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Abstract

We provide evidence on the demand for privacy at scale, studying millions of wage
earners asked to report income in the contested 1940 U.S. Census, which first included
an income question. Around 5% of active wage-earners—1.2 million individuals—refuse
to report, with substantial variation across counties. We assess the drivers of withhold-
ing by exploiting quasi-exogenous variation in enumerator characteristics and prior
exposure to unanticipated publication of government tax list data. Withholding pat-
terns reflect fears of identifiable disclosure. Income differentiated individuals withhold
when inequality is high, when the data collector’s wealth is distant from theirs, and
when tax-list data has been made public in the past. We find evidence of pressure to
comply among vulnerable residents but little evidence of intrinsic privacy motives. Our
results suggest that privacy-sensitive nonresponse can distort inequality measures and
highlight the importance of understanding behavioral responses to disclosure risks in
modern data policy.
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1. INTRODUCTION

The U.S. Census Bureau, and the data it collects, have been the subject of political debate
throughout U.S. history (Bouk, 2022). While Census data serve as a critical public good,
concerns over surveillance and confidentiality can deter disclosure of sensitive information.
In 2018, the U.S. Census announced it would use differential privacy, forgoing statistical
precision in published statistics in exchange for greater identity protection. Despite the
active policy debate, we lack evidence on the drivers of the demand for privacy at scale.

We study the individual demand for privacy from the U.S. Census at scale. We exploit
the 1940 Census, which for the first time asked respondents to report annual wage income.
Contemporary debates were extensive. Proponents emphasized the value of income data
for understanding Depression-era labor markets, while opponents argued that such questions
constituted unjustified intrusions into private affairs (United States Senate, 1940). To assuage
concerns, the Census isolated the question about exact earnings amounts at the very end of
the survey and allowed respondents to record their income privately for the enumerator
to mail the sealed form to the Census Bureau. This unusual survey design creates a rare
opportunity to observe data withholding among individuals already identified as wage earners
earlier in the survey when asked about wage-earning status, hours, and occupation.

We measure non-disclosure as a zero or missing response to the earnings question, and we
validate this interpretation using the original 1940 manuscript schedules, which record when
income was entered as zero, left blank or provided on the sealed form. These distinctions are
preserved in the 1940 complete-count Census data we use (Ruggles et al., 2022).

We characterize patterns of withholding and the motivations behind resistance to govern-
ment data collection. We test three leading mechanisms emphasized in privacy theory—social
concerns arising from public visibility, intrinsic demands for privacy, and government misuse
(Acquisti et al., 2016). Each mechanism predicts a distinct pattern of withholding behavior.
Public visibility concerns predict earners who are highly differentiated from others withhold
as social consequences are largest for them.1 By contrast, intrinsic privacy motives pre-
dict withholding among parties who defend privacy as a normative right: in our context,
the Republican party. Concerns about government misuse of the data predict vulnerable or
state-persecuted groups withhold; for example, when the government is motivated to seize
the assets of a group or penalize targeted populations.2 Our data allow us to distinguish

1The personal stakes of public observation of own earnings rise with differentiation, or income inequality—
a fact documented in several settings (Luttmer, 2005; Perez-Truglia, 2020; Cullen and Perez-Truglia, 2022).
Costs to revealing own income rise with perceived inequality owing to factors including self-image, social-
image, resentment and competition (Luttmer, 2005; Perez-Truglia, 2020; Cullen and Perez-Truglia, 2022).

2Calo (2011) distinguishes between subjective privacy harm arising from perceived observation and ob-
jective harm arising from informational misuse.
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these mechanisms by observing which individuals withhold, and how withholding responds
to perceptions of income differentiation, data leaks and risks of persecution.

We find strong support in the data for concern over public visibility. Among the most
active labor market group of wage earners aged 25 to 65, 5.1% withhold their earnings data
(1.2 million individuals). Non-disclosure is especially pronounced among the predicted top
and bottom deciles of the earnings distribution, where it is roughly twice as high as in the
middle of the distribution. This pattern is stark among the ultra-wealthy. Among 104 such
individuals identified in U.S. Treasury records, we find those with wage income withhold
their earnings from the U.S. Census at four times the rate of similarly aged workers.3

We begin by showing that county-level inequality strongly predicts income withholding
exploiting variation in the 90/10 inequality ratio across counties within the same state and
within the same occupation. Non-disclosure rates rise monotonically across deciles of the
90/10 income ratio with the top and bottom decile responding most strongly as the income
ratio grows. The top decile experienced approximately 38% higher non-disclosure rates than
the bottom decile. As a placebo, we show that local inequality does not predict nonresponse
to the Census education question, which is far less privacy-sensitive than income. Further-
more, the linear relationship between inequality and non-disclosure strengthens as the peer
group narrows within occupation. This strong relationship suggests withholding incentives
increase as ones data become differentiable from ones peers, consistent with theories of social
comparison (Luttmer, 2005; Perez-Truglia, 2020; Cullen and Perez-Truglia, 2022).

In contrast, we find little evidence that intrinsic privacy motives drive withholding. The
Republican vote share, associated with privacy-oriented opposition to Census expansion, is
only weakly correlated with non-disclosure. The gradient in non-disclosure across deciles of
the Republican vote share is economically small, statistically indistinguishable from zero, and
far flatter than the inequality gradient. Counties in the top decile of the Republican vote share
do not exhibit higher withholding rates than those in the bottom decile. The magnitudes
are also small when we use local religiosity and government spending as proxies for intrinsic
preferences related to trust, community norms, or attitudes toward redistribution.

To further test how withholding responds to perceived earnings differentiation, we use the
quasi-random assignment of Census enumerators to measure how non-disclosure responds to
distance in housing wealth between the subject and data collector. The enumerator repre-
sented the first person with potential to access the data, and as such, a relevant audience. Al-
though income withholding responds to socially salient features of the enumerator-respondent
interaction, these interactions are the mechanism through which the federal government col-

3This occurs despite the fact that enumerators are top-coding incomes at $5,000 for approximately the
top 1% of earners.
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lected data, making social exposure an integral component of privacy from the state.
We observe a sample of 1940 Census enumerators using the occupation string reported in

the Census data and use their home and rental values to estimate the level of capitalized and
reported housing wealth inequality between them and each of their subjects. Enumerators
typically enumerated in areas nearby their own residence, so enumerators and respondents
were likely to have visibility into each others’ housing wealth. A 10% increase in the housing
wealth gap between the subject and the enumerator, based on reported housing values in the
Census, is associated with a 3.6% increase in the non-disclosure rate in our specification with
demographic controls. We cannot reject symmetric effects when the wealth gap favors the
enumerator or subject, highlighting that differentiation itself, rather than relative advantage
or disadvantage, drives withholding. We find no corresponding housing-wealth effect when
we estimate a placebo treatment by randomly assigning another enumerator of the same
gender residing in another enumeration district in a different state.

To explore the extent to which data withholding responds to potential data publicity,
we use variation stemming from exposure to the unanticipated release of federal income tax
returns under the short-lived 1924 Revenue Act. At the time, the Internal Revenue Service
collected income data from around 7% of the population, and newspapers in some cities,
but not others, published the names, addresses, and tax payments of high earners. Because
publication varied across locations and only individuals above certain ages in 1940 would
have been old enough to have seen the lists, exposure differs sharply by place and cohort. We
measure this exposure using archival records on which newspapers printed the tax returns
(Marcin, 2014), combined with historical circulation data in Gentzkow et al. (2014), and test
whether exposure to this earnings data leak predicts non-disclosure in the 1940 Census.

We find that newspaper circulation in counties where individual tax returns had been
published is associated with increased non-disclosure among age groups directly exposed to
the lists, especially among the college-educated, consistent with their greater newspaper read-
ership. Younger cohorts for whom the episode would have been less visible display negligible
differences across exposed and unexposed counties. Our findings corroborate evidence across
settings that behavior responds strongly to past economic events, with effects that can per-
sist for decades (Malmendier and Wachter, 2024). In our case, past data leaks predict future
data withholding from the government.

Finally, we find little support for fears of government misuse as a motive for withholding.
We distinguish privacy concerns from confidentiality assurances by defining privacy as dis-
comfort with state observation rather than fear of public disclosure (Ruggles and Magnuson,
2023). We show individuals who faced the highest risk of state persecution and asset confisca-
tion were less likely to withhold their income using two within-group comparisons. Following
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Arellano-Bover (2022), we construct predicted internment risk at World War II camps for
Japanese residents. For Mexican residents, identified using the Mexican designation in the
1930 Census and traced to 1940, we measure perceived enforcement risk using the per capita
prevalence of local law-enforcement authorities in light of the large-scale deportation and
repatriation campaigns targeting Mexican communities during the Great Depression (Lee
et al., 2022). In both cases, withholding declines as the risk of persecution rises, a pattern
consistent with compliance pressures outweighing fears of data misuse.

In sum, we find that concerns over public observation and personal differentiation are the
dominant drivers of withholding, with little evidence supporting partisan or intrinsic privacy
motives. We find patterns counter to what a government-misuse motive would imply for
vulnerable groups. Although average withholding is modest, the resulting distortions are
sizable because withholding is concentrated among individuals at the extremes of the income
distribution. We use differences in non-disclosure across exposed and unexposed counties from
our tax list analysis to construct counterfactual income distributions following DiNardo et al.
(1996), showing that withholding understates measured inequality. Our findings highlight the
importance of incorporating behavioral responses to social exposure into the interpretation
of survey data and the design of modern data protection policies.

Our paper proceeds as follows. We next describe related literature and situate our con-
tribution. Section 2 provides institutional context around the 1940 Census expansion, the
assignment of enumerators, and the release of individual income tax records. Section 3 de-
scribes the details of our data construction and sources. Section 4.1 reports our evidence on
the relationship between non-disclosure and inequality. Section 4.2 examines inequality be-
tween the subject and enumerator for a sharp test of how inequality impacts non-disclosure.
Sections 4.3 through 4.8 examine how exposure to the publicized tax lists shaped perceptions
of disclosure risk and distorted reported income distributions. Section 5 analyzes withholding
among groups facing heightened government enforcement risk. Finally, we conclude.

1.1 Contribution to literature

Our work relates to several strands of the interdisciplinary literature on privacy and survey
data quality. Prior research has documented key distortions in government-collected data.
Serrato and Wingender (2016) and Chi (2022) show that Census population data diverge from
true counts at the local level as people migrate and age, affecting funding allocations and firm-
level investment decisions. A complementary literature finds that nonresponse in the Current
Population Survey is concentrated in the tails of the income distribution (Bollinger et al.,
2019), and Meyer and Sullivan (2023) demonstrates that tail mismeasurement can distort
inequality trends. We show that this U-shaped pattern of withholding appears in historical
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Census data, and we identify the mechanisms that generate this behavioral response.
Our paper contributes to the economics of privacy demands, which emphasizes that pri-

vacy concerns depend on the social context and perceived audience of disclosure (Nissenbaum,
2010; Acquisti et al., 2016; Tucker, 2023). Goldfarb and Tucker (2012) show that even in
anonymous surveys some respondents refuse to reveal income. Experimental evidence shows
privacy concerns vary with perceived relative standing and weaken when traits are average
or socially favorable (Huberman et al., 2005), while small informational or incentive changes
can override privacy preferences (Athey et al., 2017; Adjerid et al., 2013).

Incentives may also distort reporting behavior. Budd and Guinnane (1991) document
that some individuals in the 1911 Irish Census exaggerated their ages to qualify for old-age
pensions. Farrell (2012) argues that transparency alone is insufficient for privacy protection
because identical disclosures produce heterogeneous responses across contexts. More gener-
ally, when pecuniary incentives to misreport for material gain are strong, verification and
enforcement substantially limit strategic misreporting (Alpysbayeva et al., 2024).

We contribute to this literature by measuring data withholding in a context where non-
disclosure carried formal legal penalties (including fines and imprisonment), but where en-
forcement against respondents was rare, and where concealment primarily affected social
exposure and data quality rather than immediate material payoffs. Related work looks at
employees’ willingness to share information about their salaries with their co-workers in re-
turn for rewards, finding the majority would pay to conceal their information but some would
pay to share it. Those who choose to conceal it are, on average, those who perceive themselves
as relatively high earners (Cullen and Perez-Truglia, 2023).

Our paper also relates to the interdisciplinary literature on interactions between the sur-
veyor and the respondent. Prior work shows that people are more likely to act on information
delivered by a surveyor with shared traits (Durantini et al., 2006; Dolan et al., 2012). We
examine respondents’ willingness to share truthful information as a function of enumera-
tor characteristics, including relative wealth. Bouk (2022) suggests that the low share of
Black enumerators may have contributed to the undercount of Black Americans noting that
this channel is hard to test: the under-counting could be “bias of the enumerator or act of
resistance.” Our setting allows us to measure acts of resistance in isolation.

We also speak to the large literature on the causes of distrust in the U.S. government.
Citizens tend to distrust government the more it regulates (Aghion et al., 2010), and the
late nineteenth and early twentieth centuries saw the rise of the regulatory state (Glaeser
and Shleifer, 2003). Distrust, driven by perceptions of corruption, political bias, or fears of
surveillance, reduces willingness to comply with laws or provide information (Levi and Stoker,
2000). In our context, trust in government was arguably at an all-time high, particularly

6



in areas benefiting from New Deal spending (Caprettini and Voth, 2022). This high-trust
environment likely contributed to the high response rates to the 1940 income question, making
the withholding we observe especially informative about underlying privacy motives.

Lastly, we contribute to research on differential privacy in official statistics (Ruggles,
2024). Bowen (2024) emphasizes that the implications of changing how statistical agen-
cies balance privacy protection and data accuracy remain poorly understood. Abowd and
Schmutte (2019) propose using social welfare theory to balance these competing objectives
for Census data. Our findings show that the perceived personal stakes of sharing information
about income can be substantial, and that individuals respond primarily to concerns about
social exposure in local environments. These distortions occur before privacy protections
apply, through for example interactions with enumerators, underscoring that post-collection
noise injection cannot address privacy concerns that drive non-disclosure.

2. BACKGROUND AND INSTITUTIONAL SETTING

In this section we outline central aspects of the historical background, focusing on the new
income question in the 1940 census, the publication of lists of top earners by newspapers
during the 1920s, and privacy demands and the fear of leaks of Census data.

2.1 The Income Question

Understanding how the 1940 Census introduced income reporting is important because the
design created observable opportunities for withholding. The 16th Decennial Census was
taken in the shadow of the Great Depression, and policymakers viewed income data as
essential for understanding labor markets, housing conditions, and internal migration. On
April 1, 1940, more than 120,000 enumerators collected information on over 131 million
residents across 143,000 enumeration districts. While data protection is central to Census
data collection efforts, the practice of in-person enumeration and the novel inclusion of wage-
related questions made income reporting a particularly sensitive component of the survey.

The 1940 Census marked a turning point in the federal government’s efforts to collect
earnings information.4 Enumerators were instructed to interview the most authoritative
household member to obtain accurate personal information, and just under half were women,
often housewives, salespeople, or clerks recruited temporarily for the Census (Bouk, 2022).

4Consumer expenditure surveys had collected some income information but not at scale. Population
surveys mostly gathered data on property or capital assets (Dray et al., 2022). The Census of Agriculture
had asked farmers about income from agricultural products as early as 1840, and the 1915 Iowa State
Census collected occupational wages (Goldfield, 1958; Goldin and Katz, 2000), but urban coverage was
sparse. International precedents were also limited: Britain asked whether individuals were wage earners but
not their earnings, whereas the 1930 Swedish Census and the 1931 Canadian Census collected wage data.
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As an indication of the significance of what became known as “the income question” enumer-
ators asked it of all individuals rather than drawing a subsample, even though the Bureau
had begun experimenting with sampling in 1940. Wage and salary income was also being
reported to the Social Security Administration by this time (Goldfield, 1958), and according
to Igo (2018), few Americans expressed privacy concerns, with many enthusiastic about the
adoption of Social Security numbers. This combination of universal income collection, evolv-
ing administrative uses of wage data, and high public trust meant that enumerators played
a central role in the disclosure process. As local, visible, and socially salient figures, they
shaped the context in which respondents chose whether to reveal their earnings, which we
exploit in our enumerator-respondent wealth gap test (see Section 4.2).

Questions 32 and 33 on the census form asked each respondent for their annual wage
or salary and whether they had received $50 or more in non-wage income during the prior
calendar year. Annual earnings were top-coded at $5,000 (roughly the top 1% of the wage
distribution), although enumerators sometimes entered exact amounts above this level. The
income questions were intentionally placed near the end of the interview to encourage re-
sponse (Goldfield, 1958). Enumerators were also instructed to reassure respondents about
confidentiality. The Census Bureau’s Instructions to Enumerators booklet emphasized cour-
tesy and persuasion when individuals hesitated, and directed enumerators to explain that all
information was strictly confidential, available only to sworn employees, and used solely for
statistical purposes. The manual further reminded enumerators that they were entitled to a
truthful answer and underscored their own legal obligation to secrecy.

According to the Census Act of 1929, refusal to answer a Census question was a misde-
meanor punishable by a fine of up to $100, imprisonment for up to 60 days, or both. In
practice, however, the Bureau did not enforce these penalties. As the Director testified in
1940, “we do not use that feature of our law because the people of the United States have had
confidence in the Bureau of the Census for a great many years, and they cooperate with us in
these reports” (United States Senate, 1940). By contrast, the Bureau did impose penalties on
its own staff for breaches of confidentiality. Failure to protect the privacy of Census returns
could be charged as a felony, carrying up to two years’ imprisonment, a fine of up to $1,000,
or both. Together, these features imply that income withholding in 1940 reflects voluntary
privacy behavior rather than fear of legal penalties.

Safeguarding personal data was widely discussed in the press and in government in the
lead-up to the 1940 Census (see Appendix A1). In March 1939, The New York Herald
announced that ‘Uncle Sam is Getting Much More Inquisitive’ as the new questions were
tested in trial counties. Much of the press attention, however, emerged in early 1940 amid
Congressional debate sparked by Republican Senator Charles Tobey’s resolution to delete
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the income question. In February, The Chicago Tribune reported that ‘Census Snooping
Stirs Senate Storm’ and in March The Christian Science Monitor covered a Republican-
controlled New Jersey Assembly resolution opposing ‘unnecessary snooping.’ That same
month, The New York Times covered an exchange in which President Roosevelt dismissed
Tobey’s objections as an ‘obviously political move’ to derail income collection. Roosevelt
himself reported income in the $5,000+ category, though he did not specify whether he
received non-wage income under Question 33 despite being a stock market investor.

In response to this debate, the Census Bureau modified its collection procedure for the
income question. Individuals who declined to disclose their earnings verbally could write the
amount on a confidential P-16 form, seal it in an envelope, and return it to the enumerator
for mailing to the Census Bureau in Washington, D.C. This procedure allows us to interpret
blank or missing income entries as instances of non-disclosure. Goldfield (1958) notes that
only about 200,000 of the 15 million confidential forms printed were ultimately used, and that
subject to the relatively rudimentary statistical analysis available at the time, the resulting
income data were regarded as “reasonably accurate” but “somewhat underreported.”

2.2 Publication of Top Incomes

Unwanted publicity of federal tax returns under the 1924 Revenue Act foreshadowed the
controversy surrounding the 1940 Census income question. As extensively documented by
Marcin (2014), newspapers across the country published long lists of taxpayers and their tax
payments, turning what had been a private activity into public information (see Appendix
A2). The lists published in 1924 reported incomes earned in 1923, and those published in
1925 reported incomes earned in 1924. This episode provides a rare historical precedent for
large-scale disclosure of earnings, and a natural source of variation in exposure to public
income revelation.

In October 1924, the Boston Post noted the large impact these disclosures had on public
perceptions of income. Because incomes could be inferred from taxes paid, the lists revealed,
for example that Jack Dempsey then world heavyweight boxing champion earned more than
J.P. Morgan; that steel magnate Charles M. Schwab earned less than expected; and that
actress Gloria Swanson received $120,000 a year (around $2 million today). The Post wrote
“there was no greater surprise in the whole list to Boston people than the income reported
by Judge Louis B. Brandeis of the United States Supreme Court”, who had warned about
newspapers and privacy concerns a few decades earlier in his highly influential 1890 Harvard
Law Review article, “The Right to Privacy” with Samuel Warren. “No one looked upon
Justice Brandeis as a rich man” the Post observed, “but he must be, since the tax of $9,508.22
shows he must have an income of around $55,000 a year” (almost $1 million today).
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In September 1925, The New York Times ran multiple lists of ‘Downtown Manhattan’s
Contributions to New York’s Big Share of Federal Tax’ reporting that Edward S. Harkness (a
philanthropist whose wealth had derived from his father’s investment in Standard Oil) paid
$1,351,708 and that prominent industrialists such as J.D. Rockefeller Jr. ($6,277,669), Henry
Ford ($2,608,808), Andrew Mellon ($1,882,600), and J.P. Morgan ($574,379) were among the
nation’s top taxpayers. Anna Thompson Dodge, widow of Horace E. Dodge, also appeared
with a payment of $993,028 (Marcin, 2014).5

Publication of these lists often depended on quasi-random administrative choices. Local
tax collection offices did not uniformly interpret the 1924 law. While some prepared lists for
newspapers, others withheld them, and still others questioned the legality of publication. We
exploit this geographic variation in publication to examine how exposure to public income
disclosure affected non-disclosure in the 1940 Census (see Section 4.3).

2.3 Expressed Fear of Census Data Misuse

Public concern about the misuse of Census information has a long history. The Reapportion-
ment Act of 1929 explicitly prohibited the publication of any Census tabulation that could
identify an individual or establishment, reflecting the need for public trust in data confi-
dentiality. More recently, the Census Bureau’s adoption of differential privacy responds to
the risk that reconstruction algorithms can indirectly re-identify individuals from published
statistics (Dinur and Nissim, 2003).

Despite these safeguards, there are notable historical episodes in which Census informa-
tion was used by government authorities. During World War II, the Census Bureau provided
both aggregated and individual-level data to the U.S. military, contributing to the identifi-
cation and incarceration of Japanese and Japanese-Americans under Executive Order 9066
(Seltzer and Anderson, 2001). Mexican residents also faced elevated perceived enforcement
and deportation risk following the large-scale repatriation campaigns of the 1930s, which
targeted families of Mexican descent across the United States (Balderrama and Rodríguez,
2006). Interned families of Japanese decent often faced forced sales of property at discounted
prices and significant economic losses.6 This historical backdrop motivates our empirical
tests of perceived government threat, in which we examine withholding among Japanese
Americans and Mexican residents who faced elevated risks of state action in 1940.

Debate about invasions of privacy and the handling of government data occurred promi-

5The Dodge brothers’ firm later became a division of the Chrysler Corporation after their deaths in 1920.
6Although these disclosures were not known to respondents in 1940 (Pearl Harbor occurred after enu-

meration was complete) contemporaneous geopolitical tensions created an atmosphere in which Japanese
immigrants were already subject to surveillance and raids by federal agents (Roxworthy, 2008). For labor
market impacts of internment, see Chin (2005); Saavedra (2021); Arellano-Bover (2022).
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nently after World War II and to the present. The Second War Powers Act of 1942 temporar-
ily nullified earlier confidentiality protections, underscoring the tension between statistical
agencies and the uses to which their data may be put. Later, in 2004, it was revealed
that the Census Bureau had legally shared information on Arab-American populations at
the ZIP-code level with the Department of Homeland Security, prompting renewed commit-
ment to confidentiality (El-Badry and Swanson, 2007). In 1950, Senator Joseph McCarthy
(Republican, representing Wisconsin) produced his list of alleged communists employed by
the U.S. government creating impetus for clearer definitions of privacy boundaries. During
the McCarthy era the “Lavender Scare” resulted in the use of sexual questioning to purge
“lavender lads” from careers in the State Department under the guise of a link between homo-
sexuality and communism (Johnson, 2023). McCarthy himself appears in the 1940 Census.
Despite working 52 weeks of the year in 1939 as a Circuit Judge in Wisconsin, his income is
recorded as 0, with a ‘yes’ response to the question of whether he received non-wage income.
His household’s income information was provided by his sister-in-law, which we can identify
because our data indicate who responded to the enumerator.

3. DATA CONSTRUCTION

Our main data source is the 1940 complete-count Census data which provides information
on responses for over 131 million individuals (Ruggles et al., 2022). We incorporate various
complementary datasets at the county-level including Republican vote shares as a proxy for
intrinsic privacy preferences. We use data from Marcin (2014) to identify the locations where
newspapers did and did not publish lists of top tax payers during the 1920s, and the reason
why. And we use newspaper circulation data across locations from Gentzkow et al. (2014) to
measure the potential reach of these tax lists across counties.

3.1 Individual-level Data from the 1940 Census

We use data from the complete-count 1940 Census, restricting our analysis to individuals
who were in the labor force, who self-reported being at work, and who received wages or a
salary, including those employed by government. By construction, this restriction captures
predominantly non-farm workers, since most of the farm population was self-employed. Our
main dataset contains 24.9 million individuals aged 25-65.

We also identify full-time workers using questions asked early in the enumeration schedule.
Respondents were asked the number of weeks worked in 1939 and the usual hours worked per
week. Restricting to those who reported working 52 weeks and at least 40 hours per week
yields a secondary sample of full-time wage earners so we can examine withholding among
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individuals with stable labor force attachment and comparable exposure to income reporting
norms. At the end of the schedule, two questions captured a person’s income (12 months
ending December 31, 1939) from wages or salary and whether the person received $50 or more
in income from sources other than wages or salary. As Bouk (2022) notes, the second item
offered respondents a way to “hide” by signaling that they had additional income without
revealing the amount, since no further details on non-wage income were collected.

As noted in the case of Joseph McCarthy above, a key advantage of the Census manuscripts
is that we observe which member of the household spoke to the enumerator, allowing us to
restrict attention to income reports provided by that specific individual. We also observe the
estimated value of the respondent’s home (or monthly rent, which we capitalize), enabling us
to place individuals in the distribution of housing wealth. Importantly, we observe the same
information for enumerators who self-identify as such in the occupation string in the Census
data, allowing us to construct respondent-enumerator wealth gaps used in our analysis.

Finally, the Census provides a rich set of individual and household characteristics which we
use as controls, including age, sex, race, marital status, educational attainment, occupation,
hours and weeks worked as well as homeownership status. These variables allow us to flexibly
control for demographic and labor-market heterogeneity.

3.2 Validating the Measurement of Income Non-Disclosure

Because our analysis relies on interpreting zero or missing values for the income question in
the Census as intentional withholding, we validate this measure directly against the origi-
nal schedules. Although missing income values do not appear in the original 5% samples
of the 1940 data, they are recorded in the 100% complete-count data which is derived from
transcriptions of the original manuscript schedules that IPUMS subsequently cleans, stan-
dardizes, and harmonizes. We therefore conduct an audit comparing IPUMS-coded values
with the original manuscript schedules. We draw a random sample of 100 individuals aged
16-80 whose income is recorded as missing in the IPUMS 100% file and inspect their corre-
sponding entries on the schedules. In the vast majority of cases (95.0% for ages 16-80 and
96.2% for ages 25-65) the manuscript also shows no income amount, confirming that missing
values in IPUMS almost always reflect genuine non-disclosure rather than transcription error.
Only a small number of cases appear to involve misclassification.

A small fraction of schedules contain a ‘C’ in the income box, indicating that the respon-
dent chose to submit earnings using the confidential P-16 form rather than disclose them to
the enumerator (see Appendix A3). These cases (three in our sample), are consistent with the
Census Bureau’s estimate that around 2% of respondents used sealed envelopes. We consider
these cases to represent intentional non-disclosure and are coded as such. Taken together, our
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audit demonstrates that our non-disclosure measure accurately reflects respondent choices
not to reveal their income rather than measurement or processing error.

3.3 County-level Data

We assemble several county-level measures, including inequality, government spending, po-
litical affiliation, religiosity, and education. Income inequality in 1940 remained pronounced,
with the top decile accounting for over 45% of national income (Piketty and Saez, 2003;
Kopczuk et al., 2010), but it varied considerably across counties. We measure inequality
using multiple complementary approaches. First, we compute the county-level 90/10 income
ratio based on wage and salary income reported in the Census. Top coding affected only
about the top 1% of earners, so this measure captures meaningful differences between richer
and poorer residents. Second, we estimate predicted income for each individual using loca-
tion, occupation, housing value, age, gender, and years of schooling, and construct a parallel
county-level 90/10 ratio from this series (see Appendix Figure A4). Finally, following Cowell
and Flachaire (2023), we compute the mean logarithmic deviation (MLD), which has desir-
able statistical properties and responds monotonically to increases in top incomes. To bypass
income censoring entirely, we also calculate the MLD using housing values..

To measure exposure to federal redistribution, we incorporate county-level New Deal
spending from Fishback et al. (2003).7 Caprettini and Voth (2022) show that the intensity
of these programs shaped patriotic sentiment during World War II, suggesting that federally
funded local investment may influence trust in, and willingness to cooperate with, the federal
government. At the same time, because the federal government justified income collection
partly on its relevance for allocating welfare spending, high-income respondents in high-
spending counties may have had incentives to withhold their incomes.

Because opposition to the 1940 income question ran along party lines, we measure parti-
san orientation using county-level Republican vote share in the 1938 Congressional elections
(Clubb et al., 2006). Political attitudes also vary strongly with geography since rural and
urban voters tend to differ systematically in moral values and views of government (Enke,
2020). We incorporate data from Haines (2010) on the urban share of the population and on
educational attainment (the share of adults aged 25 and older completing high school). Reli-
giosity, which empirical work links to trust and social cohesion (McCleary and Barro, 2006),
is measured using the 1936 Census of Religious Bodies. Although some denominations were
underreported, Stark (1992) documents that the Census Bureau implemented procedures to
improve coverage and that the resulting figures align well with independent enumerations.

7We use the Fishback-Kantor-Wallis aggregation of New Deal spending categories. Counties combined
in the original data for New York, Missouri, and Virginia are separated using 1930 population shares.
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Finally, we control for county size and economic structure using population counts and value
added in manufacturing from Haines (2010).

3.4 Inequality Between Respondents and Enumerators

At the individual-level, we also have a measure of the salience of local inequality. We know
both who the respondent to the enumerator was in the household and we can identify the
sample of enumerators who would have visited the house, consisting of neighboring individu-
als who reported they were a ‘census taker’ or a ‘census enumerator’ in the Census occupation
string. This allows us to investigate responses to the income questions as a function of so-
cioeconomic gaps between respondents and enumerators. Appendix A5 provides an example
of a population schedule showing the information available in the IPUMS data.

4. RESULTS: EVIDENCE OF WITHHOLDING

4.1 Inequality Predicts Withholding

Among individuals 16-80 in age, 6.19% of individuals who reported earning a salary or wage
to the Census enumerator did not disclose their actual income, equivalent to about 2 million
individuals. This drops to 5.1% for 25-65 year olds.8 County-level non-disclosure, shown
in Figure 1 and based on 1940 spatial boundaries, varies substantially from 5.8% at the
25th percentile to 9.6% at the 75th percentile.9 We present further descriptive statistics in
Appendix Table A1 of individuals reporting zero, missing and positive incomes.

We find that non-disclosure is highest among those that we predict would have incomes
in the top and bottom income deciles. In Figure 2, we illustrate the relationship between
predicted income rank based on occupation, housing value, age, location, gender, and years
of schooling and non-disclosure. The stark U-shaped pattern reveals that non-disclosure
rates among those in the top and bottom decile are nearly twice as high as among the rest
of the population, a pattern consistent with modern evidence that earnings nonresponse is
heavily concentrated in the tails of the distribution (Bollinger et al., 2019). We observe the
same U-shaped pattern when we use capitalized house values (Panel b), actual house values
(Panel c), or rental values (Panel d). Moreover, the degree of inequality in one’s environment

8Among individuals who worked 52 weeks of the year and 40 hours—the most active labor market group—
3.7% did not disclose their incomes. For a 5% sample of the population of wage earners the Census Bureau
at the time estimated the non-disclosure rate was 4.9%, (5.4% among men and 3.5% among women) (Bureau
of the Census, 1943).

9The top five states by mean non-disclosure are South Dakota (11.8%), Oklahoma (11.0%), Mississippi
(10.9%), Tennessee (10.3%), and Missouri (9.8%). The bottom five states, where individuals appear more
willing to disclose, are Virginia (5.7%), California (5.6%), New Hampshire (5.5%), Maine (5.2%), and Mas-
sachusetts (5.2%).
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significantly magnifies the rates of non-disclosure. This suggests that the U-shape is not an
artifact of survey design, but rather reflects behavioral motives tied to income position.

As suggested by Figure 2, the super-rich exhibited a much higher tendency toward non-
disclosure than wage earners in general. For 104 individuals on the list of the largest taxpayers
compiled by Brandes (1983), 88 of whom we can link to the 1940 Census, 57.5% reported
zero wage earnings or left the response blank when queried by the enumerator (see Appendix
Table A2). While some members of this group lived primarily as rentiers, non-disclosure
remained high even among those who reported working in 1939 with 26.5% failing to disclose
their earnings, or 20.5% among those aged 25-65. These rates contrast sharply with the 5.1%
non-disclosure rate observed for the broader population of wage earners aged 25-65.

In Figure 3, Panel (a), we display binned scatter plots showing the sharp increase in
non-disclosure rates as county-level inequality rises. The relationship is robust across mul-
tiple measures of inequality. Panel (a) shows a positive association between non-disclosure
and the 90/10 reported income ratio: as the ratio rises from 5 to 6, average non-disclosure
increases from around 4% to 5%, and rises to about 6% as the ratio reaches 10. Panel (b)
documents a similar gradient using the predicted 90/10 ratio. Panel (c) employs the mean log
deviation (MLD) of self-reported income, and Panel (d) displays the MLD of housing wealth
as an alternative measure of inequality. Across all four measures, non-disclosure increases
monotonically with inequality in the respondent’s county.

We further examine the relationship between non-disclosure and inequality within 228
narrowly defined occupations in the 1940 Census occupational classification system. Panel
(e) shows that non-disclosure rates rise even more steeply as inequality increases within these
peer groups. When the occupational 90/10 ratio is around 3, non-disclosure is approximately
2.5%, but it exceeds 10% when the ratio reaches 10.

By contrast, other characteristics of the environment such as political stance, religios-
ity, and local redistribution, have small and statistically insignificant associations with non-
disclosure. Panels (f) and (g) show that neither county-level New Deal spending nor Republi-
can vote share meaningfully co-vary with non-disclosure rates, despite contemporary political
debates emphasizing intrinsic privacy values. Similarly, Panel (h) shows little relationship
between non-disclosure and the county-level share that is religious, even though religion has
been linked in other contexts to stronger norms of honesty (McCleary and Barro, 2006).

In Table I, we show that the correlation between county-level inequality and withholding
is robust to an extensive set of controls at the individual, county, and occupation levels,
summarized in Table A1. Using millions of observations on wage earners, we estimate the
following linear probability model at the individual level i, where Privacyi is an indicator
equal to one if the enumerator recorded zero or missing income for that individual:
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Privacyi = α Inequalityc + βXc + δZi + κstate + ϕoccupation + ϵi, (1)

Our key parameter of interest is α, the coefficient on county-level inequality. We measure in-
equality using several metrics: the 90/10 ratio of reported incomes (Panel A), the 90/10 ratio
of predicted incomes (Panel B), the mean logarithmic deviation (MLD) of income (Panel C),
the MLD of housing wealth (Appendix Table A4), and the within-occupation 90/10 income
ratio (Appendix Table A5). If the value of privacy increases in more unequal environments,
we would expect α > 0. The vector Xc includes standardized county-level covariates for New
Deal spending per capita, the Republican vote share, religiosity, educational attainment, the
urban share, county population, and manufacturing value added. The vector Zi contains
individual characteristics from the Census. We also include state fixed effects and occupa-
tion fixed effects at three levels of aggregation (11 major categories, 22 subcategories, and
228 granular occupations). Together, these specifications control flexibly for local area and
individual characteristics to mitigate concerns about omitted variable bias.

We find a clear and robust relationship between inequality and non-disclosure. In Table
I, a one standard deviation increase in the county-level 90/10 income ratio is associated with
a 21% increase in non-disclosure relative to the mean in our baseline specification (column
1). The effect declines to 10.5% among full-time workers (column 7) and to 5.8% when we
restrict the sample to self-respondents who personally provided their income information to
the enumerator (column 8). Restricting the sample to self-respondents removes any confounds
associated with household reporting dynamics, if individuals conceal incomes from other
members of the household and not just the government. In terms of magnitudes the 90/10
coefficient stands out compared to New Deal spending, the share religious, or the Republican
vote share as a measure of intrinsic privacy preferences. While Table I consolidates the
coefficients on individual controls, the full set of estimates is in Appendix Table A3.10

Figure 4 Panel (a) further illustrates results using decile indicators for the 90/10 ratio
and for Republican vote share. Privacy preferences rise linearly across deciles of the 90/10

10These results show women withhold more often than men, though the pattern reverses for full-time
workers (column 7). Following Moehling (2001), relative demand for privacy may have been greater among
women whose partners were unemployed, as this could have afforded more control over household finances.
Household heads (mostly men) are more likely to disclose, whereas the divorced and separated are less likely
to do so relative to married respondents. Singles generally disclose at higher rates, though less so among full-
time workers (column 7). Whites (about 90% of the population in 1940) exhibit greater demand for privacy
than minority respondents, while immigrants are more likely to disclose. College-educated individuals display
a strong preference for non-disclosure, possibly reflecting concern over relative income revelation or the idea
of privacy as a luxury good. We also find a positive relationship between housing wealth and non-disclosure,
though the magnitudes are modest. In column 3, a one standard deviation increase in capitalized housing
value is associated with a 1.6% increase in non-disclosure.
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county-level income ratio, with the top decile experiencing 37.7% higher non-disclosure rates
(relative to the mean) than the bottom decile. By contrast, coefficients on the Republican
vote share deciles hover around zero, so the magnitude of the inequality gradient far exceeds
any effect associated with intrinsic privacy. These patterns are consistent with the personal
stakes of revealing income being higher in more unequal environments.

Panel (b) presents a placebo exercise using nonresponse to the education question (highest
grade of school completed), which is asked earlier in the Census, is much less privacy-sensitive,
and is therefore more likely to reflect recall or reporting error (Goldin, 1998). The nonre-
sponse rate to this question is 1.6% among 25-65 year old wage earners. If local inequality
operates through privacy concerns, it should predict income withholding but not education
nonresponse. Unlike income non-disclosure, education nonresponse exhibits no monotonic
gradient across income deciles and no effect at the top of the distribution. Although the
income decile indicators are jointly significant, the estimated coefficients are small and non-
monotonic, and a direct comparison rejects equality of the income and education gradients.
These results support the interpretation that the strong inequality decile gradient in Panel
(a) reflects income-specific privacy concerns rather than general nonresponse behavior.

Two additional sets of regressions in Table I show the robustness of the baseline rela-
tionship between inequality and privacy from Table I. Panel B re-estimates the models using
predicted income to construct the 90/10 ratio, thereby avoiding any mechanical bias from
censoring in reported incomes. The effect sizes are slightly smaller, consistent with classical
measurement error attenuating coefficients. In Panel C, using the MLD of income inequality,
the effects grow larger. For full-time workers (column 7), a one standard deviation increase
in income inequality is associated with a 13.4% increase in non-disclosure, compared to a
10.5% increase in Panel A and an 8.5% increase in Panel B.

Appendix Table A4 addresses the concern that income-based inequality measures could
themselves be distorted by non-disclosure, particularly in the tails of the distribution. Using
a measure independent of self-reported incomes, namely the MLD of housing values, we find
economically consistent effects. For full-time workers (column 7), a one standard deviation
increase in housing-wealth inequality is associated with a 7.1% increase in non-disclosure.

Our strongest results arise when we measure inequality within narrowly defined occu-
pations. Using within-occupation reported incomes to compute the 90/10 ratio, we find
much larger responses. In Appendix Table A5, column 7, a one standard deviation in-
crease in within-occupation inequality is associated with a 32.3% increase in non-disclosure
among full-time workers and a 33.4% increase for the subsample of individuals who directly
responded to the enumerator (column 8). Our estimates remain stable across alternative
control sets, including when we additionally control for the occupation’s median wage as a
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proxy for employment turnover (Appendix Table A6).11 Overall, these findings highlight the
central role of relative income position in shaping disclosure behavior.

4.2 Withholding Rises When Enumerators Differ Economically from Respondents

As an individual-level test of how privacy demands respond to the salience of local inequality,
we exploit the quasi-random assignment of Census enumerators to households and the result-
ing variation in the wealth gap between respondents and enumerators. Enumerators were
typically drawn from nearby neighborhoods and conducted interviews inside respondents’
homes, making differences in housing wealth and social standing readily apparent during
the interaction. We use data on the housing wealth and socioeconomic characteristics of
both respondents and enumerators to test whether being visited by a Census worker with
differential wealth to the respondent increases the probability of non-disclosure.

Enumerators were required to be U.S. citizens with at least a high school education, pos-
sess legible handwriting, and pass a formal aptitude test designed to mimic completion of the
population schedule (Thomson, 1940). Although the names of enumerators appear at the
top of manuscript schedules, no dataset identifying them exists. We therefore construct a
sample of enumerators by searching the occupation string in the IPUMS data for individuals
whose reported occupation includes both ‘census’ and ‘enumerator’ or ‘census’ and ‘taker.’
This procedure yields 1,023 enumerators from 48 states and the District of Columbia. Enu-
meration personnel included door-to-door canvassers as well as area managers and district
supervisors who coordinated activities, trained enumerators, and consolidated returns. We
cannot distinguish these roles in the data, but our keyword-based approach most likely cap-
tures door-to-door enumerators as the individuals who interacted directly with respondents.
Descriptive statistics are show in Appendix Table A7.

Since a wealthy individual and poor individual are both statistically more likely to have
a larger inequality gap with the ‘typical’ enumerator than a middle income individual, we
take an additional step to isolate variation stemming from the particular enumerator assign-
ment. For comparison, we draw a placebo enumerator designated as a random enumerator
of the same gender from an enumeration district in a different state. We compare the ef-
fects of wealth distance between the subject and realized enumerator on non-disclosure, with
the effect of differences between the subject and placebo enumerator, yielding our preferred
statistical test of how face-to-face inequality with an enumerator impacts non-disclosure.

Specifically, we estimate the following linear probability specification at the individual
level i where Privacy is a binary variable coded 1 for non-disclosure, as before, and the

11If turnover is higher in lower-wage occupations, individuals may be less able to recall their earnings,
increasing the likelihood of reporting zero or missing income.
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superscripts S, E and E∗ refer to subject, enumerator and placebo enumerator respectively:

Privacyi = γ1 log

(
HouseS

HouseE

)
i︸ ︷︷ ︸

Actual Enumerator

+ γ2 log

(
HouseS

HouseE∗

)
i︸ ︷︷ ︸

Placebo Enumerator

+ω Ii + πGi + νDd + ζcounty + ϵi. (2)

Our main coefficient of interest is γ1 capturing the wealth gap between subject and enu-
merator while controlling for the effect of the placebo treatment through γ2. Our causal test
of the impact of face-to-face inequality on non-disclosure is γ1 − γ2 = 0 corresponding to the
null hypothesis that the difference between these coefficients is zero.

We measure the subject-enumerator wealth gap as the log ratio of the respondent’s house
value to that of the enumerator, and construct the same measure for the placebo enumerator,(

HouseS

HouseE∗

)
i. We estimate equation 2 using both capitalized and reported housing values. The

vector Ii includes the log of the respondent’s own house value (ensuring that the wealth-gap
coefficient does not simply pick up the effect of own wealth on withholding) along with demo-
graphic controls for race, marital status, immigration status, education, age, and age squared.
To account for homophily that may influence disclosure, Gi includes differences in age and
years of education between the respondent and the enumerator, and between the respon-
dent and the placebo enumerator. We also report specifications with and without restricting
the sample to respondent-enumerator pairs of matching gender, since gender differences may
affect reporting behavior. Finally, Dd includes enumeration-district means of log housing
wealth, educational attainment, and age to capture unobserved local characteristics relevant
for privacy decisions. All regressions include county fixed effects, and standard errors are
clustered at the household level.

In column 1 of Table II we find that a 10% increase in the capitalized housing wealth gap
between the subject and the enumerator is associated with an increase of γ1×ln(1.10)=0.00022
in the probability of non-disclosure or about 0.53% relative to the mean, or 0.56% in column
2 when we control for the placebo enumerator—the effect we would expect to see by chance.
Under our test of the importance of face-to-face inequality, γ1 − γ2 > 0 (p-value=0.0005).
With classical measurement error in the capitalized housing wealth series we would expect
these coefficients to reflect lower bound estimates. Indeed, in columns 3 and 4 we find much
larger effects when we use reported house values. In column 4 a 10% increase in the housing
wealth gap is associated with a 2.5% increase in non-disclosure relative to the mean non-
disclosure rate of 4.3%. The difference between actual and placebo coefficients again exhibits
statistical significance (γ1 − γ2 > 0, p-value=0.0266).

In columns 5 to 8 we replicate the results in columns 1 to 4 using only subject-enumerator
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pairs of the same gender. We find consistent results and effect sizes that are slightly larger.
In column 8, for example, a 10% increase in the housing wealth gap is associated with a 3.6%
increase in non-disclosure relative to the mean, compared to the corresponding effect of 2.5%
in column 4 when we do not gender match on subject-enumerator pairs. One explanation for
the increased tendency to withhold information when we condition on gender-matching could
be attributed to the importance of the reference group (Cullen and Perez-Truglia, 2022). As
individuals become more closely aligned with their peers, social concerns around earnings
information become more pronounced. This would be consistent with the larger magnitudes
that we find in our occupation-level results, as discussed in Section 4.1 above.

In Appendix Table A8 we replicate columns 1, 3, 5 and 7 of Table II, splitting our sample
by whether the subject housing wealth is greater than or less than the enumerator’s housing
wealth. We cannot reject that the sensitivity of non-disclosure to the housing wealth gap is
symmetric regardless of who is wealthier, subject or enumerator. This suggests respondents
react to the magnitude of the wealth gap rather than the direction of the difference.

4.3 Exposure to Historical Data Release and Privacy Behavior

We next examine whether changes in perceived risk of public release of personal income data
affected disclosure behavior. Our empirical setting exploits the brief window surrounding
the 1924 Revenue Act, during which newspapers in some counties published names and
tax payments of individual federal taxpayers. We assess whether individuals with greater
likelihood of having observed this unexpected release of private income information displayed
systematically different propensities to report their earnings in 1940.

We implement two complementary research designs. First, we estimate a triple-differences
specification comparing cohorts that differed in age at the time of publication across counties
that did and did not publish the tax lists. Older individuals were more likely to have been in
the labor market and consuming newspapers when the lists appeared, generating differential
exposure by cohort. Second, we measure the intensity of exposure using newspaper circulation
per capita in list-publishing counties. If public disclosure altered beliefs about the likelihood
of income becoming publicly accessible, non-disclosure should rise with both cohort exposure
and circulation intensity.

4.4 Identifying Counties with Published Individual Tax Returns

We identify counties where the lists were published or not published among states that include
a top 50 city by population size due to our data source on newspaper circulation (see Figure
A6). Hence, we compare non-disclosure rates in counties like Hartford County, Connecticut
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where both the Hartford Courant and the Hartford Times published lists with control counties
like Fairfield County, Connecticut where the lists were not published. According to Marcin,
a key determinant in whether a county widely published the list of tax returns is whether
or not the local tax registrar could implement the request in a timely way (while the 1924
Revenue Act stood). Appendix Tables A9 and A10 provide summary statistics and a balance
table showing very few economically meaningful correlations between county characteristics
and tax list circulation. New Deal spending per capita is higher in counties where the
lists were published.12 These counties also had a higher rate of home ownership, but no
significant differences can be observed between these counties and those without published
lists in both the level of wage and non-wage income reported in the 1940 Census. As a check
against differential reporting quality, Appendix Figure A7 shows that age-heaping is low and
statistically indistinguishable between newspaper-list and non-list counties.

4.5 Estimating Tax List Exposure Using Age at Time of Publication

To proxy individual exposure to the publication of income tax returns, we classify individuals
who were age 40 or older at the time of the 1940 Census as having had greater exposure to the
1924-1925 newspaper lists than those who were younger. Individuals aged 40 in 1940 would
have been 24 in 1924, just entering the labor market, eligible to vote, and plausibly reading
newspapers regularly if they were sufficiently educated to do so. Because age misreporting
and other factors make a precise cutoff undesirable, we treat the 40+ threshold as a coarse
proxy rather than a sharp research design choice. Furthermore, we will show that our results
are robust when using five-year age bins from ages 25 to 65.

In our regression framework, we code an indicator equal to one if an individual was age 40
or older in 1940 and zero otherwise. Table III presents linear probability estimates of privacy
demands. Column 1 shows that, on average, non-disclosure rates do not differ significantly
between counties that did and did not publish the tax lists. However, the patterns change
markedly when we consider older cohorts. Column 2 shows that individuals aged 40-65
have significantly higher non-disclosure rates in counties that published the lists. In column
3, the interaction between age and news-list counties is imprecisely estimated, but becomes
statistically significant in column 4 when we allow covariates to vary flexibly by age, following
the recommendations in Feigenberg et al. (2023). The interaction coefficient in column 4
implies that non-disclosure among 40-65 year olds in news-list counties is approximately
6.4% higher relative to the mean (0.00276 ÷ 0.043).

Weighting by 1920 county population strengthens these results. The interaction term

12This is largely driven by counties in New York state receiving substantial federal relief and recovery aid
during the Great Depression.
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becomes larger and more precisely estimated (column 5), and the specification allowing age-
specific covariates (column 6) implies a 13.5% increase in non-disclosure among 40-65 year
olds in news-list counties (0.00579 ÷ 0.043). Figure 5 further shows that the effects concen-
trate sharply among individuals 40 and older, the group most likely to have remembered the
original tax-return publications. When we estimate the specifications in columns 4 and 6
using five-year cohort dummies, we observe a distinct increase in non-disclosure beginning
around age 40. Weighted and unweighted estimates track closely for individuals under 40
but diverge thereafter, consistent with stronger treatment effects in more populated counties
where circulation and spillovers associated with the lists would have been more extensive.

4.6 Estimating Tax List Exposure Using Newspaper Circulation

To measure exposure to published tax lists, we follow Gentzkow et al. (2014) in treating news
markets as operating at the county level. Newspaper circulation in the 1920s was highly
localized even for national outlets and newspapers typically printed lists of local taxpayers.13

County-level circulation therefore provides a meaningful proxy for the extent to which the
release of individual tax returns became publicly visible in a given area, allowing us to capture
geographic variation in perceived disclosure risk.

We estimate own-county and cross-county exposure to newspaper circulation of tax lists.
We proceed in two steps. First, let NT represent the set of all newspapers publishing lists in
counties and Circulation(NT

n , C
T
c ) the circulation of the n-th newspaper in list county CT

c ,
then the total circulation of newspapers in a single list county is ∑n∈NT Circulation(NT

n , C
T
c ).

We construct an exposure measure by scaling this total circulation by the county population
in 1920. For ease of interpretation, counties with zero circulation are assigned an exposure
value of zero, and positive exposure values are grouped into low, medium, and high terciles.
We also estimate specifications weighted by 1920 county population. Appendix Figure A8
plots the distribution of scaled circulation and the tercile cutoffs.

Appendix Table A11 reports summary statistics across circulation terciles and shows little
systematic sorting across counties. Of the 31 county and individual-level variables we exam-
ine, only two county characteristics and five individual characteristics differ monotonically
across the low, medium, and high circulation terciles.14 In all regressions, we control for this
full set of observables, ensuring that estimated effects of circulation intensity are not driven
by underlying differences in county or individual attributes.

13Around 70% of the circulation of The New York Times, for example, occurred in the states of New York
and New Jersey.

14The county-level variables are New Deal spending per capita and the share religious; the individual-level
variables are indicators for being single, being an immigrant, being a homeowner, and measures of house
value and capitalized house value.
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We estimate the following linear probability models:

Privacyi =
3∑

j=1
λjCirculationc + λ4Age

40−65
i +

7∑
j=5

λj(Circulationc × Age40−65
i )

+βXc + δZi + ξWi + κstate + ϕoccupation + ϵi,

(3)

where the circulation indicators denote whether county c falls into the low, medium, or high
tercile of circulation among counties that published the lists. The omitted category consists
of counties with no tax-list publication and individuals aged 25-39 in those counties. Our key
coefficients of interest are λ5, λ6, and λ7, which capture how the relationship between non-
disclosure and circulation intensity differs for older cohorts. As in equation 1, we progressively
add individual controls Zi, county-level characteristics Xc, and a complete set of two-way
interactions Wi along with state and occupation fixed effects.

As a second test, we relax the assumption that exposure operates strictly through local
news markets and incorporate multi-county newspaper circulation patterns using data from
Gentzkow et al. (2014). Newspapers based in list counties often circulated across multiple
counties, including non-list counties. For example, The Hartford Courant circulated across
all eight Connecticut counties, while The Hartford Times circulated across six; The New
York Times circulated in at least 245 counties nationwide and was a major publisher of the
lists. Accounting for these cross-county flows allows us to test whether exposure to tax-list
publication outside one’s own county influenced subsequent income-disclosure behavior.

Formally, let C denote counties in states with a top 50 city and NT be the set of all
newspapers publishing the lists. Let ̂Circulation(NT

n , Cc) denote the circulation of the n-th
newspaper in the c-th county, such that the total circulation of all newspapers in each county
is given by ∑

n∈NT
̂Circulation(NT

n , Cc). We scale this by each county’s 1920 population,
and group counties into low, medium, and high circulation terciles (Appendix Figure A8).15

Although exposure to taxpayer lists originating elsewhere may be less personally relevant
than local publication, it may still heighten perceptions of the likelihood that income data
could become publicly accessible. We therefore interact these multi-way circulation terciles
with the indicator for list-publishing counties (Newslist) and with the age 40-65 indicator
capturing individuals of working age at the time of publication.

We estimate the following linear probability models:

15Our initial exposure measure distinguished non-circulation counties from circulation counties and then
grouped the latter into terciles (four categories in total). The multi-way measure uses terciles only (three
categories).
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Privacyi =
2∑

k=1
ψk

̂Circulationc,k + ψ3Age
40−65
i + ψ4Newslistc

+ ψ5Age
40−65
i ×Newslistc

+
7∑

k=6
ψk( ̂Circulationc,k−5 × Age40−65

i )

+
9∑

k=8
ψk( ̂Circulationc,k−7 ×Newslistc)

+
11∑

k=10
ψk( ̂Circulationc,k−9 × Age40−65

i ×Newslistc)

+ βXc + δZi + ξWi + κstate + ϕoccupation + ϵi

(4)

where ̂Circulationc,1 and ̂Circulationc,2 denote medium and high tercile circulation counties,
respectively, with low-circulation counties serving as the omitted reference category. Our
main coefficients of interest are ψ10 and ψ11, the triple interaction terms. These coefficients
capture how non-disclosure differs for individuals who were of working age at the time of
publication (ages 40-65 in 1940) and who lived in counties with medium or high circulation
exposure, relative to younger cohorts in low exposure counties.

4.7 Magnitude of Exposure Effects

We report the interaction terms λ5, λ6, and λ7 from equation 3 graphically in Figure 6.
Following the structure of our baseline results in Table I, Panel (a) begins with a specification
including age controls and state fixed effects, and Panels (b)-(f) sequentially add county-level
controls, demographic controls, occupation fixed effects, and sample restrictions. Across
all specifications, we consistently find higher non-disclosure rates among individuals most
exposed to the circulation of the tax lists relative to those with little or no exposure. We
observe no discernible effects in low and medium circulation counties, suggesting that a
sufficiently high level of newspaper circulation was necessary to shift privacy behavior.

In Panel (a), non-disclosure is (0.001111 ÷ 0.043)=25.8% higher among 40-65 year olds
in the highest exposure counties using basic controls, with similar magnitudes in Panel (b)
(26.0%), Panel (c) (27.0%), and Panel (d) (24.6%) after incorporating additional county
characteristics, demographic controls, and occupation fixed effects. Among 40-65 year olds
in the full-time worker sample (Panel (e)), non-disclosure is (0.00657 ÷ 0.027)=24.3% higher
in high-circulation counties; for 40-65 year olds who directly interacted with the enumerator
(Panel (f)), the effect is (0.01138 ÷ 0.043)=26.5%. If the publication of the tax lists altered
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beliefs about the likelihood of income disclosure, we would anticipate stronger effects among
individuals more inclined to consume newspapers and better able to process the implications
of publication. Consistent with this, restricting the sample to college-educated individuals in
Panel (g) yields a (0.00560 ÷ 0.054)=28.0% increase in non-disclosure among 40-65 year olds
in list counties. Allowing covariates to vary flexibly by age (Panel (h)) reduces the estimate
to 16.9%. Appendix Figure A9 shows robustness to restricting to individuals who remained
in newspaper-list counties between 1920 and 1940, as only 3-5% of 40-65 year olds moved
states in the five years prior to the 1940 Census (Rosenbloom and Sundstrom, 2003).

Finally, Figure A10 presents estimates of equation 4, which incorporates multi-county
newspaper circulation patterns. Our focus is on the triple interaction terms ψ10 and ψ11

corresponding to ̂Circulation×Newslist×Age : 40 − 65. Panel (a) reports baseline differ-
ences across medium and high circulation counties, showing no effect of circulation intensity
on non-disclosure when interactions are excluded. Panel (b) introduces an interaction with
the 40-65 age group and likewise shows no detectable effect. In Panels (c) and (d), however,
once we account for whether the county itself published the lists, we find statistically signifi-
cant effects. Non-disclosure is 12.6% higher among 40-65 year olds in high-exposure counties
(Panel (c)), rising to 14.5% after including a full set of two-way interactions in Panel (d).

Taken together, these results provide suggestive evidence that demand for privacy in the
1940 Census responded to prior exposure to the public release of federal income informa-
tion, particularly in locations with high intensity coverage. Exposure may have increased
perceptions of the risk that personal data could become publicly accessible and illustrated
the potential implications to individuals of such disclosure.

4.8 Counterfactual Distributions and Survey Data Distortion

Our results show that exposure to the historical publication of income tax lists increased
withholding in the 1940 Census. We now examine how this withholding affects inference
about the reported income distribution by constructing counterfactuals. We estimate what
the distribution of reported incomes in newspaper list counties would have looked like had
individuals reported their earnings like observationally similar individuals in non-list counties.
Comparing the actual and counterfactual distributions allows us to quantify how withholding
distorts the observable wage distribution under more muted privacy concerns.

Among approaches for constructing counterfactual distributions, we employ the kernel
reweighting method of DiNardo et al. (1996) (DFL), which is tractable given the large number
of fixed effects in our setting. We first estimate a propensity score indicating whether an
individual resides in a non-list (coded 1) or list (coded 0) county, using age, state and full
occupation fixed effects, and all individual and county level covariates used throughout the
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analysis. The propensity score is then used to define the region of common support and to
reweight the kernel density functions. Following DFL, we reweight individuals in non-list
counties so that their covariate distribution matches that of individuals in list counties. Our
interest is then in the gap between the actual and counterfactual income distributions.

Figure 7 displays the actual and counterfactual income distributions for individuals aged
25-65 in list counties. The counterfactual density places more mass in the lower ranges,
suggesting meaningful distortions in the composition of reported incomes. Because the 1940
Census top-coded wage income at $5,000 and DFL relies on observed values, differences in
the upper tail are less visually pronounced, even though withholding among high earners
also compresses the right tail, as we show in Section 2.2 for the ultra wealthy. The 90/10
ratio in list counties is 7.52, compared with 8.00 in the counterfactual distribution, implying
that privacy leads to understated income inequality in the reported data. These patterns
are consistent with the population correlations between predicted income and non-disclosure
in Figure 2 and with modern survey evidence showing that nonresponse disproportionately
suppresses both low earners and very high earners (Bollinger et al., 2019).

5. PRIVACY BEHAVIOR AND EXPOSURE TO STATE ENFORCEMENT RISK

Finally, beyond concerns about public disclosure, individuals may also withhold information
if they fear that the government collecting the data could later use it for punitive purposes.
In this case, withholding would be more common among groups facing a higher perceived
risk of state enforcement actions, such as asset seizure or detention. As noted in Section 2.3
the period surrounding the 1940 Census provides two key contexts in which such fears may
have been particularly relevant. Japanese residents faced growing scrutiny and, shortly there-
after, mass internment and confiscation of property during World War II. Although these
events postdate the Census, contemporary accounts indicate widespread anxiety and antic-
ipation. Mexican residents, likewise, lived under the shadow of the large-scale deportation
and repatriation campaigns of the 1930s, which involved detention and economic losses.

We therefore examine withholding among Japanese and Mexican wage earners in the 1940
Census. Japanese residents are identified directly in 1940, while Mexican residents are traced
from their recorded origin in the 1930 Census to the 1940 Census using the links provided by
Abramitzky et al. (2020). To proxy perceived enforcement risk, we use data from Arellano-
Bover (2022) to construct a predicted probability of internment for Japanese individuals
based on demographic characteristics. We proxy enforcement risk for Mexicans using the local
intensity of law enforcement, measured as the per-capita prevalence of policemen, detectives,
marshals, constables, sheriffs, and bailiffs identified from occupation codes in the Census. If
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individuals feared that reported income could facilitate asset seizure or other punitive actions,
withholding should rise with perceived enforcement risk. Alternatively, those at greatest risk
of state scrutiny may disclose more, not less, due to compliance pressures.

In both cases, greater exposure to state enforcement risk is associated with lower rates
of non-disclosure. For Japanese residents a one standard deviation increase in predicted
internment risk is associated with a 1.0 to 1.5 percentage point reduction in non-disclosure
(Table IV). For Mexican residents, a one standard deviation increase in local law-enforcement
presence predicts a decline in withholding of around 0.7 to 1.1 percentage points across spec-
ifications (Table V). These patterns also hold when we restrict the sample to individuals
living in the western United States, the region most directly affected by mass internment
and repatriation efforts. Our findings suggest that heightened vulnerability to state action
is associated with compliance rather than concealment, indicating that concerns about gov-
ernment misuse of Census data were outweighed by other incentives to respond, rather than
serving as a primary driver of withholding behavior.

6. CONCLUSION

Debate over the protection of privacy is fundamental to society in an age where personal
data has value to governments, firms and researchers but individuals have concerns about
intrusions or the potential for misuse. We have examined privacy concerns in Census data
using the unusual circumstances around the 1940 Census expansion, a period marked by
particularly intense public and political debate over the collection of income information.
Millions of U.S. residents were asked to disclose their incomes at the very end of the survey,
after having revealed whether they were wage earners earlier on. We can therefore observe
patterns of withholding at national scale. Our analysis has explored social concerns over data
publicity, intrinsic or partisan motives for privacy, and concern over government misuse.

We find meaningful resistance through non-disclosure where local inequality was pro-
nounced and in places where personal data collected by the federal government had been
released publicly in the past. Our preferred interpretation of these results is that individuals
form expectations about the private stakes of revealing their personal information. Private
stakes are higher when the likelihood of a leak is higher, and when the respondent is more
highly differentiated from their reference group (e.g., on either extreme end of a dispersed
income distribution). We find little evidence that privacy concerns are related to politics, or
redistribution policies and that vulnerable groups tend to comply more. We also find that
resistance leads government statistics to underestimate the true extent of inequality.

We highlight three implications for contemporary data policy. First, distortions to the
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distribution of reported incomes arise before any statistical disclosure limitation is applied.
Modern differential privacy frameworks, which introduce noise at the publication stage, can-
not correct for selective non-response that has already reshaped the underlying microdata
due to fears of social exposure, enumerator visibility, or the threat of data leaks. Second, the
structure of withholding we observe with missing low and high earners closely resembles pat-
terns documented in modern surveys (Bollinger et al., 2019; Goldfarb and Tucker, 2012). This
suggests that the mechanisms we identify are not confined to a unique historical episode but
reflect a more general behavioral response to perceived disclosure risk. Third, the relatively
modest level of withholding in 1940 might reflect the unusually high trust in government
at the time, implying that our estimates could be lower-bound effects. In settings with less
trust today, similar disclosure concerns may generate substantially larger distortions.

Overall, our results highlight that privacy preferences do affect the quality of administra-
tive and statistical data and that past breaches or public releases of identifiable information
can have long-lived consequences for public cooperation with data collection efforts.
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Figure 1: Income Privacy Across U.S. Counties

Notes: County-level means are from individual responses to the 1940 Census income question for wage earners
aged 25-65. Non-disclosure is defined as failure to report income, given as zero or missing. Counties are shown
using 1940 boundaries. Shading reflects county-level quintiles of the share of individuals withholding income.

34



Figure 2: Own Rank and Income Privacy Demands
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Notes: These figures show the mean income non-disclosure rate by income and wealth percentiles. The
predicted income series used in Panel (a) is described in the notes to Appendix Figure A4. In Panel (b) we
use capitalized house values using the actual house values and capitalized rental values whereas Panels (c)
and (d) use actual house and rental values reported.
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Figure 3: Population Predictors of Income Privacy Demands

Local Inequality vs. Income Privacy
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Notes: These figures show binned scatter plots. The predicted 90/10 income ratio is estimated using a
predicted income series described in the notes to Appendix Figure A4. Housing and income inequality are
the mean-log deviation of house values and incomes at the county-level respectively whereas the occupation
90/10 income ratio is the within occupation ratio using 228 US census occupation categories.
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Figure 4: Privacy Demands by Income Decile

(a) Inequality and Republican Vote Share
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(b) Placebo: Education Nonresponse

-.0
1

0
.0

1
.0

2
Es

tim
at

e 
Re

la
tiv

e 
to

 D
ec

ile
 1

2 3 4 5 6 7 8 9 10
Decile of the 90/10 Income Ratio

Joint p-value (decile coefficients, education nonresponse): 0.052
Decile 10 coefficient p-value (education nonresponse): 0.534
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Notes: Panel (a) reports coefficients and 95% confidence intervals using indicators by decile of the 90/10
income ratio and the Republican vote share. Specification includes age, county and demographic controls,
state fixed effects and full occupation fixed effects. The p-values are from tests of the null that the coefficients
on the indicators by decile of the 90/10 income ratio are equal to the coefficients on the indicators for decile
of the Republican vote share. Panel (b) reports analogous estimates using education nonresponse as the
outcome variable. The p-values are from tests of whether the income decile coefficients are jointly zero
and whether the top decile coefficient equals zero. Cross outcome tests examine whether the income decile
coefficients, jointly and for the top decile, are equal between income and education nonresponse.
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Figure 5: Privacy by Age Exposure in News List v. Non-News List Counties
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Notes: This figures reports coefficients and 95% confidence intervals of privacy demands for individuals
according to their age cohorts and exposure to newspaper lists. The coefficients are interactions between a
newspaper list indicator and age cohorts following the specification in column 4 (unweighted) and column 6
(weighted) of Table III. The omitted category is 25-29 year-olds.
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Figure 6: Privacy: Newspaper List Counties and Circulation Exposure
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Notes: These figures reports coefficients and 95% confidence intervals of non-disclosure for individuals accord-
ing to their newspaper list county status and age cohorts. These are plots of λ5 λ6 and λ7 from equation 3.
Panels (a)-(d) incorporate different controls and fixed effects sequentially so Panel (d) includes age controls,
state fixed effects, county controls, demographic controls and occupation fixed effects. Panels (e)-(g) include
these as well and Panel (h) adds two-way interactions (TWI). Regressions are weighted by each county’s
population in 1920. Standard errors clustered by county.
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Figure 7: Actual and Counterfactual Income Distributions in Newspaper List Counties

(a) Actual and Counterfactual Densities
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Table III: Privacy and Exposure to Newspaper Tax Lists

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

Newslist 0.00252 0.00252 0.00163 0.00124 0.00190 0.00082
(0.00362) (0.00362) (0.00369) (0.00363) (0.00399) (0.00389)

Age: 40-65 0.00264∗∗∗ 0.00114 -0.01312∗∗∗ -0.00066 -0.01823∗∗∗

(0.00041) (0.00115) (0.00277) (0.00138) (0.00402)

Newslist × Age: 40-65 0.00188 0.00275∗∗ 0.00349∗ 0.00579∗∗∗

(0.00147) (0.00122) (0.00205) (0.00163)

Observations 7772606 7772606 7772606 7772606 7772606 7772606
Clusters 49 49 49 49 49 49
Mean Dep Var. 0.043 0.043 0.043 0.043 0.043 0.043
Age Controls Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes
County Controls Yes Yes Yes Yes Yes Yes
Demographic Controls Yes Yes Yes Yes Yes Yes
Full Occ. FE Yes Yes Yes Yes Yes Yes
Two-Way Interactions No Yes No Yes
Weighted No No Yes Yes

Notes: This table reports linear probability regression coefficients where the dependent variable is 1,0 for
privacy (non-disclosure). Newslist is an indicator for counties where tax lists were published. Age controls
are a linear and quadratic term in age. County controls are the 1940 population, manufacturing value-added,
the share urban and the share of the population 25+ completing high school. Demographic controls are
indicators for gender, household head, marriage status (married, divorced/separated single), race, immigrant
and college attendance and a continuous variable for capitalized house values. Occupation fixed effects at the
full (228) level. In columns 5 and 6 regressions are weighted by each county’s population in 1920. Standard
errors clustered by county in parentheses. *p<0.1, **p<0.05, ***p<0.01.
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Table IV: Privacy by Probability of Internment (Japanese)

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

Prob. Internment (std) -0.0010 -0.0010 -0.0102∗ -0.0112∗ -0.0148∗ -0.0147∗

(0.0043) (0.0043) (0.0060) (0.0061) (0.0079) (0.0080)

Observations 8327 8327 8327 8327 8327 7742
Mean Dep Var. 0.063 0.063 0.063 0.063 0.063 0.064
Age Controls No Yes Yes Yes Yes Yes
County Controls No No Yes Yes Yes Yes
Individual Controls No No No Yes Yes Yes
Region FE No No No No Yes West Only

Notes: This table reports linear probability regression coefficients where the sample
is individuals of Japanese origin in the 1940 census. The dependent variable is 1,0
for privacy (non-disclosure) run on the standardized probability of internment for
each individual from Arellano-Bover (2022) based on their sex, birth year, and state.
Individuals in all regions are included in columns 1 to 5 and individuals in the West
of the U.S. only in column 6. Standard errors are clustered by county. *p<0.1,
**p<0.05, ***p<0.01.

Table V: Privacy and Threat Risk (Mexican)

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

Threat (std) -0.0070∗∗∗ -0.0069∗∗∗ -0.0074∗∗∗ -0.0076∗∗∗ -0.0073∗∗ -0.0111∗∗

(0.0015) (0.0015) (0.0028) (0.0028) (0.0029) (0.0043)

Observations 22353 22353 22353 22353 22353 10952
Mean Dep Var. 0.027 0.027 0.027 0.027 0.027 0.025
Age Controls No Yes Yes Yes Yes Yes
County Controls No No Yes Yes Yes Yes
Individual Controls No No No Yes Yes Yes
Region FE No No No No Yes West Only

Notes: This table reports linear probability regression coefficients where the sample is
individuals of Mexican origin in the 1930 census traced to the 1940 census using the links
from Abramitzky et al. (2020). The dependent variable is 1,0 for privacy (non-disclosure)
run on the standardized ‘threat’ exposure defined as the number of policemen, detectives,
marshals and constables, sheriffs and bailiffs in a county scaled by the 1940 county
population. Individuals in all regions are included in columns 1 to 5 and individuals in
the West of the U.S. only in column 6. Standard errors are clustered by county. *p<0.1,
**p<0.05, ***p<0.01.
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Figure A1: Newspaper Stories and Senate Hearing

 

Notes: Newspaper headlines surrounding the 1940 income questions in the census, and the front cover of the
documentary evidence summarizing the 1940 Senate Hearing on the proposed deletion of these questions.
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Figure A2: Publication of Tax Lists

Notes: This shows an example of the tax lists published by The New York Times.
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Figure A4: The Distribution of Reported and Predicted Income
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Notes: This figure plots kernel densities of reported income from the 1940 census and predicted income based on
demographic characteristics. We first regress log income for individuals with positive reported incomes on their age,
a quadratic in age, their capitalized house value, years of education, indicators for gender, race, and fixed effects for
state and occupation. We then use the model to predict income for all individuals in the dataset including those
for whom reported income is missing or reported as zero.
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Figure A6: Counties where Tax Lists were Published

Notes: This map shows counties in which tax lists of prominent earners were publicly released or not, focusing on
the 50 largest cities by population. Data are compiled from Marcin (2014).
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Figure A7: Myers Index: Newspaper List versus Non-Newspaper List Counties

(a) Ages 25 to 65
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(c) Ages 40 to 65
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Notes: These figures show the distribution of Myers Index of age-heaping calculated for county-age cells in newspaper
list and non-newspaper list counties. Age cells are 25 to 39 and 40 to 65 year olds. A Myers Index of 0 indicates no
age-heaping (reported ages are evenly distributed across all final digits from 0 to 9) whereas a value of 90 indicates
perfect heaping (every age is reported using only one final digit). Kolmogorov-Smirnov exact p-value reported under
the null that the distributions are the same.
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Figure A8: Histograms of Newspaper Circulation

(a) County Circulation

0
.0

5
.1

.1
5

.2
.2

5
Fr

ac
tio

n

0 5 10
Newspaper Circulation (scaled)

(b) County Circulation (Multi-Town)

0
.1

.2
.3

.4
F

ra
ct

io
n

0 .1 .2 .3 .4 .5
Newspaper Circulation (scaled)

Notes: This figure shows the distribution of newspaper circulation numbers scaled by 1920 county population. Panel
(a) measures circulation in counties with newspapers that published the lists. Panel (b) allows for those newspapers
to circulate in other counties as well. Vertical dashed lines represent splits by tercile. Panel (a) includes weekday
and weekend circulation. Panel (b) uses weekday circulation based on the data from Gentzkow et al. (2014).
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Figure A9: Replication of Figure 6 using only Stayers 1920-1940

(a) Age Controls + State FE
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(d) + Occ. FE
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(f) only Respondent
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(h) only College (TWI)
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Notes: These figures replicate the results in Figure 6 using only individuals who remained in a newspaper list or
non-newspaper list county across the 1920 to 1940 censuses. We use the male-only links provided by Abramitzky
et al. (2020). A stayer is defined as an individual who remained in the same newspaper list county, moved to
different newspaper list county in the same state, or a different newspaper list county in another state.
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Figure A10: Privacy: Newspaper List Counties and Multi-Way Circulation Exposure

(a) No Interaction
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(b) Ĉirc.×Age
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Notes: These figures reports coefficients and 95% confidence intervals of non-disclosure for individuals according
to their newspaper list county status and age cohorts. Panel (a) includes the exposure indicator variables in the
original, non-interacted form whereas Panel (b) interacts these variables with the indicator for age. Panels (c)
and (d) are plots of the triple interactions, ψ10 and ψ11, from equation 4 (i.e. interacting the exposure indicators
with the indicator for age and the indicator for news list counties). All specifications include age controls, county
controls, demographic controls, occupation and state fixed effects. TWI refers to two-way interactions. Regressions
are weighted by each county’s population in 1920. Standard errors clustered by county.
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Table A1: Descriptives

Missing Income Zero Income Income Reported
Mean SD Mean SD Mean SD

Panel A: County-Level
New Deal Spending per Capita 128.600 67.505 133.734 78.929 133.173 71.467
Republican Vote Share 40.887 21.716 35.747 22.411 37.556 21.551
Share Religious 47.972 14.169 45.997 14.354 47.047 14.031
Share Urban 61.969 31.015 61.742 32.546 66.184 30.161
Share Educated 24.173 7.304 24.469 7.916 25.077 7.558
County Population 1940 (Millions) 0.543 0.877 0.664 1.030 0.700 1.049
Manufacturing Value Added (Millions) 354.687 681.030 474.344 866.078 487.991 862.583
90/10 Income Ratio 7.088 2.532 7.453 2.855 6.968 2.531
Predicted 90/10 Income Ratio 4.274 1.251 4.427 1.332 4.239 1.281
Housing Wealth Inequality 0.865 0.334 0.828 0.324 0.805 0.302
Income Inequality 0.272 0.076 0.283 0.085 0.268 0.076
Panel B: Occupation-Level
Occupation 90/10 Income Ratio 5.375 2.067 6.089 2.411 5.021 1.690
Panel C: Individual-Level
Privacy 1.000 0.000 1.000 0.000 0.000 0.000
Age 40.709 10.781 41.280 11.331 39.599 10.546
Male = 1 0.751 0.432 0.650 0.477 0.755 0.430
Household Head = 1 0.579 0.494 0.508 0.500 0.649 0.477
Married = 1 0.724 0.447 0.741 0.438 0.774 0.418
Divorced/Separated = 1 0.023 0.151 0.032 0.176 0.023 0.149
Single = 1 0.253 0.435 0.227 0.419 0.203 0.402
White = 1 0.918 0.275 0.883 0.321 0.905 0.294
Immigrant = 1 0.106 0.308 0.146 0.353 0.139 0.346
Years of Education 9.591 3.713 8.853 3.814 9.093 3.602
College = 1 0.168 0.374 0.133 0.340 0.130 0.336
Home Owner = 1 0.530 0.499 0.582 0.493 0.578 0.494
House Value 4423.168 7543.008 3901.968 8834.087 3846.472 6875.483
Rental Value 89.912 478.343 58.375 347.402 62.106 361.948
Capitalized House Value 7795.931 42219.042 5708.250 32350.924 5931.850 33376.577
Weeks Worked 47.503 9.828 47.279 10.374 45.076 11.320
Hours Worked 43.956 11.785 44.480 15.206 43.095 11.536
Wage Income . . 0.000 0.000 1224.076 891.091
Non-Wage Income = 1 0.285 0.451 0.565 0.496 0.133 0.340

Notes: This table reports descriptive statistics for observations in the 1940 census for individuals aged 25 to 65
years who were in the labor force, who self-reported being at work, and who received wages or a salary, including
those who worked in government. We define income non-disclosure as missing incomes and zero incomes. We
estimate capitalized house values using the actual house values and capitalized rental values at 10%. The predicted
90/10 income ratio is estimated using a predicted income series described in the notes to Appendix Figure A4.
The occupation 90/10 income ratio is the within occupation ratio using 228 US census occupation categories. The
variables “Housing Wealth Inequality” and “Income Inequality” are the mean-log deviation of house values and
incomes at the county-level respectively.

56



Table A2: The Super Rich and Non-Disclosure

Name Net Income 1940
Weeks Worked

1939
Census
Income

Census
Non-Wage

John D. Rockefeller Jr 3,789,204 0 0 Yes
Clarence Dillon 129,019 52 0 Yes

Sid W. Richardson Jr -264,498 52 5000 Yes
Reuben H. Fleet 291,013 52 5000 Yes

Richard K. Mellon 4,069,178 52 5000 Yes
Paul Mellon 5,074,832 52 0 Yes

Sarah M. Scaife 4,021,264 0 0 Yes
George L. Hartford 3,140,642 52 5000 Yes

Ailsa M. Bruce 2,074,634 0 0 Yes
Edsel B. Ford 3,483,889 52 0 No

Charles S. Chaplin under 100,000 52 5000 Yes
Edgar Palmer 1,883,406 52 5000 Yes

Jeremiah Milbank Sr 211,628 52 5000 Yes
Katherine S. Milbank 0 0 Yes

Arthur V. Davis 2,054,765 0 0 Yes
John A. Hartford 2,819,498 52 5000 Yes
Minnie H. Reilly 3,029,144 Missing Missing Yes

Alfred P. Sloan Jr 2,169,154 45 5000 Yes
Irene J. Sloan 0 0 Yes

Lammot Du Pont 1,805,381 52 5000 Yes
Jessie B. Du Pont 1,785,279 Missing Missing Yes

Everette L. Degolyer under 100,000 52 0 Yes
Nell V. Degolyer 0 0 No
Edward J. Noble 209,380 52 5000 Yes

William Du Pont Jr 1,458,160 52 5000 Yes
Alwin C. Ernst 1,303,815 52 5000 Yes
Charles S. Mott 1,623,670 Missing Missing Yes

Ethel M. Dorrance 2,152,426 Missing Missing Yes
James H. Cannon 339,754
Mary S. Harkness 1,596,543 0 0 Yes

Henry Ford 2,933,531 52 0 Yes
Irenee Du Pont 1,702,128 Missing Missing Yes
Felix W. Zelcer 117,247

Ignatius J. Miranda 122,757 52 5000 Yes
Alfred J. Miranda Jr 126,632 52 5000 Yes

Mary D. Biddle 1,310,094
Gregory Ferend under 100,000
Robert S. Clark 1,101,090

Allen G. Oliphant under 100,000 52 5000 Yes
Anita M. Blaine 1,046,439

Walter P. Murphy 950,436 35 5000 Yes
Mills Bennett 118,582 0 0 Yes

William R. Coe 1,244,800 0 0 Yes
Lammot D. Copeland 1,109,660 0 5000 Yes
Marie H. Robertson 1,357,449

Robert R. M. Carpenter 1,125,524 52 5000 Yes
George H. Hartford II 1,432,434
Evelyn Mendelssohn 1,138,971

Garfield A. Wood under 100,000 52 0 Yes
Helen H. Whitney 1,079,321 0 0 Yes

Josephine H. McIntosh 1,301,990 0 0 Yes
Marion D. Scott 1,025,286 0 0 Yes
Joan W. Payson 357,543 0 0 Yes

Alexis F. Du Pont 875,502 0 0 Yes
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Name Net Income 1940
Weeks Worked

1939
Census
Income

Census
Non-Wage

William T. Grant 1,246,739 52 0 Yes
Samuel H. Kress 1,657,698 52 5000 Yes

Cartter T. Lupton 645,054 52 5000 Yes
Ella B. Kearney 246,906 0 0 Yes

Henry B. Du Pont Jr 953,829 52 5000 Yes
Jessie W Donahue 1,260,734
Rudolf J. Schaefer 672,878 52 5000 Yes
Lucia M. Schaefer 0 0 No

Frederick M. E. Schaefer 616,211 52 5000 Yes
Eugene Du Pont Jr 697,475 52 Missing Yes
Harry P. Bingham 930,782 52 0 Yes
Alexander Smith 163,021
Clifford Mooers under 100,000

Thomas M. O’Connor Jr 826,945 52 0 Yes
Marjorie P. Davies 851,741 Missing Missing Missing

Katherine D. Butterworth 584,471 0 0 Yes
Carl G. Swebilius under 100,000 52 5000 Yes
Hulda Swebilius Missing Missing No

Joseph E. Widener 1,475,478 0 0 Yes
Francis N. Bard 623,735 52 5000 Yes

Philip K. Wrigley 860,257 52 5000 Yes
Edith H. Harkness 763,455
Donaldson Brown 918,183 52 5000 Yes
Barclay Douglas 126,001

Josephine H. Douglas
Edwin A. Link 236,207 52 5000 Yes

George A. Adam 397,370
Josiah K. Lilly Sr 818,883 0 0 Yes
John D. Jackson 767,878 52 5000 Yes

Raymond Pitcairn 706,051 0 0 Yes
Edward S. Moore 371,272 52 0 Yes

Robert W. Woodruff 763,187 52 5000 Yes
Mahlon D. Thatcher Jr 269,247 50 5000 Yes

William T. Rawleigh 534,490 52 Missing Yes
Hugh R. Sharp 1,007,876 52 5000 Yes
Sarah G. Kenan 361,062 0 0 Yes

Abby A. Rockefeller 616,440 0 0 Yes
Stanley R. McCormick 464,400 0 0 Yes

E. F. Stokes 381,877
Doris D. Cromwell 690,665 0 0 Yes
Glenn L. Martin 533,852 52 5000 Yes

Edward H. Moore under 100,000 Missing Missing Missing
Walker P. Inman 772,073 0 0 Yes
Alta R. Prentice 726,204 0 0 Yes
Cora T. Burnett 687,694 0 0 Yes

Sydney M. Shoenberg 773,189 52 5000 Yes
Eli Lilly 757,626 52 5000 Yes

Leonie B. Guggenheim 719,416 0 0 Yes
Miguel J. Ossorio 789,699 52 5000 Yes

William R. Kenan Jr 381,121 52 0 Yes

Notes: We matched the list of the super rich from Brandes (1983), as compiled by the U.S. Treasury, to the 1940
Census. Names in red text are unmatched. Some individuals might have been abroad at the time of enumeration.
For example, Robert S. Clark, inheritor of the Singer Sewing Machine fortune, resided in Normandy, France for
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part of the year, following his marriage to a French actress in 1919. Net Income is from the list itself which also
includes incomes for 1941. Sid W. Richardson, an oil industry magnate, is reported as having a negative net income
in 1940 but a net income of $3,948,794 in 1941. The data on weeks worked, census income (top-coded at $5,000)
and census non-wage income are from the 1940 Census. Highlighted cells show our definition of non-disclosure as
zero or missing responses to the income question. The list often includes individuals and their spouses because
certain states allowed income sharing within the household for federal tax purposes.
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Table A7: Subject, Enumerator Descriptives

Subjects Enumerators
Mean SD Mean SD

Privacy 0.045 0.208 0.542 0.498
Age 39.840 10.583 39.442 15.919
Male = 1 0.740 0.439 0.490 0.500
Household Head = 1 0.626 0.484 0.371 0.483
Married = 1 0.751 0.432 0.706 0.456
Divorced/Separated = 1 0.030 0.171 0.019 0.136
Single = 1 0.219 0.413 0.275 0.447
White = 1 0.938 0.242 0.942 0.233
Immigrant = 1 0.154 0.361 0.144 0.351
Years of Education 9.508 3.520 9.215 3.458
College = 1 0.151 0.358 0.118 0.322
Home Owner 0.583 0.493 0.557 0.497
House Value 4049.479 6782.993 3745.144 6484.312
Rental Value 63.636 382.305 61.989 380.324
Capitalized House Value 6132.909 35283.148 5794.083 34315.518
Weeks Worked 45.421 11.166 42.601 13.824
Hours Worked 43.240 11.341 43.775 13.275
Wage Income 1260.028 892.968 524.976 804.069
Non-Wage Income = 1 0.152 0.359 0.228 0.419

Notes: This table reports descriptive statistics for a sample of individuals we identify as a ‘census taker’ or a ‘census
enumerator’ in the Census occupation string in the IPUMS data.
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Table A8: Privacy and the Subject-Enumerator Housing Wealth Gap: Robustness

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

Panel A: Main Estimates

House Gap Ratio (log) 0.00232∗∗∗ 0.01148∗∗∗ 0.00265∗∗∗ 0.01278∗∗

(0.00064) (0.00403) (0.00081) (0.00548)
Observations 276712 27328 163887 17320
Mean Dep Var. 0.042 0.043 0.042 0.043
Clusters 181252 18290 124971 13251

Panel B: Subject Housing Wealth > than Enumerator

House Gap Ratio (log) 0.00367∗∗∗ 0.00219 0.00413∗∗ -0.01300
(0.00139) (0.00914) (0.00181) (0.01280)

Observations 124992 11330 72846 6792
Mean Dep Var. 0.042 0.046 0.042 0.049
Clusters 79787 7445 54491 5191

Panel C: Subject Housing Wealth ≤ than Enumerator

House Gap Ratio (log) 0.00199∗∗ 0.00175 0.00268∗∗∗ 0.00395
(0.00086) (0.00593) (0.00102) (0.00751)

Observations 151716 15992 91030 10515
Mean Dep Var. 0.043 0.042 0.041 0.038
Clusters 101461 10839 70469 8047

County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Gender Matching No No Yes Yes
House Values Capitalized Reported Capitalized Reported
p-value (H0: Panel B=Panel C) 0.3043 0.9673 0.4839 0.2485

Notes: This table reports linear probability regression coefficients where the dependent variable is 1,0 for privacy
(non-disclosure). The right-hand side variables specify the log of the housing wealth gap between the subject and the
enumerator. Controls include the log of the subjects own level of housing wealth, their age and years of education,
gaps in age and education between subject and enumerator and mean log housing wealth, age and educational
attainment in an enumeration district. Panel A shows the main estimates from columns 1, 3, 5 and 7 of Table II.
Panel B shows estimates where the subjects’ housing wealth is greater than the enumerator’s housing wealth. Panel
C shows estimates where the subjects’ housing wealth is less than or equal to the enumerator’s housing wealth.
Standard errors clustered by household in parentheses. *p<0.1, **p<0.05, ***p<0.01.
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Table A9: Newspaper List Descriptives

Non-Newslist Newslist
Mean SD Mean SD

Newspaper Circulation (scaled) 0.000 0.000 1.030 1.336
Panel A: County-Level
New Deal Spending per Capita 112.252 27.509 146.591 30.094
Republican Vote Share 37.352 17.122 38.435 14.382
Share Religious 48.959 11.932 51.532 11.967
Share Urban 86.958 8.726 90.585 10.971
Share Educated 27.829 6.240 28.095 6.873
County Population 1940 (Millions) 0.929 0.752 1.626 1.318
Manufacturing Value Added (Millions) 1069.696 1138.629 1235.662 1117.527
90/10 Income Ratio 5.725 1.413 5.970 1.279
Predicted 90/10 Income Ratio 3.632 0.876 3.874 0.890
Housing Wealth Inequality 0.602 0.111 0.754 0.211
Income Inequality 0.228 0.046 0.242 0.041
Panel B: Occupation-Level
Occupation 90/10 Income Ratio 4.766 1.575 4.849 1.683
Panel C: Individual-Level
Privacy 0.039 0.195 0.043 0.204
Age 39.770 10.367 40.040 10.523
Male = 1 0.765 0.424 0.726 0.446
Household Head = 1 0.646 0.478 0.630 0.483
Married = 1 0.775 0.418 0.748 0.434
Divorced/Separated = 1 0.027 0.163 0.027 0.161
Single = 1 0.198 0.398 0.226 0.418
White = 1 0.930 0.256 0.913 0.281
Immigrant = 1 0.206 0.405 0.192 0.394
Years of Education 9.273 3.461 9.421 3.466
College = 1 0.124 0.329 0.137 0.344
Home Owner 0.559 0.496 0.644 0.479
House Value 4634.610 8619.573 4992.775 8459.222
Rental Value 58.625 325.969 74.111 394.560
Capitalized House Value 5977.258 29833.206 7503.927 38369.461
Weeks Worked 45.043 11.146 46.118 10.878
Hours Worked 41.604 10.486 42.682 10.455
Wage Income 1367.998 912.949 1343.914 948.200
Non-Wage Income = 1 0.134 0.341 0.135 0.342

Notes: This table shows descriptive statistics by newspaper list locations. Newspaper list counties are those with
a city in the top 50 cities by population size in the US in 1920 where lists of top earners were published between
1924 and 1925. Non-list counties are those with a city in the top 50 cities by population size in the US in 1920 in
which lists were not published. Newspaper circulation numbers are scaled by 1920 county population.
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Table A10: Newspaper List Balance Table

(1) (2) (3)
Variable Non-Newslist Newslist Difference (inc. FE)

New Deal Spending per Capita 112.252 146.591 25.311***
(27.509) (30.094) (7.545)

Republican Vote Share 37.352 38.435 -1.732
(17.122) (14.382) (2.619)

Share Religious 48.959 51.532 0.820
(11.932) (11.967) (2.309)

Share Urban 86.958 90.585 1.584
(8.726) (10.971) (3.019)

Share Educated 27.829 28.095 1.346
(6.240) (6.873) (1.072)

County Population 1940 (Millions) 0.929 1.626 0.490*
(0.752) (1.318) (0.283)

Manufacturing Value Added (Millions) 1,069.696 1,235.662 137.469
(1,138.629) (1,117.527) (225.457)

90/10 Income Ratio 5.725 5.970 0.078
(1.413) (1.279) (0.175)

Age 39.770 40.040 0.046
(10.367) (10.523) (0.146)

Male = 1 0.765 0.726 -0.009*
(0.424) (0.446) (0.005)

Household Head = 1 0.646 0.630 0.001
(0.478) (0.483) (0.007)

Married = 1 0.775 0.748 -0.013
(0.418) (0.434) (0.008)

Divorced/Separated = 1 0.027 0.027 0.000
(0.163) (0.161) (0.001)

Single = 1 0.198 0.226 0.012
(0.398) (0.418) (0.009)

White = 1 0.930 0.913 -0.003
(0.256) (0.281) (0.011)

Immigrant = 1 0.206 0.192 0.009
(0.405) (0.394) (0.021)

Years of Education 9.273 9.421 0.026
(3.461) (3.466) (0.098)

College = 1 0.124 0.137 0.001
(0.329) (0.344) (0.003)

Home Owner 0.559 0.644 0.053***
(0.496) (0.479) (0.017)

House Value 4,634.610 4,992.775 290.069
(8,619.573) (8,459.222) (229.196)

Rental Value 58.625 74.111 11.225*
(325.969) (394.560) (6.526)

Capitalized House Value 5,977.258 7,503.927 1,053.878*
(29,833.207) (38,369.461) (525.319)

Wage Income 1,367.998 1,343.914 -19.661
(912.948) (948.200) (35.064)

Non-Wage Income = 1 0.134 0.135 0.005
(0.341) (0.342) (0.005)

Observations 1,552,005 6,220,601 7,772,606

Notes: This table shows a balance table of descriptive statistics by newspaper list locations. Newspaper list counties
are those with a city in the top 50 cities by population size in the US in 1920 where lists of top earners were published
between 1924 and 1925. Non-list counties are those with a city in the top 50 cities by population size in the US in
1920 in which lists were not published. The difference in means test includes fixed effects for state and occupation.
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