 2024 The Author(s) 

https://www.forbes.com/sites/davidjeans/2020/07/20/scalefactor-raised-100-million-in-a-year-then-blamed-covid-19-for-its-demise-employees-say-it-had-much-bigger-problems/
https://www.forbes.com/sites/davidjeans/2020/07/20/scalefactor-raised-100-million-in-a-year-then-blamed-covid-19-for-its-demise-employees-say-it-had-much-bigger-problems/
https://www.forbes.com/sites/davidjeans/2020/07/20/scalefactor-raised-100-million-in-a-year-then-blamed-covid-19-for-its-demise-employees-say-it-had-much-bigger-problems/
https://news.bloombergtax.com/financial-accounting/big-four-invest-billions-in-tech-reshaping-their-identities
https://news.bloombergtax.com/financial-accounting/big-four-invest-billions-in-tech-reshaping-their-identities
https://news.bloombergtax.com/financial-accounting/big-four-invest-billions-in-tech-reshaping-their-identities
http://dx.doi.org/10.2139/ssrn.4193139
https://pcaobus.org/oversight/standards/research-standard-setting-projects/changes-use-data-technology-conduct-audits
https://pcaobus.org/oversight/standards/research-standard-setting-projects/changes-use-data-technology-conduct-audits
https://pcaobus.org/oversight/standards/research-standard-setting-projects/changes-use-data-technology-conduct-audits
https://pcaobus.org/Documents/Data-Technology-Project-Spotlight.pdf
https://pcaobus.org/Documents/Data-Technology-Project-Spotlight.pdf
https://www.cpajournal.com/2017/06/19/deep-learning-future-auditing/
https://www.cpajournal.com/2017/06/19/deep-learning-future-auditing/
https://logicmag.io/failure/the-automation-charade/
http://dx.doi.org/10.2139/ssrn.3482150
http://dx.doi.org/10.2139/ssrn.3482150
https://www.forbes.com/sites/adelynzhou/2017/11/14/ey-deloitte-and-pwc-embrace-artificial-intelligence-for-tax-and-accounting/
https://www.forbes.com/sites/adelynzhou/2017/11/14/ey-deloitte-and-pwc-embrace-artificial-intelligence-for-tax-and-accounting/
https://www.forbes.com/sites/adelynzhou/2017/11/14/ey-deloitte-and-pwc-embrace-artificial-intelligence-for-tax-and-accounting/

	How Does Artificial Intelligence Shape Audit Firms?
	Introduction
	Related Literature and Hypotheses
	Data
	Main Results: Auditors
	Main Results: Audit Quality and Audit Fees
	Additional Insights from Semistructured Interviews
	Conclusion


