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Tax authorities around the world rely on audits to detect underreported tax 
liabilities and to verify that taxpayers qualify for the benefits they claim. We study 
differences in Internal Revenue Service audit rates between Black and non-Black 
taxpayers. Because neither we nor the IRS observe taxpayer race, we propose 
and use a novel partial identification strategy to estimate these differences. De- 
spite race-blind audit selection, we find that Black taxpayers are audited at 2.9 
to 4.7 times the rate of non-Black taxpayers. An important driver of the dispar- 
ity is differing audit rates by race among taxpayers claiming the Earned Income 
Tax Credit (EITC). Using counterfactual audit selection models to explore why 
the disparity arises, we find that maximizing the detection of underreported taxes 
would not lead to Black EITC claimants being audited at higher rates. Rather, 
the audit disparity among EITC claimants stems largely from a policy decision 

to prioritize detecting overclaims of refundable credits over other forms of non- 
compliance. Modifying the audit selection algorithm to target total underreported 
taxes while holding fixed the number of audited EITC claimants would reduce the 
share of audited taxpayers who are Black and would lead to more audits focused 
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on accurate reporting of business income and deductions, fewer audits focused on 

the eligibility of claimed dependents, higher per audit costs, and more detected 
noncompliance. JEL codes: C01, H20, H24, H26, J15.

I. INTRODUCTION 

In recent decades, U.S. policy makers
lied on the income tax system to implemen
grams; for example, the Earned Income T
replaced welfare as the largest cash-based
the United States. The Internal Revenue S
ters these programs and is charged with e
als meet their taxpaying obligations. Like t
the world, it relies on audits to detect un
abilities and verify that taxpayers qualify
claim. 

The task of selecting which taxpaye
a prediction exercise—which taxpayers ha
obligations that an audit would uncover?
determination—what type of underreportin
and pursued? Evidence from many domain
algorithms are used to allocate enforceme
that both aspects of this process may in
disadvantages against historically margina
et al. 2022 ; Buolamwini and Gebru 2018 ; O
Such concerns are particularly acute for tax
acerbate financial strain for the lowest-inco
tax refunds are typically frozen while a
and can dissuade individuals from partic
programs for which they qualify ( Guyton
Taxpayer Advocate 2019a ). 

In this article, we investigate racial d
tion of taxpayers for audit, focusing on diffe
of Black and non-Black taxpayers. Because
lect information about taxpayers’ race, ide
audit rates by race is itself a significant c
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served characteristics, but such approaches
timates for the parameters of interest unle
tions are satisfied ( Chen et al. 2019 ; Knox, 
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taxpayer race, the fact that underreportin
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hose returns that were selected for audit (the so-called selective- 
abels problem) ( Kleinberg et al. 2018a ) makes it difficult to un- 
erstand why disparities emerge or which policies would lessen 

hem. 
We investigate this topic using comprehensive administra- 

ive microdata on approximately 148 million tax returns and 

80,000 audits. 1 To circumvent the selective-labels problem, we 

everage nearly 72,000 audits of randomly selected taxpayers to 

nvestigate the effects of counterfactual audit selection policies. 
o address the problem of missing race, we use Bayesian Im- 
roved First Name and Surname Geocoding (BIFSG) to impute 

ace based on taxpayers’ names and census block groups ( Imai 
nd Khanna 2016 ; Voicu 2018 ). We then propose and implement a 

ovel approach for bounding the true audit disparity by race from 

he (imperfectly measured) BIFSG proxy. By individually match- 
ng a subset of the tax data to self-identified race data from other 
dministrative sources, we provide evidence that the assumptions 
nderlying our bounding approach are satisfied in practice. 

We report a number of new results about racial disparities 
n tax audits. First, we estimate that the audit rate for returns 
led by Black taxpayers is 0.81 to 1.34 percentage points higher 
han the audit rate for those filed by non-Black taxpayers. This 
unconditional) disparity is substantial when compared with the 

ase audit rate of 0.54% for the overall U.S. population. In relative 

erms, our estimates imply that Black taxpayers are audited at 
.9 to 4.7 times the rate of non-Black taxpayers. 

Second, we find that an important contributor to the racial 
udit disparity is a difference in audit rates among Black and 

on-Black taxpayers who claim the EITC. Others have speculated 

hat Black taxpayers may be audited at higher rates because they 

re more likely than non-Black taxpayers to claim the EITC, and 

ITC claimants (of any race) are audited at higher rates than 

ost other taxpayers ( Bloomquist 2019 ; Kiel and Fresques 2019 ). 
owever, we find that this channel does not fully explain the dis- 
arity we observe. Instead, we estimate a substantial disparity in 

he selection of taxpayers for audit within the population of EITC 

 laimants: Blac k taxpayers c laiming the EITC are 2.9 to 4.4 times 
s likely to be audited as non-Black EITC claimants. In contrast, 
1. We primarily focus on tax year 2014—the most recent year for which audit 
utcome data was complete at the time of our analysis. We find similar results for 
ther years spanning the 2010–2018 time period. 
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we observe a much smaller, though still statistically significant,
difference in audit rates between Black and non-Black taxpayers
who do not claim the EITC. 

Third, we explore the factors contributing to the observed au-
dit disparity among taxpayers claiming the EITC. Because EITC
audit selection is largely automated, and because the IRS does not
observe race, the disparity is unlikely to be driven by disparate
treatment of Black and non-Black taxpayers. 2 At the same time,
we find that the disparity cannot be explained by group-level dif-
ferences in total dollars of tax underreporting: we estimate that
Blac k EITC c laimants are audited at higher rates than non-Blac k
EITC claimants in each decile of underreported taxes. 

To better understand the source of the audit disparity in light
of this finding, we simulate counterfactual audit selection algo-
rithms for EITC claimants, using data from audits of randomly
selected tax returns. We explore potential explanations related
to both aspects of the audit selection process: predicting which
taxpa yers ha ve underreported taxes that an audit would uncover,
and the policy decision concerning which types of underreporting
to predict and pursue (the algorithmic objective). 

Beginning with the algorithmic objective, recall that taxpay-
ers may underreport taxes by misreporting their taxable income
and/or by overstating their eligibility for tax-administered ben-
efits, often in the form of refundable credits. Although details
of the IRS audit selection algorithm are confidential, the agency
publicly reports that the model underlying its primary program
for auditing EITC claimants is designed to detect noncompliance
from this latter source of underreporting—that is, overclaimed re-
fundable credits. Using our simulated audit algorithms, we find
that when audits of EITC claimants are allocated based on this
objective, Black taxpayers are audited at higher rates than non-
Black taxpayers. In contrast, if audits were allocated based on the
objective of maximizing total dollars of detected underreporting—
from any source of noncompliance—we find that Black EITC
claimants would be audited at lower rates than non-Black EITC
claimants. 

Why does the algorithmic objective shape the distribution
of audits by race? Among taxpayers claiming the EITC, the
highest underreporting is associated with taxpayers who have
2. By disparate treatment, we mean different audit rates for taxpayers who 
file identical tax returns and differ only with respect to their race. 
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ubstantial independent contractor or other business income, but 
ho underreport this income to such a degree that they appear 

o qualify for the EITC. Among this group, we find that those 

ith the most underreporting are disproportionately non-Black. 
espite their high levels of noncompliance, audit algorithms fo- 

used exclusively on refundable credits underprioritize these tax- 
ayers because only a portion of their underreporting takes the 

orm of overclaimed credits—the rest stems from underreported 

axable income. At the same time, we find that EITC returns filed 

y Black taxpayers appear more likely to violate the legal require- 
ents for claiming children, which translates into larger average 

ollar adjustments to the refundable credits claimed on their re- 
urns. As a result, audit algorithms that are exclusively focused 

n this form of noncompliance select Black taxpayers at higher 
ates. 

With any potential change to the audit selection algorithm, it 
s important to consider the consequences for the operational pro- 
ess through which audits are conducted. Along these lines, we 

how that the objective of the audit selection algorithm shapes 
he composition of audited issues, with substantial downstream 

mplications for audit costs and detected underreporting. In this 
ay, our results highlight an important connection between racial 
udit disparities and ongoing policy debates about the proper 
evel of IRS funding (e.g., Boning et al. 2023 ). 

Distinct from the objective of the audit selection algorithm, 
e also explore whether the architecture of the prediction model 
sed in the audit selection process contributes to the observed 

isparity. We find evidence that it does: although Black EITC 

laimants tend to overclaim refundable credits at higher rates, 
he observed audit disparity is larger than what these differences 
n overclaiming would imply. The confidential nature of the IRS 

udit selection process limits our ability here to explore the de- 
ails of the actual predictive model used by the IRS to allocate 

ITC audits; however, we provide suggestive evidence that differ- 
nces by race in the predictive power of the available features—
uch as proxies for child custody or parental status—may con- 
ribute to higher audit rates for Black taxpayers. Subject to the 

ame caveat, we provide suggestive evidence that it may be pos- 
ible to modify the predictive model to lessen the racial audit dis- 
arity without substantially reducing the amount of overclaimed 

efundable credits detected on audit. 
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Our results contribute to an empirical literature that studies
the distributional effects of tax policy by race, with seminal contri-
butions by Moran and Whitford (1996) and Brown (2021) , among
others. 3 However, the unavailability of administrative microdata
with information about race has limited the questions that prior
studies could address and the alternative policies they could eval-
uate ( Bearer-Friend 2019 ; Brown 2021 ; Dean 2021 ). 4 We build on
this literature by linking imputed race estimates with adminis-
trative data on tax returns and audits. Doing so allows us to pro-
duce the most direct evidence to date on long-standing questions
about racial disparities in the administration of the U.S. income
tax. 

A second contribution of our article is to introduce a novel
partial identification approach for conducting algorithmic dis-
parity assessments with respect to a protected class, when that
class is unobserved to the researcher. This challenge arises in a
wide range of settings, including voting rights ( Imai and Khanna
2016 ), regulatory policy ( CFPB 2014 ; Haas et al. 2019 ; Anson-
Dwamena, Pattath, and Crow 2021 ), and industry ( Alao et al.
2021 ; Andrus et al. 2021 ). For example, although many U.S. agen-
cies are required by federal law to conduct disparity assessments
of the algorithmic decision tools they use, protected character-
istics like race are often missing from administrative records
( GAO 2020 ; Executive Order 13985 2021 ). Our approach relies
on weaker conditions than those required to point-identify differ-
ences in outcomes by unobserved protected class (e.g., Chen et al.
2019 ; Fong and Tyler 2021 ), while still yielding bounds that may
be informative for policy. 5 
3. Much of this literature focuses on racial differences in the benefits from 

substantive tax provisions like the mortgage interest deduction ( Brown 2009 , 
2018 ), the EITC ( Brown 2005 ; Hardy, Hokayem, and Ziliak 2022 ), and the Child 
Tax Credit ( Collyer, Harris, and Wimer 2019 ; Goldin and Michelmore 2022 ). 

4. Previous analyses have yielded some suggestive evidence, however. For 
example, Bloomquist (2019) studies regional bias in IRS audits using estimated 
county-level data and notes that the 10 most heavily audited counties were pre- 
dominantly composed of Black taxpayers, whereas the 10 least heavily audited 
counties were predominantly non-Black. In addition, prior research has linked tax 
data with census records on self-reported race to study primarily nontax outcomes 
(e.g., Chetty et al. 2020 ); however, various legal and institutional constraints cur- 
rently limit our ability to apply this approach to our setting. 

5. Kallus, Mao, and Zhou (2022) also consider a partial identification approach 

to estimating disparity when the protected characteristic must be imputed. Un- 
like our approach, their bounds cover all joint distributions consistent with the 

hicago user on 20 O
ctober 2026
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Finally, our results relate to a growing literature studying 

ow the choice of outcome to be predicted by an algorithm shapes 
he distributional properties of procedures based on that algo- 
ithm ( Barocas and Selbst 2016 ; Kleinberg et al. 2018b ; Passi and 

arocas 2019 ). For example, Obermeyer et al. (2019) link racial 
isparities in a healthcare setting to an algorithm that is trained 

o predict healthcare expenditures rather than direct health out- 
omes. With respect to tax audits, Black et al. (2022) study how 

he choice between regression and classification prediction tasks 
hapes the distribution of audits by taxpayer income. Related to 

his literature, our results highlight how policy decisions to pri- 
ritize certain forms of legal noncompliance over others can shift 
he distribution of enforcement burdens. 

The article proceeds as follows. Section II provides back- 
round on the U.S. tax system and taxpayer audits. Section III 
escribes our empirical strategy. Section IV describes our data. 
ection V provides results relating to estimated race probabili- 
ies and statistical bias of our proposed estimators. Section VI es- 
imates differences in audit rates between Black and non-Black 

axpayers. Section VII investigates the source of the observed au- 
it disparity. An Online Appendix contains proofs and additional 
esults. 

II. INSTITUTIONAL BACKGROUND 

This section provides background regarding the U.S. individ- 
al income tax, taxpayer audits, and the EITC. 

I.A. The U.S. Income Tax 

Most U.S. citizens, as well as some noncitizens, are required 

o file an income tax return each year, on which they calculate 

nd report their tax liability based on their income and any de- 
uctions or credits for which they qualify. Unmarried taxpayers 
le individual returns, whereas most taxpayers who are married 

le a joint return with their spouse. Taxpayers with children or 
ther dependents may claim them on their own return to qualify 
bserved marginals. In our setting, the Kallus, Mao, and Zhou (2022) bounds are 
argely uninformative as to the magnitude or even direction of the audit rate dis- 
arity; they cannot rule out Black taxpayers facing higher or lower audit rates 
han non-Black taxpayers. Our approach requires additional structure, but the 
ayoff is a significantly more informative estimate when our assumptions hold. 

 2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data


120 THE QUARTERLY JOURNAL OF ECONOMICS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 academ

ic.oup.com
/qje/article/140/1/113/7778259 by U

niversity of C
hicago user on 20 O

ctober 2026
for various tax benefits. The vast majority (over 95%) of taxpayers
prepare and file their returns with the help of a professional tax
preparer or using guided tax preparation softw are . 

II.B. IRS Audits 

The IRS is the federal agency responsible for promoting and
enforcing compliance with the tax law. One channel through
which it does so is taxpayer audits. Taxpayers selected for au-
dit are required to provide additional information to the IRS or
otherwise verify the accuracy of the tax liability or refund re-
ported on their tax return. Audits may occur by mail (correspon-
dence examinations) or through in-person (or virtual) meetings
with IRS employees (field or office examinations). In recent years,
approximately 70% of audits have been conducted through cor-
respondence. Audits of this form tend to focus on a small num-
ber of issues and require a response, with substantiation. If the
IRS does not receive a response by the due date, it will generally
disallow the claimed item and issue the taxpayer with a notice
of deficiency. Correspondence audits are substantially cheaper
than other forms of audits for the IRS to conduct. At the same
time, correspondence audits can be particularly burdensome for
lower-income households, who may face additional barriers to un-
derstanding the audit notice, acquiring the required documents,
or obtaining expert assistance ( GAO 2016 ; National Taxpayer
Advocate 2021 ). 

If an audit results in an adjustment to the (net) tax reported
on a taxpayer’s return, the taxpayer is responsible for remitting
the difference to the IRS and may face additional penalties, as
well as, in rare cases, criminal sanctions. Audits may occur pre-
or post-refund; in the former case, refunds are not issued until
after the audit is resolved. Hence, taxpayers who fail to respond
to a pre-refund audit typically forgo the tax benefits they claimed
on their return. Taxpayers who disagree with the results of an au-
dit may appeal the determination with the IRS Office of Appeals
and/or in federal court. 

At a high level, audits can be categorized into two groups:
research and operational. Research audits are conducted through
the National Research Program (NRP), which consists of a strati-
fied random sample of the tax-filing population. NRP audits seek
to estimate the correctness of the whole return via a close to
line-by-line examination. In part because they are so intensive,
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esearch audits constitute a small minority of the audits that the 

RS performs each year. For example, about 2% of audited returns 
or tax year 2014 were selected through NRP. 

We refer to audits that are not research audits as “opera- 
ional audits.” These constitute the vast majority of audits that 
he IRS performs. Tax returns are selected for an operational au- 
it through a wide variety of processes, the details of which are 

ept confidential. These processes can range from simple decision 

ules to manual examination to prioritization based on model- 
stimated risk scores. 6 Different audit programs use different 
rocesses to select which returns to audit. For some programs, tax 

eturns are ranked in a manner that focuses on total noncompli- 
nce, aggregated across issues on the return; selected returns are 

hen “classified” by IRS examiners to identify the most promis- 
ng potential noncompliance issues on which to focus. Other au- 
it programs are focused more narrowly on a particular issue or 
et of issues; returns audited through such programs are selected 

ased on criteria that relate to the specific noncompliance issues 
f focus. 7 

To facilitate our research, the IRS shared information on op- 
rational audit selection processes with members of our research 

eam; however, IRS policy limits our ability to disclose informa- 
ion about these processes that would allow taxpayers to manipu- 
ate their risk of selection, such as tax return characteristics that 

ay drive audit selection. The federal government has publicly 

isclosed some inputs into audit selection, such as the use of child 

ustody and child birth records to assess whether a taxpayer is 
ligible to claim a child for a particular credit ( GAO 2015 ), and 

as also made clear that certain taxpayer characteristics are not 
aken into account, such as race or where the taxpayer lives ( Kiel 
nd Fresques 2019 ). 

Distinct from formal audits, the IRS operates several pro- 
rams through which it screens submitted returns for poten- 
ial identity theft or makes adjustments to taxpayers’ submitted 
6. We observe all training data and the full set of taxpayer features for EITC 

udits—our focus below—with the exception of audit referrals from whistleblow- 
rs or law enforcement (which are present in a very small share of EITC audits). 

7. The set of issues on which an audit focuses may constrain the process 
hrough which the audit is conducted; for example, audits of claimed business 
eductions may be more amenable to correspondence audit than audits of unre- 
orted business income. 

ctober 2026
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returns based on information reported to it by third parties, the
detection of math errors (including returns claiming benefits for
which the taxpayer does not qualify based on observable charac-
teristics such as the taxpayer’s age or reported income), or other
factors. In other cases, the IRS will flag a potential compliance is-
sue on a submitted return through a “soft notice” or other process
for the taxpayer to resolve the issue without undergoing a for-
mal audit, such as certain situations in which multiple taxpayers
claim the same child for the same year. Thus, many of the returns
with “smoking gun” evidence of noncompliance are addressed out-
side of the formal audit process. 

II.C. The EITC 

The EITC is a tax credit designed to support low- and middle-
income taxpayers with earnings from work. The credit is refund-
able, meaning that taxpayers receive a payment or “refund” from
the government if it brings their tax liability for the year below
zero. Today, the EITC constitutes the largest cash-based safety
net program in the United States, benefiting approximately 31
million households at an annual budgetary cost of $64 billion ( IRS
2023a ). 

The amount of EITC for which a taxpayer qualifies is based
on the taxpayer’s income and family size. The credit amount ini-
tially increases with income for lower-income taxpayers, plateaus,
and then decreases with income once a taxpayer’s income sur-
passes a specified threshold. The maximum EITC amount varies
based on the number of children a taxpayer claims; in 2014 (the
year that most of our analysis focuses upon), the maximum EITC
ranged from $496 for taxpayers without children to $6,143 for tax-
payers with three or more children, and was available to taxpay-
ers with combined incomes of up to $52,247 if married, or $46,997
if single. Taxpayers without income from work do not qualify for
any EITC amount. Approximately 19% of taxpayers claimed the
EITC in 2014, with an average credit of $2,122 among claimants
( IRS 2016 ). 

In order for a taxpayer to claim a child for the EITC, the child
must satisfy several eligibility tests with respect to the taxpayer.
In particular, the taxpayer must be related to the child through
one of a specified set of relationships (e.g., the child’s parent, step-
parent, grandparent, aunt, uncle, or sibling) and must reside with
the child for over half of the tax year. In addition, the child must



RACIAL DISPARITIES IN TAX AUDITS 123 

g
c
p
g

s
m
w
e
N
c
i
m
a
a
g
i
a
p

p
(
l
s
r
b
v
r
n
E
m
A

2
g
w
t
p

p
f

D
ow

nloaded from
 academ

ic.oup.com
/qje/article/140/1/113/7778259 by U

niversity of C
hicago user on 20 O

ctober 2026
enerally be below the age of 19, or below the age of 24 if the 

hild is a full-time student. In cases in which two or more tax- 
ayers qualify to claim a single child, a series of tie-breaker rules 
overn which claim takes priority. 

Noncompliance with the EITC rules has been a persistent 
ubject of policy concern. Estimates of the EITC improper pay- 
ent rate hover around 25% ( U.S. Treasury Department 2022 ), 
hich many observers attribute to the complicated rules gov- 

rning eligibility for the credit ( Holtzblatt and McCubbin 2004 ; 
ational Taxpayer Advocate 2019b ). Federal law requiring agen- 

ies to measure improper payments effectively imposes a min- 
mal number of research audits of EITC returns that the IRS 

ust conduct, but such rules do not directly constrain the IRS’s 
bility to adjust the number of EITC returns selected for oper- 
tional audit ( OMB 2021 ). In addition to the EITC, the federal 
overnment designates two other refundable credits—the Amer- 
can Opportunity Tax Credit and Additional Child Tax Credit—
s high-priority programs that are susceptible to significant im- 
roper payments. 

In recent years, approximately 40% or more of individual tax- 
a yer audits ha ve been focused on returns claiming the EITC 

 Congressional Research Service 2022 ). 8 EITC returns are se- 
ected for audit through a variety of enforcement programs; as 
uc h, EITC c laimants may be audited in a manner that is nar- 
owly focused on their eligibility for the EITC (e.g., their eligi- 
ility to claim a particular dependent) or in a manner that in- 
estigates other potential forms of noncompliance (e.g., the accu- 
acy of their reported income or their eligibility to claim a busi- 
ess deduction). The vast majority (94% in 2014) of audits of 
ITC claimants are correspondence examinations and approxi- 
ately two-thirds occur pre-refund (see Online Appendix Table 

.1). 
Approximately three-quarters of audited EITC returns in 

014 were selected through the Dependent Database (DDb) pro- 
ram, which flags returns based on a set of rules and heuristics as 
ell as various proprietary risk scores. The features that are used 

o calculate these proprietary risk scores are drawn from tax- 
ayers’ filed returns as well as other administrative data about 
8. The high EITC audit rate originates from a 1997 deal between House Re- 
ublicans and the Clinton administration to preserve EITC funding in exchange 
or heightened enforcement ( Johnston 2000 ). 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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taxpayers or their children available to the IRS. 9 For DDb audits,
the selection step of the process is automated without manual re-
view by human examiners ( IRS 2011 ). 

III. EMPIRICAL FRAMEWORK 

We provide results relating to the identification of disparities
in an outcome (like audits) with respect to a characteristic (like
race) that cannot be directly observed by the researcher. 

III.A. Basic Notation 

Tax returns are indexed by i , and have observable charac-
teristics X i . We use B i ∈ { 0 , 1 } to indicate whether the primary
filer on tax return i is Black, and Y i ∈ { 0 , 1 } to indicate whether
the return is audited. The audit rate for Black taxpayers is
 

B = E [ Y | B = 1] , and the audit rate for non-Black taxpayers is
 

NB = E [ Y | B = 0] . 
Our goal is to estimate the audit disparity with respect to

Black taxpayers, D , which we define as the difference in audit
rates between Black and non-Black taxpayers: 

D = Y 

B − Y 

NB = E [ Y | B = 1] − E [ Y | B = 0] (Audit Disparity) . 

An important barrier to studying differences in audit rates
by race is that neither we nor the IRS observe taxpayer race. To
overcome this challenge, we first estimate the probability that a
taxpayer is Black using a subset of characteristics we do observe,
and second, use the resulting race probabilities, along with ad-
ministrative data on audits, to estimate differences in audit rates
by race. That is, our approach is to: 

(i) Estimate b i = Pr [ B i = 1 | Z i ] , where Z i ⊆ X i is a subset of i ’s
observable characteristics. 

(ii) Use estimated b i and observed Y i to estimate D . 

In the remainder of this section, we describe these two steps
in additional detail. 
9. These administrative data sources include state-provided data on child cus- 
tody determinations that is compiled by the Department of Health and Human 

Services, child birth records from the Social Security Administration, and pris- 
oner data from the Bureau of Justice Statistics. 

6
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II.B. Imputing Race 

To impute race, we apply a variant of Bayesian Improved 

urname Geocoding (BISG), which uses name and geolocation to 

robabilistically infer race ( Imai and Khanna 2016 ). This method 

as been widely applied in academic studies and is recommended 

hen race is missing by the National Academy of Medicine 

 Nerenz et al. 2009 ). Recent work has shown that first names 
re more informative than surnames for identifying Black indi- 
iduals ( Voicu 2018 ), so we incorporate first name information as 
ell, applying Bayesian Improved First Name Surname Geocod- 

ng (BIFSG). The method is naive in the sense that it assumes 
hat first name, surname, and geography are independent after 
onditioning on race: 

Pr [ F, S, G | B ] = Pr [ F | B ] Pr [ S | B ] Pr [ G | B ] , 

here F is first name, S is surname, and G is geography. Using 

ayes’s rule, this assumption implies 

Pr [ B = 1 | F, S, G ] 

= 

Pr [ F | B = 1] Pr [ S | B = 1] Pr [ G | B = 1] Pr [ B = 1] 
1 ∑ 

j=0 
Pr [ F | B = j] Pr [ S | B = j] Pr [ G | B = j] Pr [ B = j] 

, 1) 

nd similarly for Pr [ B = 0 | F, S, G ] . See Online Appendix B.1 for
 formal derivation. Estimating these terms by name and geog- 
aphy yields individual-level race probabilities. Because audits 
ccur at the level of the tax return, we estimate a single race 

robability per return, focusing on the primary filer in cases of 
oint returns by married spouses. 

The independence assumption underlying BIFSG is strong 

nd is likely violated in practice (e.g., Greengard and Gelman 

023 ). Still, prior research has found that the method performs 
ell across a range of settings. We validate the performance of 
IFSG race probabilities as an input to our disparity estimators 
sing a subset of tax records matched to non-IRS administrative 

ata containing taxpayer race. We also verify the robustness of 
ur results to alternative imputation methods, including an ap- 
roach that sidesteps the independence assumption by predicting 

ace solely on the basis of geographic information. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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III.C. Estimating Disparity Using Imputed Race 

After estimating the probability that each taxpayer is Black,
we consider how to use those estimated probabilities to identify
the difference in audit rates by race. We consider two estimators:
the probabilistic disparity estimator and the linear disparity es-
timator. We characterize the bias of each and provide conditions
under which the two estimators bound the true audit disparity. 

The probabilistic estimator calculates average audit rates by
race by weighting each taxpayer’s contribution to the average au-
dit rate by the probability that the taxpayer is or is not Black.
Formally, given estimated race probability b i and audit status Y i ,
we define the probabilistic audit rate estimators as 

̂ Y 

B 

p = 

∑ 

i b i Y i ∑ 

i b i 

̂ Y 

NB 

p = 

∑ 

i (1 − b i ) Y i ∑ 

i (1 − b i ) 
, 

where B and NB refer to the estimated audit rates among Black
and non-Black taxpayers, respectively. The probabilistic dispar-
ity estimator, ̂ D p , is the difference in the probabilistic audit rate
estimates for these groups: 

̂ D p = 

̂ Y 

B 

p − ̂ Y 

NB 

p = 

∑ 

i b i Y i ∑ 

i b i 
−

∑ 

i (1 − b i ) Y i ∑ 

i (1 − b i ) 
. 

The second estimator we consider is the linear disparity esti-
mator, ̂ D l . Consider the regression of Y on b: 

Y = α + βb + η. 

The linear disparity estimator corresponds to the estimated coef-
ficient on b in this regression: 

̂ D l = 

̂ β = 

∑ 

i ( Y i − Y )( b i − b ) ∑ 

i (b i − b ) 2 
, 

where Y and b denote the sample averages of Y and b. The corre-
sponding linear estimators of Y 

B and Y 

NB are given by ̂

 Y 

B 

l = ̂  α + ̂β

and 

̂ Y 

NB 

l = ̂  α. 
The following proposition characterizes the asymptotic bias

of the disparity estimators. 

PROPOSITION 1. Suppose that b is a taxpayer’s probability of
being Black given some observable characteristics Z , so that
b = Pr [ B = 1 | Z ] . Define D p as the asymptotic limit of the prob-
abilistic disparity estimator, ̂ D p , and D l as the asymptotic limit
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of the linear disparity estimator, ̂ D l . Then: 

D p = D − E [ Cov (Y, B | b)] 
Var (B ) 

, (1.1) 

D l = D + 

E [ Cov (Y, b| B )] 
Var (b) 

. (1.2) 

Suppose E [ Cov (Y, B | b)] � 0 and E [ Cov (Y, b| B )] � 0 . Then 

D p � D � D l . (1.3) 

Suppose E [ Cov (Y, B | b)] � 0 and E [ Cov (Y, b| B )] � 0 . Then 

D l � D � D p . (1.4) 

Online Appendix B provides a proof of this proposition, de- 
ives similar results for the audit rate (level) estimators, and 

haracterizes the estimators’ asymptotic distributions. 10 

For the probabilistic disparity estimator to be consistent 
 Proposition 1.1 ), it must be that any association between race 

nd audits is mediated through predicted race. In our setting, this 
ondition would be violated if Black taxpayers were selected for 
udit at different rates than non-Black taxpayers with identical 
ames and living in identical neighborhoods. 11 

The linear disparity estimator requires a different assump- 
ion for consistency: namely, that there be no residual associa- 
ion between predicted race and audits after conditioning on the 

axpayer’s actual race ( Proposition 1.2 ). This exclusion restriction 

ould be violated if some of the information used to predict race—
or example, name—is associated with audits through channels 
ther than race, such as socioeconomic status. 
10. In some applications, we consider estimates of the conditional audit 
isparity with respect to a subset of taxpayer characteristics x ∈ X : E [ Y | B = 

 , x ∈ X ] − E [ Y | B = 0 , x ∈ X ] . Proposition 1 extends naturally to such applica- 
ions, with the key covariance terms replaced by E [ Cov (Y, b| B, x ∈ X ) | x ∈ X ] 
nd E [ Cov (Y, B | b, x ∈ X ) | x ∈ X ] , respectively. In other applications, we consider 
eighted versions of these estimators. We discuss these cases in Online Appendix 
. 

11. Proposition 1.1 is related to a result in Chen et al. (2019) and Kallus, 
ao, and Zhou (2022) , which substitutes E [ Cov (Y, B | Z )] for E [ Cov (Y, B | b)] in our 

xpression, similar to conditioning on combinations of covariates in lieu of the 
ropensity score. The difference is significant in practice, since it may not be prac- 
ical to calculate Cov (Y, B | Z ) when Z takes on many values, such as in the common 

ircumstance in which race is imputed from name and geography. 

o user on 20 O
ctober 2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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Propositions 1.3 and 1.4 highlight a useful implication of
Propositions 1.1 and 1.2 : the linear and probabilistic dispar-
ity estimators asymptotically bound the true disparity when
E [ Cov (Y, b| B )] and E [ Cov (Y, B | b)] share the same sign. 12 In our
setting, using geography and name to predict race, these co-
variance terms are likely to be positive. For example, there are
well-documented differences in marital patterns by race, with
rates of marriage among Black households below those of other
groups ( Aughinbaugh, Robles, and Sun 2013 ). In addition, un-
married taxpa yers ma y be associated with higher rates of EITC
audit risk due to the residency and relationship tests that gov-
ern the EITC qualifying child rules ( Leibel, Lin, and McCubbin
2020 ). Hence, to the extent that race predictions derived from
name and geography do not fully capture racial differences in
household structure, it is likely that some residual correlation
between audits and race would remain, so that E [ Cov (Y, B | b)] >
0 . At the same time, some research shows that Black Ameri-
cans with more distinctively Black names have lower socioeco-
nomic outcomes ( Fryer and Levitt 2004 ; Cook et al. 2016 ). To
the extent that audit rates are declining in income for some
portions of the income distribution ( Black et al. 2022 ), this
suggests that even after conditioning on race, taxpayers with
higher predicted probabilities of being Black may be audited
at higher rates than taxpayers with lower predicted probabil-
ities of being Black, suggesting E [ Cov (Y, b| B )] > 0 . Below, we
provide empirical support for these conditions using an auxil-
iary data set in which race is observed for a subset of taxpay-
ers. 

Finally, Proposition 1 requires that the individual race proba-
bility estimates are perfectly calibrated, b = Pr [ B = 1 | Z ] for each
Z ; in Online Appendix B, we derive the bias of the disparity
estimators when this assumption fails (see Proposition 2). One
method for researchers to assess the calibration of the individ-
ual race probabilities is by calculating those probabilities for a
subset of the data for which individual-level race information is
available. To the extent that the race probabilities are found to be
miscalibrated, Proposition 2 shows that a simple linear correction
using the available race labels can remove much of the resulting
12. Proposition 3 in Online Appendix B establishes that the Black and non- 
Black audit rate levels are similarly bounded by the linear and probabilistic esti- 
mators under the same conditions. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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ias (see Online Appendix B.5 for details). We implement this ap- 
roach to assess and recalibrate our BIFSG estimates. 

IV. DA T A 

This section describes the IRS data relating to audits and 

ther tax variables and the data we use to impute taxpayer race. 

V.A. Tax Data 

We begin with comprehensive, administrative, and 

nonymized IRS data from approximately 148 million indi- 
idual income tax returns with valid Social Security numbers 
or 2014. We primarily focus on tax year 2014 because it is the 

ost recent year for which the vast majority of audits were 

omplete and available to us at the time of analysis. For each 

eturn, we observe the amount and sources of reported income, 
eductions, and credits claimed. We also observe information 

eturns for each taxpayer, such as employer-reported wages 
n Form W-2, and other administrative records, such as Social 
ecurity Administration data on gender and year of birth. 

Among the returns in our data, there were 780,627 opera- 
ional audits, constituting 0.53% of returns filed for the year. We 

lso use data on the research audits conducted under the NRP, 
hich, as described in Section II , are selected using a stratified 

andom sample of taxpayers. Between 2010 and 2014, there were 

etween approximately 13,500 and 15,500 NRP audits a year. 
o increase the precision of our analyses that use NRP data, we 

ool the 71,878 returns selected for NRP audit between 2010 and 

014. 
For each filed return, we observe whether the return was se- 

ected for audit. 13 In addition, among audited returns, we observe 

he amount, if any, of the IRS-imposed adjustment to the origi- 
ally filed return. Throughout, we report quantities in 2014 dol- 

ars, inflation-adjusting the NRP returns from prior years. 

V.B. Race Data 

The IRS does not collect data on taxpayer race, either di- 
ectly via tax returns or indirectly via merging tax data with 
13. More precisely, we observe whether an audit for the return was completed 
efore 2023. Nearly all audits are completed within six years of a return being 
led. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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administrative data on race from other agencies. We rely on
a BIFSG approach to estimate the probability that a taxpayer
would self-report as Black based on the first name, last name, and
location of residence reported on the taxpayer’s return. The
taxpayer’s location was measured at the level of the census
block group, the smallest geographic unit with racial compo-
sition reported by the Census, which typically contain 600–
3,000 individuals. Data on the joint distribution of first names
and race were obtained from Loan Application Registers un-
der the Home Mortgage Disclosure Act from 2007–2010, fol-
lowing Tzioumis (2018) ; data on the joint distribution of last
names and race were obtained from the 2010 Decennial Cen-
sus Surname File ( U.S. Census Bureau 2021 ); and data on
the racial make-up of census block groups were obtained from
the American Community Survey five-year estimates (2010–
2014). 14 Information regarding the availability of these char-
acteristics in our sample is described in Online Appendix Ta-
ble A.2. We are able to estimate race probabilities based on
all three attributes (first name, last name, and geolocation)
for 73% of tax year 2014 returns. For the remaining returns,
we use the available subset of these attributes to impute
race. 

To assess the validity of our estimated race probabilities and
the statistical bias of our audit disparity estimators, we obtained
data on self-reported race for a subset of our sample by match-
ing taxpayers to publicly available voter registration records from
North Carolina. North Carolina required all registered voters to
report race until 1993, after which reporting became optional.
Taxpayer and voter records were matched using name and ad-
dress, which resulted in a 47% unique match rate and ∼2.5 mil-
14. For purposes of training and validating BIFSG, we follow the racial 
and ethnic classifications provided in the first name and surname files; this en- 
tails treating individuals who report their ethnicity to be Hispanic as non-Black, 
and treating individuals who report themselves to be multiracial as non-Black. 
Note that because of how the census-derived inputs to BIFSG are measured, the 
method is technically trained to predict the householder’s report of an individual’s 
race rather than the individual’s own self-report, if the individual is not the house- 
holder. The steps of this analysis requiring nonanonymized taxpayer information 

were conducted by Treasury economists, with the (anonymized) results provided 
to the other members of our research team. 

 user on 20 O
ctober 2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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ion matched records. 15 In some of the calibration exercises using 

his data, we reweight North Carolina taxpayers to match the 

verall U.S. population on observable demographic characteris- 
ics. Online Appendix C provides additional details regarding the 

ata match and the construction of these weights. 

V. RACE ESTIMATE CALIBRATION AND STATISTICAL BIAS 

ASSESSMENT 

This section presents results relating to the calibration of our 
axpayer race estimates and statistical bias of the audit disparity 

stimators on which we rely. 

.A. Taxpayer Race Estimates 

We use BIFSG to estimate the probability that a taxpayer 
s Black based on the taxpayer’s first name, last name, and ge- 
graphy. Figure I summarizes the results of this exercise. The 

eft panel presents the distribution of estimated race probabili- 
ies. The distribution is bimodal, with 4.4% of taxpayers having 

0% or higher predicted probability of being Black and 77.0% of 
axpa yers ha ving 10% or lower predicted probability of being 

lack. The mean prediction is 12.2%, which corresponds closely 

o the 12.2% of the overall U.S. population that was estimated to 

e Black by the U.S. Census in 2014 (ACS 2014). 16 

The right panel of Figure I assesses the calibration of the es- 
imated race probabilities. It uses the matched North Carolina 

ata to compare the true probability that a taxpayer identifies 
s Black with the BIFSG-predicted probability that the taxpayer 
oes so. The figure shows that the predicted race probabilities are 

enerally monotonic in true self-reported race and generally track 

he 45-degree line. We observe a similar pattern for the subpopu- 
ation of taxpayers claiming the EITC, although here we observe 

ome evidence that BIFSG may underestimate the probability a 
15. Matching took place in a fire-walled environment, separately from the 
ain analysis, under the direction of the Treasury Office of Tax Analysis. Infor- 
ation relating to voting and political party were excluded from all analyses. 

16. The relatively small share of individuals estimated to be Black with very 
igh probability may reflect a limitation of the BIFSG methodology, which outputs 
 probability near one only for a taxpayer living in a very high Black-share neigh- 
orhood and with very distinctively Black first and last names. We investigate the 
obustness of our results to alternative race imputation methods later. 

0 O
ctober 2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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FIGURE I 

Distribution and Calibration of Estimated Race Probabilities 

Left: Nationwide histogram of BIFSG-predicted probability that a taxpayer is 
Black (non-Hispanic). The mean prediction is 12.2%. Right: The calibration of the 
BIFSG imputations for the taxpayers in the matched North Carolina data set. 
Taxpayers are split into groups based on their predicted probability of being Black 
(discretized into 100 bins 1 percentage point wide). The predicted probability of 
being Black is on the x -axis; the y -axis represents the true proportion of each 

group that is Black according to self-reported race observed in the North Carolina 
matched sample, reweighted to be representative of the overall United States (see 
Online Appendix C for details). A perfectly calibrated predictor would fall exactly 
on the 45-degree line, shown as the black dotted line. The figure shows overall 
calibration in blue as well as calibration among EITC claimants (dark green) and 
non-EITC claimants (light green). 
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taxpayer is Black; we explore several recalibration methods below
to address this issue. Overall, to the extent our matched North
Carolina sample is representative of the population, this anal-
ysis suggests that the BIFSG-derived race estimates constitute
a reasonably accurate approach for estimating taxpayer race in
this setting (see Online Appendix Table A.3 and Online Appendix
Figure A.1 for additional detail). We consider several robustness
c hec ks that use alternative methods for calculating race probabil-
ity estimates and obtain qualitatively similar results. 

V.B. Assessing Bias of the Audit Disparity Estimators 

We use the North Carolina data to shed light on the statisti-
cal bias of the audit disparity estimators. 

To visualize the parameters shaping the bias of the dispar-
ity estimates from Proposition 1 , Figure II bins the taxpayers
from the North Carolina data set based on their estimated prob-
ability of being Black and plots the fraction of Black and non-

art/qjae027_f1.eps
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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FIGURE II 

Audit Rate by Predicted and Self-Reported Race 

The figure shows the relationship between audit incidence ( y -axis) and BIFSG- 
predicted probability that a taxpayer is Black ( x -axis) for taxpayers filing returns 
for tax year 2014. Audit rates are plotted separately for Black and non-Black 
taxpayers in the North Carolina matched sample. Black and non-Black taxpayers 
are each grouped into 100 equal-sized bins, with Black taxpayers indicated by 
dark purple crosses and non-Black taxpayers indicated by light purple circles. The 
average vertical distance between the crosses and circles (illustrated by the dark 
gray arrows) provides an estimate of the sign of E [ Cov (Y, B | b)] . The average slope 
of the group-specific best-fit lines (illustrated by the light gray arrows) provides 
an estimate of the sign of E [ Cov (Y, b| B )] . 
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lack taxpayers audited within each bin. The figure shows a 

ositive residual correlation between audit probability and being 

lack after conditioning on the estimated race probability. From 

roposition 1.1 , this implies that the probabilistic disparity es- 
imate is downward-biased, that is, E [ Cov (Y, B | b)] > 0 . At the 

ame time, the figure suggests an upward-sloping audit rate in 

redicted race, for both Black and non-Black taxpayers, after 
onditioning on self-reported race, or E [ Cov (Y, b| B )] > 0 . From 

roposition 1.2 , this implies that the linear disparity estimator 
s upward biased. 

Online Appendix Table A.4 reports a more formal test for 
he sign of the key covariance terms. To estimate E [ Cov (Y, b| B )] , 
e use the North Carolina data to directly calculate the covari- 

art/qjae027_f2.eps
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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ance between audits and predicted race probabilities separately
for Black and non-Black taxpayers. We aggregate these estimated
covariances into an estimate of E [ Cov (Y, b| B )] by weighting each
race-specific covariance by the estimated proportion of all taxpay-
ers that are Black or non-Black, respectively. In similar fashion,
we estimate E [ Cov (Y, B | b)] by calculating the sample covariance
between audits and self-reported race separately for each esti-
mated race probability percentile, and then aggregate based on
the share of taxpayers in each race probability percentile. For
both E [ Cov (Y, b| B )] and E [ Cov (Y, B | b)] , we reject the null hypoth-
esis that the parameter is less than or equal to zero with p <

.01. 
We obtain similar results when we reweight the North Car-

olina data to match the U.S. population on a range of observable
characteristics (column (2) of Online Appendix Table A.4) and
when we restrict the analysis to EITC claimants (columns (3) and
(4)). In contrast, for the non-EITC population (columns (5) and
(6)), we are unable to sign the second of these covariance terms
with statistical significance. 

We interpret the results in this subsection to support the hy-
pothesis that E [ Cov (Y, B | b)] > 0 and E [ Cov (Y, b| B )] > 0 for EITC
taxpayers and the overall population, and therefore, that the
probabilistic and linear disparity estimators bound the true au-
dit rate disparity for these populations. 

VI. AUDIT DISPARITY RESULTS 

We report our estimates of the difference in audit rates be-
tween Black and non-Black taxpayers. We begin with the overall
population of U.S. taxpayers before turning to EITC claimants. 

Figure III presents our main findings concerning racial au-
dit disparities for the population of U.S. taxpayers. The top panel
plots the mean audit rate against the binned estimated proba-
bility that a taxpayer is Black. The upward-sloping relationship
shown in the figure suggests that Black taxpayers are audited at
a higher rate than non-Black taxpayers. 

The bottom panel of Figure III depicts the estimated au-
dit rates among Black and non-Black taxpayers, respectively, ob-
tained from the probabilistic and linear estimators. Both estima-
tors imply that Black taxpayers were audited at a higher rate
than non-Black taxpayers. In particular, the probabilistic esti-
mator implies a racial audit disparity of 0.81 percentage points:

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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FIGURE III 

Audit Rates by Race 

The figure shows the relationship between audits and race among taxpayers 
filing returns for tax year 2014. Top: Binned scatterplot of audit rate by BIFSG- 
predicted probability that a taxpayer is Black. Taxpayers have been grouped into 
100 equal-sized bins. Bottom: Estimated audit rates among Black and non-Black 
taxpayers, calculated using the probabilistic audit rate estimator and the linear 
audit rate estimator with BIFSG-predicted probabilities. Error bars show the 95% 

confidence interval based on the distribution of estimates from 100 bootstrapped 
samples. 
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1.24% of Black taxpayers were audited, compared with 0.43% of
non-Black taxpayers. These audit rates are precisely estimated:
the 95% confidence interval on the probabilistic disparity esti-
mate ranges from 0.81 to 0.82 percentage points. 17 As expected,
the linear estimator implies an even larger racial audit disparity,
of 1.34 percentage points, and is also precisely estimated. Because
the conditions for Proposition 1.3 appear to be satisfied in our set-
ting, we interpret the probabilistic and linear disparity estimates
as bounds on the true racial audit disparity. Thus, our results
suggest that Black taxpayers were audited at 2.9 to 4.7 times the
rate of non-Black taxpayers. 18 

Figure IV plots estimated audit rates by income and race.
Black taxpayers appear more heavily audited throughout the
income distribution. 19 Notably, the difference in audit rates
appears largest for taxpayers with incomes that potentially
qualify for the EITC. To more directly explore the role of
the EITC in the observed racial audit disparity, we investi-
gate differences in audit rates by EITC claim status as well
as differences in EITC claiming by race. The right panel of
Online Appendix Figure A.5 shows that the audit rate among
EITC claimants (of any race) is more than four times higher
than among non-EITC claimants (1.45% versus 0.31%). In ad-
dition, the left panel of the figure shows that the EITC claim
rate is increasing in the probability that a taxpayer is Black.
17. This confidence interval reflects sampling uncertainty in the outcome 
model, in the sense that even the universe of 2014 taxpayers may not perfectly 
reflect the underlying data-generating process, but abstracts from uncertainty in 

the construction of the BIFSG-based probability estimates. We obtain slightly less 
precise disparity estimates after accounting for this source of uncertainty, follow- 
ing the dual-bootstrap method proposed by Lu et al. (2024) ( Online Appendix Ta- 
ble A.10 and Online Appendix Figure A.12). 

18. We obtain comparable results from using a linear program to calculate 
maximum and minimum values of disparity that are consistent with the as- 
sumptions of Proposition 1.3 and the observed joint distribution of b and Y ; see 
Online Appendix B.9. 

19. For ease of exposition, we focus on the probabilistic estimate of the audit 
rate; Online Appendix Figure A.2 shows a similar pattern using the linear estima- 
tor. As discussed in Online Appendix B.8, interpreting the estimators as bounds on 

a conditional audit disparity requires that the conditions of Proposition 1 hold at 
the subgroup level. Online Appendix Figure A.4 reports estimates of the relevant 
covariance terms by income bin from the NC data. For most bins, the conditions 
of Proposition 1.3 appear satisfied, although the pattern is more consistent for the 
probabilistic estimator. For higher-income taxpayers, the linear disparity estima- 
tor may not constitute an upper bound. 
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FIGURE IV 

Audit Rates by Income and Race 

The figure shows the estimated audit rate by income among Black and non- 
Black taxpayers filing returns for tax year 2014. Income is measured according to 
the adjusted gross income (AGI) reported on the taxpayer’s return (i.e., prior to au- 
dit adjustments). Binned audit rates by race are determined using the probabilis- 
tic estimator; Online Appendix Figure A.2 reports the corresponding analysis with 

the linear estimator. The sample is limited to taxpayers reporting non-negative 
AGI. Taxpa yers ha ve been grouped into 20 equal-sized bins based on their AGI. 
The shaded area around each line shows the 95% confidence interval based on 

the distribution of estimates from 100 bootstrapped samples. To facilitate presen- 
tation, the x -axis is limited to bins with mean reported AGI under $200,000; a 
version of the figure with all income percentiles is presented in Online Appendix 
Figure A.3. 
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ence, one possibility is that the observed difference in audit 
ates could be due to EITC claimants being audited at higher 
ates and Black taxpayers being overrepresented among that 
roup. 

To assess this hypothesis, we estimate audit disparities 
y race separately for EITC claimants and nonclaimants. If 
ifferences in EITC claiming rates by race account for the 

acial disparity, we would expect the difference in audit rates 
y race to be relatively small within the population of EITC 

art/qjae027_f4.eps
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FIGURE V 

Audit Rates by Race and EITC Claiming 

The figure shows the relationship between audits and race among taxpayers fil- 
ing returns for tax year 2014, broken out by whether a taxpayer claims the EITC 

in that year. Left: Binned scatterplot of audit rate by BIFSG-predicted proba- 
bility Black by EITC claim status, with EITC claimants and nonclaimants each 

grouped into 100 equal-sized bins based on their estimated probability of being 
Blac k. EITC c laimants are represented by dark green circ les and nonc laimants 
by light gray crosses. Right: Estimated audit rate by race and EITC claim status, 
calculated using the probabilistic audit rate estimator and the linear audit rate es- 
timator with BIFSG-predicted probabilities. Error bars show the 95% confidence 
interval based on the distribution of estimates from 100 bootstrapped samples. 
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claimants. However, Figure V shows this is not the case. In-
stead, the estimated disparity in audit rates between Black
and non-Black EITC claimants is substantially larger in per-
centage point terms (between 1.96 and 2.90 percentage points)
than the estimated disparity for the full population (between
0.81 and 1.34 percentage points). In contrast, we estimate
significantly smaller racial audit disparities among taxpayers
not claiming the EITC (between 0.10 and 0.18 percentage
points). 20 

We can formally decompose the overall audit disparity into
three components: (i) racial differences in the audit rate among
EITC claimants; (ii) racial differences in the audit rate among
20. These disparities are precisely estimated; refer to Table I for standard er- 
rors. As discussed in Section V , we lack empirical evidence that the linear dispar- 
ity estimator yields an upper bound on the racial audit disparity for EITC non- 
claimants. In our linked North Carolina data set containing self-reported race, 
the true racial audit disparity for this group is slightly larger than but similar 
in magnitude to the disparity obtained from the linear disparity estimator (see 
Online Appendix Table A.7). 

tober 2026
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ITC nonclaimants; and (iii) racial differences in the rate at 
hich taxpayers claim the EITC, scaled by differences in the au- 
it rate for EITC versus non-EITC returns: 

Y 

B − Y 

NB = 

(
Y 

B 

C 

− Y C 

)
C B 

− (
Y 

NB 

C 

− Y C 

)
C NB ︸ ︷︷ ︸ 

(1) 

+ 

(
Y 

B 

NC 

− Y NC 

)
(1 − C B 

) − (
Y 

NB 

NC 

− Y NC 

)
(1 − C NB 

) ︸ ︷︷ ︸ 
(2) 

+ 

(
C B 

− C NB 

)
( Y C 

− Y NC 

) ︸ ︷︷ ︸ 
(3) 

, 

here C B 

and C NB 

denote the respective probabilities that Black 

nd non-Black taxpayers claim the EITC; Y 

B 

C 

, Y 

NB 

C 

, and Y C 

de- 
ote the respective audit rates for Black, non-Black, and all EITC 

laimants; and similarly for Y 

B 

NC 

, Y 

NB 

NC 

, and Y NC 

with respect to 

ITC nonclaimants. We estimate that racial differences in the 

udit rate within EITC claimants contribute between 70% and 

3% of the total disparity, with the remainder primarily due to 

acial differences in the rate that taxpayers claim the EITC (20% 

o 21%) and a smaller portion due to racial differences in the audit 
ate among taxpayers not claiming the EITC (7% to 8%). 21 

We explore the type of audits from which the disparity arises. 
able I shows that audit disparities appear to be largely driven 

y differences in the selection of correspondence audits, whereas 
lack and non-Black taxpayers appear to be selected for field and 

ffice audits at roughly similar rates. 22 We observe disparities 
n both pre-refund and post-refund audits, although the magni- 
ude is larger in the former category than in the latter even once 

e limit consideration to correspondence audits. Although audit 
isparities are largely concentrated among EITC claimants, cor- 
espondence audits appear to drive the smaller disparity we ob- 
21. Online Appendix D provides additional detail, as well as other potential 
ecompositions. The relative importance of these three components is sensitive to 
he decomposition considered and the choice of reference group, but a consistent 
nding is that differences in audit rates among EITC claimants are an important 
ontributor to overall disparity—generating at least 32% and up to 83% of the 
otal difference in audit rates. 

22. The financial and time costs of being audited differ across these audit 
ategories, as do the average amounts of back taxes, penalties, and interest that 
re imposed. Online Appendix Tables A.8 and A.9 provide back-of-the-envelope 
stimates for how audit burdens vary by race, accounting for these factors. 
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TABLE I 
ESTIMATED AUDIT RATE DISPARITY 

Audit timing Audit type 

Any Pre Post Correspondence Field/ 
audit refund refund office 

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

Panel A: Full population 

Probabilistic 0.813 0.569 0.244 0.804 0.010 
(0.003) (0.002) (0.002) (0.003) (0.001) 

Linear 1.345 0.941 0.403 1.328 0.016 
(0.004) (0.003) (0.002) (0.004) (0.001) 

Mean audit rate 0.526 0.243 0.283 0.433 0.094 
N (millions) 148.3 148.3 148.3 148.3 148.3 

Panel B: EITC population 

Probabilistic 1.950 1.475 0.475 1.943 0.007 
(0.008) (0.007) (0.004) (0.008) (0.001) 

Linear 2.885 2.182 0.703 2.875 0.010 
(0.009) (0.008) (0.005) (0.009) (0.002) 

Mean audit rate 1.443 0.956 0.487 1.356 0.087 
N (millions) 28.3 28.3 28.3 28.3 28.3 

Panel C: Non-EITC population 

Probabilistic 0.102 0.005 0.097 0.088 0.013 
(0.002) (0.001) (0.002) (0.002) (0.001) 

Linear 0.180 0.009 0.171 0.156 0.024 
(0.003) (0.001) (0.002) (0.002) (0.001) 

Mean audit rate 0.310 0.075 0.235 0.215 0.096 
N (millions) 120.0 120.0 120.0 120.0 120.0 

The table reports probabilistic and linear estimates of the difference in audit rates between Black and 
non-Black taxpayers filing income tax returns for tax year 2014. Units are percentage points (0–100). The 
category of audit considered varies across columns; for example, the results in column (4) show the estimated 
difference in the rate that Black versus non-Black taxpayers are selected for a correspondence audit. Panel 
A includes all taxpayers, whereas Panels B and C restrict the analysis to EITC claimants and nonclaimants, 
respectively. Standard errors, reported in parentheses, are calculated from the asymptotic distributions de- 
scribed in Online Appendix B.3. See Online Appendix Tables A.5 and A.6 for estimates of audit rate levels by 
race. 
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serve among EITC nonclaimants as well. Among EITC claimants,
78.5% of the observed audit disparity is attributable to audits con-
ducted through the DDb program ( Online Appendix Table A.11). 

We explore heterogeneity in audit disparities in distinct
groups of EITC claimants. Figure VI reveals significant abso-
lute and relative disparities by race among unmarried EITC
claimants, particularly unmarried men. Strikingly, among un-
married EITC claimants with dependents, the audit rate for
Black men is more than 4 percentage points larger than the audit
rate for non-Black men, and both are an order of magnitude larger

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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FIGURE VI 

Audit Rate Disparities by EITC Subgroup 

The figure shows the estimated audit rate among the specified subgroups of 
Black and non-Black EITC claimants. Conditional audit rates by race are cal- 
culated using the probabilistic audit rate estimator applied to BIFSG-predicted 
probabilities that a taxpayer is Black. Section (1) splits EITC claimants by single 
versus joint filers; section (2) splits single EITC claimants by taxpayer gender; 
and section (3) splits single men claiming the EITC by whether they claim depen- 
dents. A similar analysis, corresponding to the linear estimator, is presented in 

Online Appendix Figure A.6. 
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han the audit rate for the overall U.S. population. In contrast, we 

bserve smaller racial audit disparities among joint filers, unmar- 
ied women, and unmarried men who do not claim dependents, 
lthough the ratio of audit rates of Black to non-Black taxpayers 
emains substantial among these groups. 23 
23. Online Appendix Figure A.7 reports estimates of the conditional covari- 
nce terms from Proposition 1.3 for each subgroup in Figure VI . In each case, the 
erms are estimated to have the expected sign, with the exception of the term as- 
ociated with joint filers claiming the EITC. Hence, the linear estimator may not 
dentify an upper bound on disparity for that group. 

r 2026
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We conduct a number of analyses to assess the robustness
of our results to alternative approaches for estimating taxpayer
race, reported in Online Appendix Table A.12. First, recall that
27% of the taxpayers in our sample are missing one or more
of the variables used to impute race; column (1) reestimates
the racial audit disparity after excluding this group. Second, as
an alternative to BIFSG, in column (2) we reestimate predicted
race using additional individual characteristics and relaxing the
naive Bayes independence assumption with Gibbs sampling (see
Online Appendix B.6 for details). Third, our BIFSG race proba-
bility estimates are derived from samples that are designed to
be representative of the overall U.S. population, not the subset of
the population that files taxes or claims the EITC. As discussed
in Section III , such miscalibration can shape the bias of our dis-
parity estimators. In Online Appendix B, we formally derive this
bias and use the result to recalibrate our race probability esti-
mates, treating the North Carolina data as ground truth (columns
(3) and (4)). 24 Fourth, we can avoid imposing BIFSG’s conditional
independence assumption if race is imputed based on geography
alone rather than on geography and name. Column (5) replicates
our main results using this simpler proxy. 25 Across columns, the
results are largely unchanged from our baseline approach. 

A different potential concern with our analysis is that the
matched North Carolina data that we use to validate our iden-
tifying assumptions may not be representative of the national
population, even after reweighting. To assess this possibility, we
matched our sample to voter registration data in six other states
in which race is recorded and estimated the key covariance terms
from Proposition 1 . Across states, we obtain substantially similar
results ( Online Appendix Figure A.13). 26 
24. Online Appendix Figures A.8 and A.9 contain results from the analo- 
gous exercise applied to the income bins and demographic groups reported in 

Figures IV and VI . 
25. For additional detail on the geography-based estimates, see Online 

Appendix Figures A.10 and A.11 and Online Appendix Table A.13. 
26. A limitation of the matched data from states other than North Carolina, 

and the reason we do not rely on them for our main analysis, is that they are 
drawn from voting records for 2023; as expected, this leads to a much lower match 

rate. Separately, a recent working paper independently confirms the existence of 
the audit rate disparity in a matched national sample of residents in certain tax- 
subsidized apartments ( Derby et al. 2024 ). 
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Finally, our results thus far have focused on returns for 
ax year 2014. To confirm that the patterns we observe are 

ot limited to that year, we estimate disparity among all 
axpayers ( Online Appendix Figure A.14) and among EITC 

laimants ( Online Appendix Figure A.15) for tax years 2010, 
012, 2016, and 2018. In each case, we obtain comparable results 
o those from 2014. 

VII. WHAT CAUSES THE RACIAL AUDIT DISPARITY AMONG EITC 

CLAIMANTS? 

Because the racial audit disparity appears concentrated 

mong EITC claimants, our remaining analyses focus on this pop- 
lation of taxpayers. We are confident that the disparity for this 
roup is not due to disparate treatment in audit selection because 

he vast majority of EITC returns are selected for audit based 

n automated processes, and these processes do not include race 

s an input. We explore how group-level differences in taxpayer 
haracteristics, as well as choices related to the design of the au- 
it selection algorithm, might contribute to the observed dispar- 
ty. To simplify exposition, we rely primarily on the probabilistic 
stimator; we obtain qualitatively similar results using the linear 
isparity estimator (reported in Online Appendix A). 

II.A. Differences in Underreporting 

We investigate whether the observed audit disparity can be 

xplained by differences in the distribution of underreporting be- 
ween Black and non-Black EITC claimants. By underreporting, 
e mean the difference between a taxpayer’s correct income tax 

bligations for a tax year (which may be negative in the case of a 

axpayer qualifying for refundable credits) and the tax obligations 
eported on the taxpayer’s return. For example, underreporting 

ay arise from reporting too little income, too many deductions, 
r from claiming a credit for which the taxpayer does not qual- 
fy. Underreporting may be intentional or inadvertent and may 

e due to decisions by either the taxpayer or a tax preparer. 

1. Differences in Actual Underreporting. A challenge in 

tudying whether the observed disparity is due to racial differ- 
nces in the distribution of underreporting is that we observe un- 
erreporting only among those taxpayers who were selected for 
udit. We can circumvent this obstacle by combining nonrandom 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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operational audits with data from randomly selected NRP au-
dits. That is, using Bayes’s rule, we can express the audit rate for
taxpayers of race j and underreporting amount k as: 

Pr [ Y = 1 | B = j, K = k ] = Pr (K = k | Y = 1 , B = j) 
Pr (Y = 1 | B = j) 
Pr (K = k | B = j) 

. 

From this equation, we can estimate the racial audit disparity at
a given level of underreporting using: the estimated audit rates
by race for EITC claimants from Figure V for Pr (Y = 1 | B = j) ; the
NRP data to estimate Pr (K = k | B = j) ; and the detected under-
reporting from the operational audit results to estimate Pr (K =
k | Y = 1 , B = j) . 27 

The results of this analysis are presented in Figure VII , with
EITC claimants binned according to their underreported taxes.
The figure shows that the distribution of underreporting for Black
EITC claimants tends to be concentrated at higher values than
for non-Black EITC claimants. However, in each underreporting
bin, the estimated audit rate for Black taxpayers exceeds that
of non-Black taxpayers, and for many bins, the difference is sub-
stantial. Figure VII therefore provides evidence that differences
in audit rates remain when comparing Black and non-Black tax-
payers with similar levels of underreporting. 28 

Figure VII highlights the relationship between underreport-
ing and audits throughout the underreporting distribution; in
contrast, our next analysis zooms in on the extreme right tail of
the underreporting distribution. The motivation for doing so is
that the IRS selects less than 1.5% of EITC returns for audit; it
could be that Black taxpayers are overrepresented among EITC
27. With respect to the last term, operational audits may not detect all of a 
taxpayer’s underreporting because, unlike the NRP, operational audits do not as- 
sess each issue on the return. In practice, this concern is lessened by the fact that 
the issues worked by operational audits tend to be those where underreporting 
is suspected. Conversely, although they are intensive, even NRP audits may miss 
some underreporting, and differential mismeasurement of underreporting by race 
could distort our results. For differences between NRP and operational audit scope 
to affect this analysis, those differences would have to vary by race. In addition, 
the factors that have been found to induce inaccuracies in NRP audit results are 
concentrated at the top of the income distribution ( Guyton et al. 2021 ); hence, we 
do not expect this concern to be important for the EITC population, our focus here. 
See Online Appendix B.7 for further details. 

28. A limitation of this analysis is that the relatively small degree of overlap 
between the EITC NRP sample and the matched NC data set limits our ability 
to recalibrate the disparity estimates by underreporting bin, as we did with the 
subgroup disparity estimates presented in Online Appendix Figures A.8 and A.9. 
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FIGURE VII 

Racial Audit Disparity among EITC Claimants by Underreported Taxes 

The figure shows the estimated audit rates for Black and non-Black EITC 

claimants, respectively, by underreported taxes. Taxpayers are binned into 11 cat- 
egories: those with less than $1 of underreporting, and 10 equal deciles of tax- 
payers with positive underreporting. Underreporting deciles are defined based on 

the distribution of underreporting among EITC claimants, as measured by NRP 

audits. Bin labels on the x -axis reflect the upper dollar limit of each underreport- 
ing bin (rounded for confidentiality). Estimated audit rates by race are calculated 
using the probabilistic estimator. All analyses account for NRP sampling weights. 
Brackets reflect the estimated 95% confidence interval, derived from bootstrapped 
standard errors ( N = 100). The bars show the estimated share of Black and non- 
Black taxpayers, respectively, that fall into each underreporting bin. A similar 
analysis, corresponding to the linear estimator, is presented in Online Appendix 
Figure A.16. 
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laimants with the highest underreporting. If so, selecting from 

his population could generate the higher observed audit rate for 
hat group. 

To explore this possibility, we simulate an “oracle” selection 

lgorithm, which prioritizes returns for audit according to the ac- 
ual dollar amount of underreporting that would be detected if the 

eturn were audited. 29 We treat the set of NRP-audited returns—
29. Because the actual amount of underreporting on a return cannot be known 

efore an audit is conducted, such an algorithm is not feasible for the IRS to im- 
lement; we consider it a benchmark before turning to predicted underreporting 
elow. 

26

art/qjae027_f7.eps
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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for which we know true underreporting—to be the population and
pretend that we must select some subset of returns from this pop-
ulation to audit. To implement the oracle, we rank each return in
this population based on its underreported taxes. Then, in de-
scending order of this ranking, we select returns for audit until
some prespecified audit rate has been reached. For each audit
rate that we consider, we calculate (i) the sum of detected un-
derreporting over the audited taxpayers, and (ii) the racial audit
disparity that would be induced by this selection process. 30 

The results of this analysis are shown by the line labeled “To-
tal Underreporting Oracle” in Figure VIII . As a benchmark, the
figure also reports total detected underreporting and disparity
from audits of tax year 2014 returns claiming the EITC, indicated
by the dashed red lines and labeled “Status Quo.” At each audit
rate considered, the underreporting oracle selects Black taxpay-
ers at a lower rate than the status quo, and, more strikingly, at a
lower rate than non-Black taxpayers. Thus, although Figure VII
shows that the distribution of underreporting for Black EITC
claimants tends to be concentrated at higher values than for
non-Blac k EITC c laimants, these results suggest that the EITC
claimants with the very largest underreporting are disproportion-
ately non-Black. 

Figure IX illustrates this contrast more directly. In Section
VI , we estimated that the status quo audit rate for non-Black
EITC claimants was 1.04% compared with 3.00% for Black EITC
claimants. In contrast, if EITC claimants were selected for au-
dit according to their true underreporting, the audit rate for non-
Blac k EITC c laimants would be 1.63% compared with 0.74% for
Blac k EITC c laimants. We interpret this result, in conjunction
with the different audit rates by race in underreporting bins in
Figure VII , as evidence that the observed audit disparity cannot
be entirely explained by group-level differences in underreporting
by race. 

2. Differences in Predicted Underreporting. In practice, the
actual amount of a taxpayer’s underreporting is unknown at the
30. Throughout, we use “detected underreporting” as shorthand for total rec- 
ommended adjustments from audit, not accounting for appeals or uncollected tax 
debts. We report annualized detected underreporting, accounting for NRP sample 
weights, and adjusting for the fact that our NRP data pool multiple tax years; see 
Online Appendix E for details. 

2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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FIGURE VIII 

Detected Underreporting and Disparity by Algorithm 

The figure shows estimated disparity ( y -axis) and annualized detected un- 
derreporting ( x -axis) under alternative algorithms for selecting audits of EITC 

claimants and under alternative audit rates (0.1% to 3%). For each algorithm, re- 
turns claiming EITC in the NRP sample are first ranked and then selected for 
audit in descending order of the ranking until the specified audit rate is reached. 
The ranking varies by algorithm and is based on total underreporting (dark blue 
line), predicted total underreporting (dark purple line), underreporting due to 
overclaimed refundable credits (light blue line), and predicted underreporting due 
to overclaimed refundable credits (light purple line). The point labeled “Status 
Quo” shows estimated disparity and total underreporting from the 1.45% of EITC 

returns selected for audit from the population of tax year 2014 returns. The la- 
beled points along each line correspond to the audit rate specified in the label; the 
audit rate corresponding to the status quo EITC audit rate (1.45%) is denoted by 
a larger dot. Disparity is calculated using the probabilistic disparity estimator; 
see Online Appendix Figure A.17 for results using the linear disparity estima- 
tor. Shaded regions around each line correspond to 95% confidence intervals for 
disparity calculated based on the distribution of estimates from 100 bootstrapped 
samples. Annualized detected underreporting is the sum of detected underreport- 
ing (positive or negative) among returns selected for audit under the specified 
algorithm, scaled to reflect our use of five years of NRP data. All analyses incorpo- 
rate NRP sampling weights. The two prediction algorithms are based on random 

forest regression models. See Online Appendix E for additional detail. 
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ime that auditing decisions are made. We ask whether the ob- 
erved audit disparity is due to the IRS relying on predicted, 
ather than actual, underreporting in selecting which returns to 

udit. 

art/qjae027_f8.eps
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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FIGURE IX 

Group-Specific Audit Rates by Algorithm 

The figure reports estimated audit rates for Black and non-Black EITC 

claimants that would be induced by the algorithms considered in Figure VIII un- 
der an assumed audit rate of 1.45%. The population of tax returns available for 
audit is based on the NRP sample of taxpayers claiming the EITC; see notes to 
Figure VIII for additional detail. Status quo refers to the estimated audit rates 
by race for tax year 2014 returns claiming the EITC, reported in Figure V . Audit 
rates by race are estimated using the probabilistic estimator; see Online Appendix 
Figure A.18 for results using the linear estimator. 
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To study this question, we train a random forest model to
predict taxpayer underreporting (in dollars) based on features
that the tax authority can observe at the time of the audit deci-
sion. The model is trained on NRP returns claiming the EITC and
largely incorporates the same features available to the DIF and
DDb programs to select audits of EITC claimants—information
reported on tax returns supplemented with additional adminis-
trative data available to the IRS. 31 We simulate selecting taxpay-
ers in descending order of the model’s predictions until a specified
audit rate has been reached. In other words, the approach is the
same as the underreporting oracle, except that returns are se-
lected for audit on the basis of predicted underreporting. 
31. Additional detail on the predictive model is provided in Online Appendix 
E. 

art/qjae027_f9.eps
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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The dark purple line in Figure VIII shows detected under- 
eporting and disparity induced by the predicted underreporting 

lgorithm. Unsurprisingly, selecting audits based on predicted 

nderreporting yields significantly less detected underreporting 

han the oracle at any given audit rate. However, like the under- 
eporting oracle, the underreporting prediction algorithm selects 
lack taxpayers for audit at lower rates than non-Black taxpay- 
rs at each audit rate we consider. At the status quo audit rate, 
electing EITC claimants for audit based on predicted underre- 
orting would yield an audit rate of 0.45% for Black taxpayers 
nd 1.71% for non-Black taxpayers. Hence, the fact that the IRS 

ust select audits based on predicted rather than actual noncom- 
liance does not in itself appear to explain the observed audit dis- 
arity. 

II.B. Algorithmic Objective: Refundable Credit Overclaims 

We explore the possibility that the observed audit dispar- 
ty arises because the IRS selects among EITC returns for au- 
it based on some objective other than maximizing the detection 

f underreported taxes. In particular, we consider the effect on 

isparity of allocating audits based on (i) the amount of under- 
eporting attributable to overclaimed refundable credits, rather 
han (ii) the total amount of underreported taxes (from whatever 
ource). 

To do so, we compare the audit selection algorithms described 

n the prior subsection that focus on total underreporting with al- 
orithms that focus exclusively on refundable credit overclaims. 
pecifically, we consider two new algorithms (both of which are 

hown in Figure VIII ). The first is a refundable credit oracle, 
hich ranks returns by the sum of actual underreporting (in 

ollars) attributable to the three refundable credits designated 

y OMB as high-priority programs susceptible to significant im- 
roper payments: the EITC, the Additional Child Tax Credit, and 

he American Opportunity Tax Credit. As with the total under- 
eporting oracle, the refundable credit oracle is not feasible to 

mplement in practice because the actual amount of overclaimed 

efundable credits cannot be known with certainty before the au- 
it occurs, but it serves as a useful benchmark. The second new 

lgorithm is based on predicted refundable credit overclaims; it 
anks returns by the output of a random forest regressor trained 

o predict the sum of underreporting attributable to the same 
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three refundable credits. After ranking, both algorithms select
returns for audit in descending rank order until a specified au-
dit rate is reached. In other words, the two refundable credit
algorithms mirror the two total underreporting algorithms; the
only difference is that the ranking used to select audits is based
on overclaimed refundable credits—actual overclaims in the case
of the oracle and predicted overclaims in the case of the prediction
algorithm—rather than total underreporting. 

As shown in Figure VIII , the refundable credit algorithms
detect substantially less underreporting than the algorithms fo-
cused directly on that objective, indicating that refundable credit
overclaims are not the only important source of underreporting
among EITC claimants. With respect to disparity, both refundable
credit algorithms yield opposite-signed results compared to the
algorithms focused on total underreporting: they select Black tax-
payers at higher rates than non-Black taxpayers. As highlighted
in Figure IX , selecting EITC claimants for audit based on actual
refundable credit overclaims while holding the overall audit rate
of EITC claimants fixed at the status quo level would lead to
an audit rate of 2.31% for Blac k EITC c laimants, compared with
1.23% for non-Black EITC claimants. Similarly, selecting audits
according to predicted refundable credit overclaims would lead to
an audit rate of 2.84% for Blac k EITC c laimants, compared with
1.09% for non-Blac k EITC c laimants. We interpret these results
as evidence that targeting the detection of overclaimed refund-
able credits leads to a larger share of Black taxpayers being se-
lected for audit compared with targeting the detection of total
underreporting. 

Does the objective of the audit selection algorithm actually
contribute to the audit disparity we document in Section VI ?
Several pieces of evidence suggest that it does. First, public
governmental documents describe the goal of the DDb audit
program—the IRS’s primary EITC audit selection tool during
our sample period—to be the identification of taxpayers who
do not meet refundable credit eligibility requirements ( GAO
2015 ). 32 Second, the results in Figure VIII suggest that the pre-
dicted refundable credit algorithm serves as a good proxy for
the amalgamation of (confidential) IRS programs and algorithms
32. Our main results are not limited to DDb-selected audits but Online 
Appendix Table A.19 confirms the presence of a disparity for this subset of au- 
dited returns. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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hrough which EITC audit selection occurs. In particular, the fig- 
re shows that when we select audits based on our predictions of 
efundable credit overclaiming, where our predictions are based 

n largely the same features and training data that are available 

o the IRS, we obtain a similar disparity as we observe among the 

eturns actually selected by the IRS for audit. Finally, as shown 

n Online Appendix Figure A.19, operational audits of EITC re- 
urns are strongly associated with predicted refundable credit 
verclaims; in contrast, we observe a much lower association be- 
ween operational audits and predicted total underreporting. For 
hese reasons, we interpret our results to support the conclusion 

hat the IRS’s choice of algorithmic objective is an important con- 
ributor to the observed disparity in EITC audit rates. 

The next subsubsection unpacks this conclusion, exploring 

hy the audit selection objective shapes the distribution of audits 
y race. 

1. Why Algorithmic Objective Shapes Audit Disparity. To 

nderstand why the objective of the audit selection algorithm 

hapes the distribution of audits of EITC claimants by race, we 

xplore racial differences in the distribution of various forms of 
ax noncompliance. We draw on the richness of the NRP data to 

dentify specific types of errors present on EITC claimants’ re- 
urns and consider the prevalence of these errors among EITC 

laimants that would be selected under the audit selection algo- 
ithms considered in Figure VIII . The results are presented in 

able II . As expected, returns selected by the refundable credit 
racle tend to have higher refundable credit overclaims than 

hose selected by the total underreporting oracle ($8,191 ver- 
us $3,909 on average) but smaller total adjustments to the tax- 
ayer’s claimed refund or balance due ($9,595 versus $22,578 on 

verage). 
More striking is the different profile of taxpayer errors pur- 

ued by the different audit selection algorithms. The vast ma- 
ority (80%) of returns selected by the refundable credit ora- 
le contained a dependent error—that is, the audit determined 

hat at least one of the dependents claimed on the return was 
ot eligible to be claimed by the taxpayer—compared with only 

7% of returns selected by the underreporting oracle. In con- 
rast, 86% of returns selected by the underreporting oracle un- 
erreported income from a taxpayer’s business, compared with 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae027#supplementary-data
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nly 27% of returns selected by the refundable credit oracle. 33 

his pattern arises because eligibility for many refundable cred- 
ts is linked to children; hence, the detection of erroneously 

laimed dependents tends to be associated with large reduc- 
ions in refundable credits. At the same time, the contribution 

f refundable credit overclaims to total underreporting is nec- 
ssarily bounded by the maximum credit amount, whereas de- 
ecting underreported income can lead to arbitrarily large in- 
reases in tax liability. Hence, the largest adjustments to to- 
al tax—that is, those prioritized by the underreporting oracle—
rimarily stem from returns with large amounts of underreported 

ncome. 
We now explore whether the type of error on which an algo- 

ithm focuses shapes the racial distribution of taxpayers selected 

or audit. We find evidence that it does. In particular, we estimate 

hat erroneously claimed dependents are more common among 

lack taxpayers than non-Black taxpayers ( Table III ). As a result, 
udit selection processes that are (implicitly) trained to detect 
ependent mistakes tend to select Black taxpayers at higher 
ates. 34 In contrast, the bottom rows of Table III suggest that 
lack taxpayers are less likely to be selected by audit algorithms 

ocused on total underreporting because they are disproportion- 
tely underrepresented among those taxpayers with the largest 
mounts of underreported business income. That is, among EITC 

laimants are a group of taxpayers who have high (actual) in- 
omes but who underreport their incomes to such a degree that 
hey appear eligible for the EITC. Auditing the business income 

nd deductions claimed by taxpayers in this group yields large 

pward adjustments to tax liability, which is why they are prior- 
tized by algorithms that focus on total underreporting. Because 

axpayers in this group are disproportionately non-Black, audit 
33. The two prediction algorithms differ from one another in a similar man- 
er. 

34. It is beyond the scope of this article to explore why c hild-c laiming errors 
ary by race, but one factor that likely contributes is the lower marriage rate 
mong Black Americans in conjunction with credit eligibility rules that prevent 
ohabitating individuals from claiming the child of an unmarried partner, even if 
hey contribute to the child’s support ( Maag, Peters, and Edelstein 2016 ; Goldin 

nd Jurow Kleiman 2021 ). Along these lines, Michelmore and Pilkauskas (2022) 
nd that Black children are more likely to reside in families with complex or am- 
iguous tax filing situations. 

er on 20 O
ctober 2026
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TABLE III 
TYPES OF TAX NONCOMPLIANCE BY RACE 

Probabilistic estimate Linear estimate 

Black Non-Black Black Non-Black 
taxpayers taxpayers taxpayers taxpayers 

Claims dependent 73.0 69.4 74.6 69.3 
Dependent error rate 26.6 16.3 30.8 15.4 
Head of household error rate 33.5 19.2 39.0 17.8 
Any business income 19.0 21.7 17.9 22.0 
Any business income 15.9 18.1 15.0 18.4 

underreporting 
Underreported business 

income is among top... 
10% 1.03 1.97 0.66 2.06 
5% 0.40 1.01 0.17 1.07 
1% 0.05 0.21 −0.01 0.23 

The table reports estimates of the characteristics of tax returns filed by Black and non-Black taxpayers. 
Analyses are based on the NRP sample of taxpayers claiming the EITC. All analyses account for NRP sam- 
pling weights. “Dependent error rate” refers to the share of tax returns that had one or more dependents 
living with the taxpayer reduced on audit. “Head of household error rate” refers to the share of tax returns 
filing as head of household but found ineligible to do so on audit. Business income refers to net income re- 
ported on Schedule C of a tax return. The final three rows report the shares of taxpayers with business income 
underreporting within the top 90th, 95th, and 99th percentiles of the distribution of positive business income 
underreporting. 
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algorithms focused on total underreporting tend to select Black
taxpayers at lower rates. 

2. Algorithmic Objective and IRS Operational Considera-
tions. Modifying the objective of the IRS audit selection algo-
rithm could have a range of downstream implications for the
agency’s enforcement operations beyond the change in the iden-
tity of the audited taxpayers. One channel through which this
could occur is a change in the composition of the issues on which
audits focus. Switching from an algorithm focused on overclaimed
refundable credits to one focused on total underreporting is likely
to shift the focus of examinations a wa y from dependent eligibility
issues and toward issues related to the proper reporting of busi-
ness income and deductions. 

What would this change in focus mean from an operational
perspective? A likely consequence would be an increase in per re-
turn auditing costs. 35 EITC returns differ from one another in
35. The merits of accounting for auditing costs in selection raises difficult 
normative considerations that are outside the scope of this project; for example, 
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ni
erms of the number of hours required to conduct an audit and 

he training and experience required of the auditor. An impor- 
ant driver of this variation is the presence of business income: 
n average, EITC returns with substantial business income cost 
he agency $369.70 per return to audit, compared with $23.09 for 
ther EITC returns. 36 By increasing the share of audits of EITC 

laimants that are focused on issues relating to business income, 
he change in algorithmic objective would increase average audit- 
ng costs by increasing the examiner resources required to con- 
uct each exam. 

To quantify the magnitude of this effect, Online Appendix 

igure A.20 plots audit costs by algorithm based on the share of 
eturns with substantial business income that each algorithm se- 
ects. Holding the current EITC audit rate fixed, switching from 

n algorithm focused on refundable credit overclaims to one fo- 
used on total underreporting would increase the share of audited 

eturns with substantial business income from 3% to 93% and 

ould raise EITC examination costs by nearly an order of mag- 
itude ( Online Appendix Table A.15). This result suggests that 
witching algorithmic objectives may, in practice, require that the 

RS reduce the total number of EITC returns it audits, at least in 

he short term, where the amount of examiner resources available 

or EITC audits may be relatively fixed. 37 

At the same time, Online Appendix Figure A.20 also shows 
hat the increase in detected underreporting from the change in 
t may be unfair (or generate perverse incentives) for the IRS to avoid auditing 
hose taxpayers most likely to vigorously contest their assessment. Similarly, the 
heapest correspondence audits for the IRS to conduct are those for which a re- 
undable credit is disallowed because the taxpayer does not respond. However, 
onresponse to an audit does not necessarily signal ineligibility for a credit and is 
ore common among Black taxpayers. 

36. These cost estimates are calculated from operational audits based on the 
verage time logged by IRS employees dealing directly with the case multiplied by 
he applicable General Schedule payscale given the employee level. The classifi- 
ation of returns into those with and without substantial business income follows 
he IRS’s internal classification of EITC returns into activity codes 270 and 271 
ased on whether the return reports gross business receipts in excess of $25,000 
see Online Appendix Table A.14). 

37. To illustrate the potential effects of this type of constraint, Online 
ppendix Figure A.21 replicates Figure VIII , holding fixed the share of audits 
llocated to returns with substantial business income. Doing so raises the share 
f Black taxpayers selected by the total underreporting algorithms, but not to the 
evel of the refundable credit algorithms or to the status quo disparity. 
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algorithmic objective would substantially exceed the increase in
audit costs. Intuitively, EITC returns with business income are
more difficult to audit, but yield much higher adjustments on av-
erage when an audit is undertaken. As such, the qualitative pat-
tern in Figure VIII is largely unchanged when audits are allo-
cated in a manner that accounts for the higher cost of auditing
EITC returns claiming business income ( Online Appendix Figure
A.22). We conclude that although prioritizing total underreport-
ing would increase per return audit costs, reforms to reduce dis-
parity need not conflict with the policy goal of deploying audits to
efficiently detect tax noncompliance. 38 

VII.C. Algorithmic Bias in Refundable Credit Prediction 

Thus far we have focused on the difference between the
disparity induced by the total underreporting algorithms com-
pared with the disparity induced by the overclaimed refundable
credit algorithms. However, Figure VIII also highlights that the
observed status quo disparity (1.96 percentage points) is sub-
stantially larger than the disparity induced by the refundable
credit oracle (1.08 percentage points). This suggests that some
of the observed disparity is attributable to factors beyond the
choice of algorithmic objective. In other words, the status quo
disparity is larger than what we would expect to observe even
conditioning on the audit selection objective being the detec-
tion of refundable credit overclaims. Additional evidence for this
hypothesis is provided in Online Appendix Figure A.25, which
shows that racial disparities in audit rates remain when com-
paring EITC claimants with similar levels of refundable credit 
overclaims. 

Beyond algorithmic objective, one factor that could con-
tribute to the observed audit disparity is if the prediction er-
rors underlying the status quo audit selection algorithm were
unevenly distributed by race. A large literature in algorithmic
fairness documents how data-driven predictive models may ex-
38. The analyses in this subsection assume the operational audits from which 

the cost estimates were derived were focused on the same issues as would be se- 
lected under the various algorithms considered. We obtain qualitatively similar 
results when relying on a more conservative (potentially inflated) measure of au- 
diting costs, derived from the hours that auditors report spending on NRP audits 
(which cover nearly all potential issues on a return); see Online Appendix Figures 
A.23 and A.24. 
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cerbate ground-truth group-level differences in the outcome 

eing predicted (e.g., Leino et al. 2018 ; Reich 2021 ). Figure 

III provides some initial evidence that this may be occur- 
ing in our setting: the disparity induced by the refundable 

redit prediction model (1.75 percentage points) is similar in 

agnitude to the status quo disparity and approximately 60% 

arger than the disparity induced by the refundable credit or- 
cle. Since the refundable credit model shares the same ob- 
ective and data as the IRS, this raises the possibility that 
he predictive models used by the IRS for pursuing refundable 

redit overclaims may be amplifying the audit disparity that 
ould emerge due to actual differences by race in the distribu- 

ion of refundable credit overclaiming and selection along those 

ines. 
In Online Appendix F, we investigate the role of differential 

rediction errors by race in generating the observed disparity. Be- 
inning with our simulated algorithms, we find that errors in pre- 
icting refundable credit overclaims are unevenly distributed by 

ace in a manner that may contribute to higher audit rates for 
lack taxpayers. Turning to IRS operational models, we docu- 
ent uneven errors in the risk measure used by the IRS’s DDb 

odel to predict the likelihood that a child has been incorrectly 

laimed. We also investigate missingness of parental informa- 
ion on the birth certificate data that the IRS uses to help de- 
ermine whether the children claimed on tax returns meet the re- 
uired eligibility criteria. We find that whereas birth certificates 
re missing maternal information at roughly equal rates by race, 
he birth certificates of children claimed on the returns of Black 

axpayers are substantially more likely to be missing information 

bout the identity of the father. Finally, we provide suggestive 

vidence that there may be opportunities to reduce audit dispar- 
ties without substantially degrading accuracy by adjusting the 

eatures used to form predictions about overclaimed refundable 

redits. 39 
39. The Online Appendix explores a number of additional factors apart from 

rediction errors that could potentially also contribute to the observed audit dis- 
arity. As detailed in the appendix, we find no evidence that the observed disparity 
s substantially driven by racial differences in the distribution of EITC claimants’ 
eported income, household composition, or use of a tax preparer. We also pro- 
ide evidence that the observed disparity is not driven by racial differences in the 
istribution of high-information (“smoking gun’’) signals of noncompliance, or by 
he use of “regression’’ models trained to maximize dollars of detected refundable 

O
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VIII. CONCLUSION 

We found that Black taxpayers are audited at a higher rate
than non-Black taxpayers, and that this is primarily due to dif-
ferences in the audit rate between Black and non-Black EITC
claimants. In addition, we found that the audit selection objec-
tive for EITC returns contributes to this observed disparity, in
conjunction with differences by race in the types of errors that
EITC claimants tend to make. In particular, we found that de-
signing audit selection algorithms to maximize the detection of
overclaimed refundable credits leads to Black EITC claimants be-
ing selected at higher rates, whereas designing such algorithms to
maximize the detection of total underreporting (from any source)
yields the opposite pattern. We interpret our results to suggest
that policy makers seeking to reduce the observed audit dispar-
ity should consider reorienting audit selection (at least in part)
around the goal of maximizing the detection of total underreport-
ing rather than prioritizing noncompliance from refundable credit
overclaims. More generally, while the proper focus of tax enforce-
ment has been debated for decades, our findings shed new light
on how competing enforcement priorities shape the distribution
of audits by race. 

We emphasize that implementing a change in audit selection
objectives is not as simple as swapping one predictive model for
another. In particular, we found that modifying the algorithmic
objective to focus on total underreporting would have important
downstream effects on the composition of audited EITC returns–
shifting audits a wa y from issues of dependent eligibility and to-
ward issues relating to the accuracy of taxable business income.
Audits in the latter category require more resources—both au-
ditor time and expertise—compared to most audits of EITC re-
turns today. Although we found that the increase in detected un-
derreporting would exceed the increase in examiner costs, imple-
menting this type of change in the short-term would likely re-
quire that the IRS conduct fewer audits of EITC returns while
devoting more resources per audit. Longer term, the IRS may be
able to reduce the cost of auditing the issues identified by algo-
rithms focused on total underreporting by conducting a greater
credit overclaims as opposed to “classification’’ models trained to maximize the 
probability that audited returns overclaim a refundable credit by at least some 
(specified) amount. 

6
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hare of such audits by correspondence (e.g., mailing requests for 
ocumentation of claimed business deductions). The IRS recently 

nnounced that it plans to study this possibility ( IRS 2023b ). 
Although the IRS is responsible for audit selection, some of 

he factors we have identified as contributing to the observed au- 
it disparity are shaped by forces outside the IRS’s control. For ex- 
mple, Congress sets the rules governing credit eligibility—which 

ay contribute to more mistakes among Black taxpayers due to 

acial differences in family structure—and IRS funding—which 

hapes the ability of the agency to allocate resources to complex 

ases. In contrast, the IRS is not compelled by Congress to pri- 
ritize refundable credit overclaims over other forms of tax non- 
ompliance. 

We note several limitations to our work. First, we have fo- 
used our investigation on audit disparities for Black taxpayers, 
hich has been the subject of significant scholarly and policy in- 

erest. Investigating audit disparities for other racial and eth- 
ic groups is an important avenue for future work, with poten- 
ially differing causes and opportunities for mitigation. 40 Simi- 
arly, although we have focused on audit disparities among EITC 

laimants, our analysis also suggests (smaller) disparities among 

igher-income taxpayers, for whom we cannot rule out the pos- 
ibility of disparate treatment (since audit selection of higher- 
ncome taxpayers may not be fully automated). 

Second, we have focused on audit selection algorithms de- 
igned to detect underreporting, but policymakers may prioritize 

ther objectives as well, such as deterring noncompliant behav- 
or, avoiding audits of compliant taxpayers, transparency, and 

romoting a fair distribution of audited returns by income. Re- 
atedly, our analysis of counterfactual audit algorithms does not 
ccount for the full set of constraints facing tax authorities like 

he IRS, such as the types of compliance issues that can be ex- 
lored through correspondence audit, or differences in audit re- 
ponse rates or dollars collected depending on whether the audit 
s pre- versus post-refund. A more complete optimal policy analy- 
is would require accounting for these additional considerations. 

Finally, audit selection constitutes only one dimension in 

hich tax administration may differently affect taxpayers by 

ace. Disparities may also exist in how the audit is conducted, 
40. See Derby et al. (2024) for a discussion of these issues and some evidence 
oncerning audit disparities with respect to other racial and ethnic groups. 
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and with respect to such processes as collections , appeals , settle-
ments, and guidance ( Bearer-Friend 2022 ; Book 2021 ). The ap-
proach described in this paper can serve as a foundation to ex-
plore disparities in these areas as well. 

SUPPLEMENT ARY MA TERIAL 

An Online Appendix for this article can be found at
The Quarterly Journal of Economics online. 

DA T A AVAILABILITY 

Code replicating the tables and figures in this article can be
found in Elzayn et al. (2024) in the Harvard Dataverse, https:
//doi.org/10.7910/DVN/OF8XAX . 
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