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We analyze the impacts of large-scale public hiring on labor market 
outcomes by studying individuals hired to assist with the 2010 Decennial 
Census. Compared to similar applicants who were not hired, individuals 
who received Census jobs were more likely to be working in 2010 across 
the distribution, with larger effects for those with marginal scores on the 
Census hiring test. The effects persisted for individuals with marginal 
scores, who had higher employment likelihoods of about 25 percentage 
points over the next 15 years. Male hires accounted for the entirety of the 
long-term employment effects for marginal applicants. 
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I. Introduction 

 What are the short- and long-term impacts of providing government jobs to individuals on a 

large scale? In the United States, policymakers, scholars, and advocates have argued for policies such 

as job guarantees that provide government jobs to individuals who want a job (e.g., Center for 

American Progress 2018; Omar 2023; Paul et al. 2018; Pressley 2021; Shakesprere and Nightingale 

2019; Tcherneva 2018). In comparison to directly giving income to individuals, government-provided 

jobs may have benefits associated with keeping individuals attached to the labor market, providing 

counter-cyclical economic stabilization, and carrying out publicly beneficial projects. However, these 

jobs can also have drawbacks associated with the cost to administer them, market distortions, and 

worker incentives (Bartik 2001; Nunn et al. 2018). In part due to these trade-offs, key large-scale public 

hiring programs that have existed thus far, such as the National Rural Employment Guarantee Act 

(NREGA) in India or the Works Progress Administration (WPA) in the U.S. during the New Deal, have 

been temporary in nature (Howard 1943; Imbert and Papp 2015). Some academics have argued that 

future large-scale public hiring policies should also provide only short-term jobs (Bartik 2001). 

 Our research seeks to understand how a temporary government-provided job can influence the 

labor market trajectories of individuals in the modern-day U.S., informing current policy debates on 

public hiring. We use the case study of the 2010 Decennial Census, which employed over 850,000 

individuals to assist with enumeration and related activities (Seebold 2011). We combine internal 

Census data on Decennial Census applicants with Census survey and IRS tax records to carry out our 

analyses. To compare similar applicants who were and were not hired by the Census, we rely on scores 

from the hiring test taken by individuals at the beginning of the application process (see Appendix C 

for the example test provided to applicants). 

 Using a regression discontinuity methodology, we examine marginal applicants with test scores 

that barely did or did not exceed the minimum test score threshold of 70 generally required for 
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obtaining a Decennial Census job. This score corresponds with knowing about four of the 30 questions 

correctly on the test and randomly guessing on the remainder, with only 6 percent of applicants failing 

to meet the threshold. The analysis thus provides insight into the potential impacts of public hiring for 

individuals who may find it more difficult to find jobs elsewhere, in line with the motivations for many 

of the public hiring proposals listed above. 

 We find that receiving a Census job for these applicants with marginal test scores is associated 

with a 61-percentage-point increase in the likelihood of working for an employer that issues a W-2 in 

2010, indicating that most affected hires would not have otherwise received a W-2 from an employer 

other than the Census Bureau. The increase in the likelihood of W-2 employment persists over our 

analysis period through 2023. Applicants with marginal test scores who were hired for the Decennial 

Census were 28 percentage points more likely to receive a W-2 in 2023 than those who were not hired. 

These effects were concentrated among males. Conditional on working, there are no statistically 

significant changes in W-2 wages after 2010, suggesting that the jobs individuals held after working for 

the Census were comparable to those that were held by those who were not hired by the Census. On 

net, a higher likelihood of working and similar wage rates translates to nearly $6,000 in higher W-2 

wages per year after 2010. Over 20 years, this would translate to over $8,600 in additional discounted 

tax revenue, assuming a 10 percent tax rate and a 3 percent discount rate. This represents about $6,300 

more than, or nearly four times as much as, the $2,300 that Census paid its workers with low test scores 

on average. 

 Do these results hold for applicants with higher test scores who have higher baseline levels of 

work? To examine the impacts of Census hiring more broadly, we compare applicants with the same 

scores who were available for the same job opening (in terms of the position, location, days, hours, and 

transportation required) but were randomly more or less likely to receive one of the jobs in that 

opening. Census hiring policy is to create a selection sheet that ranks eligible applicants for each set of 
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job openings based on their test score and veteran status. Applicants with the same test score and 

veteran status are randomly ranked. Interviews are then supposed to occur sequentially from top to 

bottom on the selection sheet. Focusing on non-veterans with the lowest test score given a job offer on 

a selection sheet, individuals closer to the top of the selection sheet are thus randomly more likely to 

receive a Census job than those closer to the bottom.  

 Using this variation, we find across the test score distribution as a whole, applicants who 

receive a job are only 22 percentage points more likely to be working for a W-2 employer in 2010, and 

this effect dissipates by 2011. There are likewise no persistent effects on W-2 wages. When we stratify 

the sample by test score, we observe that the higher the score, the smaller the impact on the likelihood 

of work in 2010. 

 Taken together, these results suggest that a temporary government job can help workers stay 

attached to the labor market, with larger and more persistent effects for those most on the margin of 

receiving that job. Hiring individuals with lower test scores can thus have outsized benefits for workers 

and taxpayers. However, we also find evidence of outsized costs for this population. Low-scoring 

Census workers were more than twice as likely to be terminated for misconduct or unsatisfactory 

performance compared to higher-scoring Census workers. Whether or not the costs of early termination 

and associated management time, replacement workers, and reduced work quality exceed the $6,300 in 

additional benefits of hiring workers with lower test scores is not observable in the data we have on 

hand.   

 Policy makers considering large-scale public hiring policies may need to assess these trade-offs 

when considering whether to hire and whom to target for hiring. It is also not obvious from our setting 

whether the results would hold in the absence of Census hiring mostly high-scoring applicants. One 

reason for the persistent positive labor market impacts for low-scoring workers could be the signal of 

passing a background check and carrying out a job that requires high levels of trust and is usually 
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completed by individuals with higher skill levels. Indeed, we find the labor market trajectories of 

Census hires who worked for less than 40 total hours to be comparable to those who worked for more 

than 40 hours. Labor market trajectories were also comparable among those who were and were not 

dismissed for misconduct or unsatisfactory performance. We cannot observe whether the impacts 

would be similar in absence of these characteristics of the Decennial Census setting. Even so, our 

results suggest that when certain policy design criteria are met, public hiring can provide key benefits 

to workers on the margin of employment. 

 Our results contribute to three primary sets of literature in the field of economics. First, we 

contribute to a literature on large-scale public hiring, which has largely focused on the developing or 

historical context. This research, examining public hiring programs largely under the NREGA and 

WPA, usually finds substantial private sector displacement (Azam 2012; Benjamin and Matthews 1992; 

Fishback 2017; Fleck 1999; Imbert and Papp 2015; Liu and Fishback 2019; Neumann et al. 2010; 

Wallis and Benjamin 1981; Zimmerman 2023). Our results are generally consistent with this finding, 

where for workers on average, we observe only a 22-percentage-point increase in the likelihood of 

working during 2010, meaning that most Census workers would have been working anyway. However, 

we show that this displacement is much smaller for those with lower test scores, who are a full 61 

percentage points more likely to be working. The existing literature largely looks at the effects of 

public hiring programs either on average or for those on the margin between public hiring jobs and 

better outside options. We demonstrate that the impacts of public hiring for individuals on the margin 

of employment, who likely have worse outside options, differ dramatically from the rest of the 

population. 

 The paper contributes to a literature on more targeted public hiring as well. A body of work 

studies programs that provide jobs to specific disadvantaged groups, such as those receiving welfare 

payments. One study finds that temporary-help job placements do not improve outcomes for low-
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skilled participants in the Temporary Assistance for Needy Families (TANF) program (Autor and 

Houseman 2010). However, another set of studies examine the Supported Work Program, which 

provided temporary jobs with graduated stress to targeted groups including those receiving Aid to 

Families with Dependent Children (AFDC, the precursor to TANF), and find that the program 

increased earnings both in the short and medium terms (Couch 1992; Hollister et al. 1984). More 

descriptive research that traces the labor market trajectories of temporary workers finds positive long-

term impacts of targeted public hiring for less-skilled workers (e.g., Andersson et al. 2009; Ferber and 

Waldfogel 1998; Lane et al. 2003; Heinrich et al. 2007). The variation in results across studies 

examining targeted public hiring suggests that differences in the types of temporary jobs provided and 

the types of individuals served by them could influence program efficacy. Our results contribute to this 

work by highlighting that males on the margin of Census hiring may particularly benefit from the type 

of work provided by Census jobs, and other groups may see less long-term benefit from this type of 

public hiring.  

Our study also contributes to a broader literature on job ladders and job scarring. Studies show 

that job loss can have lasting negative impacts across the distribution, including for lower-income 

workers (e.g., Jacobson et al. 1993; Rose and Shem-Tov 2023). We show that job gain, even if 

temporary, can have lasting positive impacts for part of the distribution, namely workers with low test 

scores. We also demonstrate that a temporary skill accessible job has no negative impact on worker 

outcomes, contrary to some existing research suggesting that underemployment can be more 

detrimental than unemployment (Farber et al. 2017; Nunley et al. 2017). Our finding here may be 

influenced by the timing of 2010 Decennial Census hiring, which occurred during and in the immediate 

aftermath of the Great Recession when unemployment rates were high. Suggestive research finds that 

other signals, such as unemployment duration, may be more muted when the labor market is weak 

(Abraham et al. 2019). We cannot assess whether being hired for the Census would have a more 
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negative effect in a stronger labor market. Still, our results suggest that temporary public hiring can 

keep workers attached to the labor market without any longer-term negative employment effects and 

potentially positive longer-term effects when the economy is poor. 

Lastly, our paper adds to a body of work studying the decline in labor force participation, 

particularly among men. This research has hypothesized that among other factors, a drop in the demand 

for low- and middle-skill occupations may have dampened participation in the labor market for men 

(Council of Economic Advisers 2016). Our analysis supports this hypothesis, showing that access to a 

Census job can bolster rates of work, both in the short and long terms, particularly for men at the 

margin of being hired. The study demonstrates that public hiring may be an effective policy tool in 

encouraging labor force participation, at least for some groups of individuals. 

Our paper proceeds as follows. Section II describes the 2010 Decennial Census hiring process. 

Section III describes our methodologies for assessing the impacts of Census hiring, both for workers on 

the margin of employment with lower test scores and for workers on average. Section IV assesses and 

presents results for the workers with lower test scores, and Section V assesses and presents results for 

workers on average. Section VI discusses the results and concludes. 

 

II. Decennial Census Hiring Process 

The Decennial Census is a mandatory, nationwide count of the U.S. population conducted every 

10 years by the Census Bureau. The data collected in the Decennial Census determine congressional 

representation and aid in the allocation of federal funds and in other aspects of public policy. In order to 

successfully complete 2010 Decennial Census operations, the Census Bureau recruited 3.9 million 

applicants for over 850,000 temporary positions between June 2008 and May 2010 (Seebold 2011). 

These positions included enumerators, office clerks, crew leaders, supervisors, recruiting assistants, and 
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related roles. Peak hiring occurred in 2010 for the non-response follow-up operation, but many 

individuals were also hired in 2009 for address canvassing. 

Appendix Figure A1, copied from the 2010 Decennial Applicant, Personnel, and Payroll System 

(DAPPS) Assessment Report, describes the Census hiring process as it pertains to the DAPPS data we 

use for our analysis (Seebold 2012). Additional information is available in the 2010 Census Recruiting 

and Hiring Assessment (Seebold 2011). The recruiting process began with an application, which was 

available in paper at job service centers, libraries, and community-based organizations as well as 

online. A copy of this application is provided in Appendix B. Applicants then took an employment test 

at libraries and other community organizations where applications were available. There were two 

types of tests: one for non-supervisory positions and another for supervisory and management 

positions. We focus our attention in this paper on non-supervisory positions and the associated testing. 

A copy of a sample test provided to applicants is available in Appendix C. The test was 30 minutes 

long, with testing sessions lasting about an hour including the job application and other paperwork. 

Applicants were required to achieve a converted test score of 70 to be considered for 

employment. This converted score generally corresponded with getting 10 questions correct on the test. 

Because there was no penalization for guessing and four choices per question, 10 questions correct 

would on average correspond with the applicant correctly knowing four of the 30 questions and 

randomly guessing on the remainder. Only about 6 percent of applicants failed to meet this threshold. 

Figure 1 shows the distribution of test scores in our sample. After completing the application and 

testing, applicants underwent a background name check. Those who passed were then added to 

selection sheets as deemed fit. 

Each set of job openings – job openings are defined by their position, location, days, hours, and 

transportation required – had its own selection sheet. A given selection sheet could thus correspond to 

one opening or many. A selection sheet contained up to 100 eligible applicants, that is, up to 50 new 
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applicants and 50 experienced ones who had worked for the Census in the previous year, who fit the 

requirements of the job opening. Candidates were listed in rank order by their converted test score, 

which was based solely on the employment test score and veteran status, from the highest to lowest 

score with veterans listed first for a given score. Applicants with the same test score and veteran status 

were ranked randomly. However, this random ranking could be correlated across selection sheets. For 

example, one randomization algorithm suggested by Census in its guidance to administrative staff was 

to assign each candidate a number based on the last digits of their SSN and then rank order the 

candidates based on a number 0 through 9 that varied each day. Unless the SSNs were perfectly evenly 

spaced out, this algorithm would lead to correlations over time in the ordering of individuals. Once an 

applicant was added to a selection sheet, they couldn’t be added to another selection sheet for the same 

position until that sheet had been closed. It was recommended that selection sheets be open no longer 

than three or four days (Department of Commerce 2009). Applicants hired for a job opening, declining 

a job offer three times, or failing an interview by, for example, using excessive profanity would no 

longer be a candidate for future selection sheets. There were about 2.3 million applicants that showed 

up on at least one selection sheet. Conditional on being on at least one selection sheet, applicants 

appeared on an average of nine selection sheets. 

Applicants on the selection sheet were interviewed from top to bottom, separately for new and 

experienced applicants, until the hiring manager was able to make as many offers as needed. The 

interview mostly assessed a candidate’s interest and availability in the job, with offers given to those 

who were interested, available, and qualified for the position. More offers were made than open 

positions existed due to expected attrition before individuals began working. After applicants received 

offers, they completed training, were fingerprinted and went through another background check, and 

had their employment eligibility verified. In our data, we consider hired individuals to be those for 

whom we observe hours and pay. 
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III. Data and Methodology 

 We rely on restricted DAPPS, Census, and Internal Revenue Service (IRS) data to understand 

the impact of Census hiring on worker outcomes. The DAPPS data, used in an earlier analysis of 

Census workers by Eggleston et al. (2020), contain information on who applied for a Decennial Census 

job, their test scores, certain other characteristics from their job application such as their age and 

education level, the selection sheets in which they were listed, the date the selection sheets were 

created, their position in those selection sheets, whether they received an offer for a given job opening, 

whether they were ultimately hired and paid by the Census, and how they left their position. The 

DAPPS data do not directly contain a veteran status variable that we can observe, but we can infer it 

based on the test score we observe in comparison to the raw score. We exclude veterans from our 

analyses throughout the paper due to the non-random hiring preference they receive. 

 The DAPPS datasets have various anonymized applicant and employee identifiers that allow us 

to link across datasets, as well as Protected Identification Keys (PIKs) that allow external linkage. We 

are able to merge over 99 percent of applicants to their hiring, Census, and IRS outcomes in a one-to-

one manner with these identifiers. We randomly select an individual if there are multiple observations 

for a given identifier in a dataset or label variables as missing for the handful of observations where 

identifiers are slightly different across datasets. We merge the DAPPS data with Census and IRS data to 

understand how Decennial Census hiring relates to individuals’ employment outcomes before and after 

2010. The Census data we use come from the 2000 Decennial Census and the 2010 Decennial Census 

short form. The Census data allow us to obtain demographic information about applicants. We can 

observe sex in both the 2010 and 2000 Census data, using the 2010 data where available and filling in 

with 2000 sex if 2010 is missing for an individual. For race and ethnicity, we rely only on 2010 
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information due to changes in how Census collected race and ethnicity information between the two 

years. 

 The IRS data span from 2005 to 2023 and are constructed from the Census Bureau’s Income 

History dataset originally created by Jonathan Rothbaum from a universe of 2000 and 2010 Decennial 

Census respondents (e.g., Borgschulte et al. 2025). Our primary outcomes of interest come from Form 

W-2 data reported to the IRS, focusing on wages, tips, and other compensation reported in Box 1. With 

these data, we examine whether an individual had a positive W-2, the log value of annual wages in the 

W-2 conditional on having a positive W-2, and the total W-2 wages inclusive of zero. We winsorize W-

2 earnings at $100,000, consistent with Chetty et al. (2011), affecting less than 1 percent of 

observations. We deflate the income measures to 2024 dollars using the CPI-U-RS.  

 To estimate the impact of Census hiring on our outcomes of interest, we use a regression 

discontinuity methodology around the test score of 70 which is generally required for employment by 

the Census. We estimate reduced form regressions that can be characterized by the following equation: 

(1) outcomei = γ0 + γ11{scorei ≥ 70} + γ2{scorei – 70} + γ31{scorei ≥ 70} × {scorei – 70} + ηi 

 Here, γ1 represents our parameter of interest, the impact of crossing the test score threshold of 

70. 1{scorei ≥ 70} is an indicator for whether the test score exceeds 70, and scorei is the running test 

score variable. ηi represents our error term. We calculate robust standard errors for our analysis. We 

estimate the regression with a bandwidth of 5, consistent with a data-driven MSE-optimal bandwidth 

that balances bias and variance to minimize mean squared error loss, as estimated with the “MSERD” 

common MSE-optimal bandwidth selector from Calonico et al. (2017), for the outcome of being hired 

by the Census. A bandwidth of 5 is also the minimum required to have more than two points below the 

threshold. We use a uniform kernel for ease of a conventional local linear regression discontinuity 

estimation. In specification checks, we present bias-corrected estimates with robust standard errors 
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implemented as suggested by Calonico et al. (2017), and we also explore robustness to alternate 

bandwidths. 

(2) outcomei = β0 + β1hiredi +  β2{scorei – 70} + β31{scorei ≥ 70} × {scorei – 70} + εi 

 To calculate a Local Average Treatment Effect (LATE), we estimate hiredi using Equation (1) 

and then estimate Equation (2) via two-stage least squares. This instrumental variables (IV) regression 

specification is otherwise analogous to Equation (1), and we carry out the same specification tests in 

later appendix tables. β1 represents our coefficient of interest that provides the LATE in this fuzzy 

regression discontinuity design. We are able to capture the LATE with this specification because our 

treatment is binary, our instrument is binary, there is monotonicity by design of the rank order hiring 

process, and our covariates of the running variable are correctly specified by the assumptions in our 

regression discontinuity design. Mogstad and Torgovitsky (2024) outline how each of these features of 

our data are required to obtain a LATE. We opt not to include additional covariates that could improve 

precision given the potential biases they could impose on the LATE we wish to uncover (Mogstad and 

Torgovitsky 2024). 

 Table 1 provides summary statistics and hiring likelihoods by test score to better illustrate the 

population to which this LATE applies. Applicants with test scores around 70 were about 14 percentage 

points less likely to work in 2005 than individuals with the highest scores, based on W-2 filings. 

Conditional on working, they earned about 70 percent as much as high-scoring individuals. When 

combining both their lower likelihoods of work and their lower earnings, we see that low-scoring 

applicants had W-2 incomes that were about 56 percent as high as their higher-scoring counterparts. 

Applicants with scores around 70 were also older by about five years, with an average age of roughly 

44. They were about 10 percentage points less likely to report being registered in the selective service, 

which is required for males ages 18 to 50, but qualitatively just as likely to be male. Most notably, they 

had about a 50-percentage-point lower likelihood of having completed an Associate or Bachelor’s 



 

12 
 

college degree. Only 20 percent of applicants with a score of 70 reported having a college degree, in 

comparison with nearly 70 percent of applicants with a score of 100. 

 We validate our regression discontinuity methodology in a handful of ways. First, we assess 

whether there is bunching around our threshold of 70. Visually, it is clear in Figure 1 and Table 1 that 

application counts are continuing to rise at this part of the test score distribution, with no obvious jump 

around 70. Appendix Figure 2 shows the results of a more formal manipulation testing procedure from 

Cattaneo et al. (2018) with a linear estimator consistent with our baseline strategy. The testing 

procedure delivers high T-statistics, suggesting manipulation. However, the direction differs between 

the conventional and robust estimators, with the conventional estimator having a T-stat of 185 and the 

robust estimator having a T-stat of -84. When one inspects Appendix Figure 2, it appears that the 

testing procedure appears to poorly fit the pattern of the data. At the bottom range of test scores, we see 

exponential growth in application counts as test scores rise, followed by more linear growth in counts 

once scores are somewhat higher. The manipulation testing may therefore be poorly suited for 

assessing bunching near our cutoff of 70. 

 In Table 2, we instead examine a more direct form of test score manipulation, namely test 

retakes. Our baseline model uses the maximum test score for each individual. It’s conceivable that 

individuals retook the test in order to get over the threshold, even though it’s unlikely they would know 

how their performance corresponded with this threshold. Column 1 of Table 2 presents the estimates 

from Equation (1) for an indicator on whether an applicant retook the test as the outcome. The estimate 

is small and negative, at -1.6 percentage points, suggesting, if anything, that individuals with maximum 

scores just above the 70 threshold were less likely to have retaken the test. The estimate is precise, with 

a 95 percent confidence interval failing to include any increase in test retaking above the threshold. 

 The next three columns in Table 2 examine whether we can detect any large differences in 

applicant characteristics that we can observe from their application information. We see that applicants 
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with test scores just higher than 70 are only slightly younger by less than half a year than applicants 

with scores just below 70, though this difference is statistically significant. Columns 3 and 4 likewise 

show that applicants above and below the 70 threshold are not different in terms of the share who have 

a college degree and the share registered in the selective service. The point estimates for both of these 

variables suggest qualitatively insignificant differences of less than 1 percentage point. On net, it 

appears as though applicants scoring just below and above 70 on the hiring test are generally 

comparable based on observable characteristics and that it is unlikely that applicants are manipulating 

their test scores to make sure they exceed a score of 70. 

 To more directly observe whether demographics change at the threshold, we use data from the 

Decennial Census. Our measure for sex includes information from both the 2000 and 2010 Censuses, 

while the race and ethnicity variables include information from only the 2010 Census. Column 5 shows 

that we observe a statistically significant 3-percentage-point decrease in the likelihood an applicant is 

male at the threshold, even though Table 1 shows the share of applicants who are male hovers just 

around 40 percent for individuals of all test scores. Columns 6 and 7 likewise find jumps in the share 

White and share Hispanic, though the magnitudes are small, at 1 to 2 percentage points. It is 

worthwhile to note that 2010 response rates for the Decennial Census variables could have been 

influenced by applicants’ experiences of being interviewed and hired for the 2010 Decennial Census. 

Indeed, in Column 8, we find that the likelihood of non-response significantly decreases at the 

threshold. We therefore interpret the results deriving from the 2010 Census here with caution. 

 The last column of Table 2 examines whether the regression discontinuity methodology 

provides a strong first stage for predicting Census hiring. Consistent with the means in Table 1, the 

point estimate in Column 9 suggests a 6-percentage-point increase in hiring when crossing the test 

score threshold of 70. The T-stat for this estimate is 80, indicating that our instrument for hiring is 

indeed very strong. Our final validation of the methodology is shown in the subsequent tables and 
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figures that describe the results associated with this method, where we show that prior to Decennial 

Census hiring that started in 2009, applicants with test scores just above and below 70 had similar 

outcomes. 

 

IV. Labor Market Impacts of Census Hiring for Marginal Applicants 

 Table 3 presents the reduced form and IV results using Equations (1) and (2) to estimate the 

impacts of Census hiring for marginal applicants. Figure 2 presents a sample of reduced form 

regression discontinuity plots for the outcome of having a positive W-2. Figure 3 presents the IV results 

for this variable and the two other W-2 variables graphically. The table and figures examine whether 

hiring had an impact on the share of applicants with positive W-2s in a given year, the log of those W-2 

wages, and the total reported W-2 income in a year. As noted above, we see that prior to 2009, 

applicants with test scores just above and below 70 had values of these outcome variables that did not 

significantly differ. 

 Starting in 2009 as hiring for canvassing began, we see that the share of applicants with positive 

W-2s jumps just above the 70 threshold. The effect peaks in 2010 when nearly all individuals hired by 

the Decennial Census had a positive W-2, showing a point estimate of about 61 percentage points in the 

IV specification. The effect of Census hiring on the share of people with a positive W-2 persists even 

after 2010 when Decennial Census hiring ended. The IV estimates suggest that marginal applicants 

hired by the Census were about 25 percentage points more likely to be working in a job that issued a 

W-2 through our last data year of 2023. These results are replicated in Appendix Table A1 when using 

an alternate bandwidth of 10 or the robust bias-corrected regression discontinuity estimator provided by 

Calonico et al. (2017). 

 Our results for log wages suggest no lasting change in how much these working individuals 

earn, however, though these estimates are somewhat imprecise. We do observe a significant dip in 2010 
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as hired individuals receive relatively small W-2s for part-year and often part-time Census work, but 

the estimates are insignificant thereafter. Still, the relatively flat wages when combined with a higher 

likelihood of working do contribute to higher total W-2 wages in the long run. In 2010, the IV estimates 

indicate that total W-2s were an insignificant roughly $3,000 higher for hired applicants. This number 

grows over time to an average increase of nearly $6,000 between 2011 and 2023. Over 20 years, 

assuming a tax rate of 10 percent, a discount rate of 3 percent, and an average annual increase of 

$5,855, each marginal hire would contribute an additional $8,600 in taxes, well exceeding the $2,300 

received in payment for their work on the Decennial Census.  

 Figure 4 explores heterogeneity in applicant characteristics for the impacts of Census hiring. It 

presents the IV results for having a W-2 job by age and education, two key characteristics available in 

the application. The first panel by age shows that individuals above age 50 had more persistent elevated 

W-2 receipt levels following being hired by the Census, though their baseline levels were also 

somewhat higher. Those under 50 had more variable impacts. The effect of Census hiring was positive 

but diminishing through the late 2010s, after which the effect started to rise. By the end of our sample 

in 2023, both age groups saw about a 20-percentage-point increase in their likelihood of receiving a W-

2. The last two panels examine heterogeneity by education. Because there are relatively few individuals 

with any college degree with low test scores, the estimates for that group are noisier. Comparing just 

the point estimates, we see that the estimates are slightly larger for those with no college degree, 

though our standard errors cannot distinguish between the two. Appendix Table A2 provides the 

underlying estimates for the figure. 

 Figure 5 and Appendix Table A3 show heterogeneity by demographic variables derived from the 

Decennial Census. Panels A and B show considerable heterogeneity by sex, with males accounting for 

nearly the entire observed impact. Both White and non-White applicants saw increases in their 

likelihood of having a positive W-2. The long-term impact on the likelihood of W-2 work for Hispanic 
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individuals was smaller in magnitude and statistically indistinguishable from zero, though the estimates 

are more imprecise. The results for non-Hispanic individuals show persistent increases in the likelihood 

of W-2 employment. 

 Appendix Table A4 examines heterogeneity by potential policy-relevant geographic 

characteristics. The first two columns explore whether effects differed for states that did and did not 

exempt Census income from Medicaid eligibility. Thirty-four states excluded Census income, and 17 

states did not exclude Census income. In theory, there could be both positive and negative effects of 

this inclusion on work outcomes. If staying enrolled in Medicaid allowed individuals to receive the care 

they needed to be productive citizens, then the exemption could lead to larger or more persistent labor 

market impacts. Conversely, losing access to Medicaid could incentivize individuals to seek 

employment that could provide healthcare coverage. The patterns we observe in Columns 1 and 2 are 

indistinguishable across both groups of states, suggesting that the impacts of Medicaid eligibility were 

either small or counteracting. Columns 3 and 4 carry out an analogous exercise looking at states that 

excluded the income of temporary Census employees from eligibility for the Supplemental Nutrition 

Assistance Program (SNAP). Thirty-eight states excluded Census income from SNAP eligibility, with 

theoretical effects similar to those outlined for Medicaid. As with Medicaid eligibility, we observe 

limited heterogeneity based on SNAP eligibility. 

 The final two columns of Appendix Table A4 explore whether results differ based on local labor 

market conditions. Column 5 restricts the sample to the 24 states that experienced high levels of 

unemployment above 9 percent in 2010, while Column 6 examines the remaining states with lower 

unemployment rates. Overall, the results look parallel across these groups of states. 
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V. Labor Market Impacts of Census Hiring for Other Applicants 

 We next seek to understand whether our results for applicants at the margin who have low test 

scores translate to applicants more generally who may have higher test scores. To do this, we 

implement a second methodology that compares applicants who are similar based on observables. More 

specifically, we compare applicants with the same scores who were available for the same job opening. 

 We limit our sample to observations where we can use the randomized selection sheet ordering 

to compare individuals who were more or less likely to be interviewed and thus hired for the job. To do 

this, we leave out a small number of observations (4 percent) that have selection sheets with fewer than 

five individuals where the sequential hiring is less obvious, as this occurs only after the third 

individual. Importantly, we restrict our sample to applicants with scores equal to the lowest test score 

that received a job offer on their selection sheets. To clearly define the lowest test score receiving an 

offer, we further restrict our sample to the vast majority (roughly 75 percent) of selection sheet 

observations where test scores either monotonically decrease or increase only once where the 

experienced hire section of the list begins. We exclude these experienced hires from our analysis. We 

also drop applicants after the first time we see them on a selection sheet due to the correlated ordering 

of individuals across selection sheets. 

 At the lowest score, we can assume that individuals randomly located lower down on the 

selection sheet were less likely to be interviewed, while those higher up were more likely to be 

interviewed. Because the last individual to receive an offer and likely complete the interviews is the 

type of applicant who the hiring manager thinks would make a good hire, we cannot directly compare 

individuals who are located higher than this individual to those who are located lower. In a finite 

sample, the group that likely received an interview is biased to the types of individuals who would 

receive an offer.   
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 We therefore calculate the total number of offers O given at the lowest test score to non-

veterans and construct an instrument that equals one if an individual is among the first O non-veteran 

applicants on the selection sheet at the lowest score and zero if an individual is at the lowest score but 

later on the selection sheet. Because individuals are randomly ranked if they have the same test score 

and veteran status, this instrument is similar in spirit to the “initial offer” instrument used in 

randomized waiting list methodologies (De Chaisemartin and Beghagel 2020). As a robustness check, 

we implement the doubly reweighted ever-offer estimator by De Chaisemartin and Beghagel (2020), 

which may be more efficient than the “initial offer” estimator but in our setting requires calculating the 

impact of an offer rather than a hire which may yield a blunter estimate. Our primary specification can 

be characterized by the following reduced form equation: 

(3)  outcomei = δ0 + δ11{initial offeri} + ψi + υi 

 Here, δ1 is our coefficient of interest, showing the impact of likely receiving an interview on our 

outcomes for non-veterans with the lowest test score the first time we observe them. 1{initial offeri} is 

an indicator for whether an individual is in the first O applicants on the selection sheet among non-

veterans with the lowest test score. ψi are selection sheet fixed effects. υi represents our error term. We 

cluster our standard errors by selection sheet. 

 To construct LATEs with this specification, we estimate the following analogous IV regression 

using two-stage least squares, where hired is predicted with Equation (3), and θ1 becomes our outcome 

of interest. As with Equation (2), we are able to uncover the LATE with this specification because our 

treatment is binary, our instrument is binary, there is monotonicity by design of the rank order hiring 

process, and our covariates of specification sheet fixed effects are rich (Mogstad and Torgovitsky 

2024). 

(4)  outcomei = θ0 + θ1hiredi + τi + νi 
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 The LATE estimated here differs from the LATE estimated with the regression discontinuity 

design at the test score of 70, which captures individuals at the very bottom of the test skill distribution. 

The modal lowest score was 97, with the vast majority of selection sheets stopping at a score of 90 or 

higher. Figure 1 shows the cumulative distribution function of applicants, hires, and selection sheet 

lowest scores. The lowest test score of offers in our sample of selection sheets roughly aligns with the 

overall distribution of hires, though there are slightly more selection sheet low scores at the bottom of 

the distribution and slightly fewer at the top, as would be expected given that individuals with scores 

higher than the lowest score would also receive offers and be hired. 

 We start by assessing the validity of our within-score methodology. The first eight columns of 

the last two rows of Table 2 present the same balance statistics we examined for the regression 

discontinuity methodology. They show that applicants randomly higher up on the selection sheet who 

would be theoretically more likely to receive offers with our “initial offer” instrument had similar test 

retaking shares, ages, college degree shares, selective service shares, male shares, White shares, 

Hispanic shares, and shares not responding to the 2010 Decennial Census. All are statistically 

insignificant, except for age, which as with the regression discontinuity estimate has a small but 

precisely estimated difference. Column 9 examines whether the “initial offer” instrument predicts 

hiring. The effect is indeed positive, suggesting that those who receive a hypothetical “initial offer” are 

about 10 percentage points more likely to be eventually hired by the Census. The result is highly 

significant, with a T-stat of around 18. 

 Figure 6 graphically presents the IV estimates of Census hiring using the “initial offer” 

instrument on our labor market outcomes of interest. Appendix Table A5 presents the reduced form and 

IV estimates underlying this figure. When examining the applicant pool as a whole, we continue to 

observe significant employment increases, measured by the share of positive W-2s, in 2009 and 2010. 

The IV estimates in Panel A of Figure 6 and in Column 2 of Appendix Table A5 suggest a peak increase 
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in positive W-2s of 22 percentage points in 2010. However, this effect size is much smaller than the 61 

points estimated in the regression discontinuity methodology. 

 It thus appears that Census hiring has a greater impact on the likelihood of W-2 employment for 

more marginal applicants with lower test scores than for applicants on the whole with higher test 

scores. This result is apparent as well in Appendix Table A6, which examines the impacts of Census 

hiring on the share of individuals with a positive W-2 when segmenting the selection sheets by those 

with scores of 70-80, 82-90, and 92-100. In Column 2, we see the IV estimates of hiring suggest an 

effect size of 46 percentage points in 2010 for those with scores of 70-80, which is larger than the effect 

size of 23 estimated for applicants with test scores of 82-90 in Column 4, which is larger than the effect 

size of 16 for the score range of 92-100 in Column 5. 

 In addition to having smaller increases in the likelihood of W-2 employment in 2010, non-

marginal applicants also do not see the same increases in employment that marginal applicants do after 

2010. Panel A of Figure 6 shows that we fail to detect a persistent positive effect on employment after 

2010 for non-marginal hires. It is also noteworthy that we fail to detect persistent effects for applicants 

with scores in the 70-80 test score range in Columns 1 and 2 of Appendix Table A6. Although the point 

estimates suggest a somewhat noisily estimated 15- to 20-percentage-point increase in W-2 

employment in the early 2010s for low scoring hires, the effect drops to pre-2010 trends fairly quickly. 

Test scores of 80 represent the 30th percentile of applicants, while those with scores of 70 fall in the 

bottom 9 percent of applicants, as shown in Figure 1. The 70-80 results and regression discontinuity 

results thus apply to somewhat distinct populations, and it seems as though the persistent employment 

effects we uncover for marginal hires hold long term only among those with the lowest test scores. 

 Our null result means that we fail to detect a persistent negative effect as well. Theoretically, 

there could also be a negative effect of Census hiring on future employment for non-marginal 

applicants due to the scarring effects of underemployment found in other settings (Farber et al. 2017; 
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Nunley et al. 2017). Our estimates are sufficiently precise to rule out large declines greater than 10 

percentage points in W-2 employment following Census hiring. We observe a similar pattern in 

Columns 5 and 6 of Appendix Table A1, which provides estimates from the doubly reweighted ever-

offer estimator by De Chaisemartin and Beghagel (2020). The results are more precise, so we do 

observe statistically significant declines in W-2 employment after 2010, but the estimates are small and 

qualitatively similar to trends before 2010. Moreover, when we restrict our analysis to those with the 

highest scores in Appendix Table A6, we also do not observe a statistically significant decline in W-2 

employment likelihoods after 2010, although the estimates are less precise. As a whole, these findings 

help allay concerns about the longer-term effects of underemployment at least in the setting we 

examine. 

 The remaining panels of Figure 6 and columns of Appendix Table 5 examine the impacts of 

Census hiring with our within-score method on log W-2 wages and on total W-2 wages. We find no 

significant effects on these variables for applicants in general, either in the reduced form or IV 

specifications. 

 

VI. Discussion and Conclusion 

 We find that Decennial Census hiring can help individuals stay attached to the labor market in 

the short term. In the long term, we observe limited negative repercussions for non-marginal workers 

and large persistent positive effects for those on the margin, especially males. Our results are specific to 

the Decennial Census setting, which hired during an exceptionally weak labor market, hired many 

highly skilled individuals, provided temporary employment, paid relatively well for the skill level 

required, and required individuals to go through an application process that involved testing, 

interviews, and background checks. Whether our results would apply to other public hiring policies, 
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such as those discussed in recent proposals mentioned at the beginning of this paper, may depend on 

the details of the policies and the mechanisms that drive our results. 

 Although we cannot disentangle which aspects of Census hiring are most relevant for our 

results, we can shed some light on the mechanisms that drive the persistent employment results for 

workers on the margin of employment. There are two key candidate mechanisms we consider. First it 

could be the training and work experience provided by Census that enable marginal hires to increase 

their job finding after leaving Census. Second, it could be the signal of passing a background check and 

carrying out a job that requires high levels of trust and is usually completed by individuals with higher 

skill levels. We cannot formally disentangle these two factors with the data we have available, but we 

can make hypotheses based on the work trajectories of different types of marginal Census hires. 

 Figure 7 shows the likelihood of having a positive W-2 in a given year for Census hires with 

scores of 70-75. The solid navy line traces out the likelihood of W-2 employment for marginal Census 

hires who were terminated for misconduct and unsatisfactory performance, and the dotted line shows 

the likelihood of employment for workers who were not terminated for those issues. The solid gold line 

represents marginal hires who worked for fewer than 40 hours total, including training, and the dotted 

line represents those who worked for 40 hours or more. All four lines are basically equivalent, 

suggesting that the trajectories for the likelihood of W-2 employment were qualitatively similar for all 

types of marginal Census hires. 

 If training and experience were driving the effects we observe, we might have expected to see 

lower employment likelihoods in later years for individuals terminated for misconduct or unsatisfactory 

performance or for individuals working fewer than 40 hours. It thus appears as though the signal of 

Census employment could be driving the long-term effects we observe for marginal applicants. 

However, it is difficult to know the counterfactual for the different types of applicants. We do not know 

whether the treatment effects of Census hiring differ for different types of applicants. For example, 15 
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hours of work could be uniquely useful for the type of Census hire who only worked for 15 hours total. 

There could also be other mechanisms driving the result, such as Census hiring boosting workers’ self-

confidence or increasing their attachment to the labor market through some other way. We therefore 

consider this analysis only suggestive. 

 Our analysis thus far has only considered the labor market effects of Census hiring, but there are 

other costs and benefits associated with hiring, particularly those related to job performance. Figure 8 

shows the share of hires by test score who were terminated for misconduct or unsatisfactory 

performance. The figure shows that more than 1 in 10 hires with test scores below 75 were terminated 

for these reasons. Meanwhile roughly 1 in 20 hires with test scores above 95 were terminated for 

misconduct or unsatisfactory performance. The lowest-scoring hires were more than twice as likely to 

be terminated for these reasons. Low-scoring hires may therefore have greater costs associated with 

hiring replacement workers, and they also may require more supervision and have lower work quality, 

which could impose additional costs. 

 Our results highlight key trade-offs in worker targeting faced by policymakers considering 

large-scale public hiring policies. The workers closest to the margin of employment may experience the 

largest benefits from such policies, but they also may impose the largest costs. The gains experienced 

by workers at the margin of employment may also depend on the presence of more highly skilled 

workers. Additional research is needed to understand the costs and benefits of public hiring policies and 

how they can be optimally designed. Still, our research highlights that when certain criteria are met, 

public hiring can provide important long-term benefits to workers on the margin of employment while 

having no longer-term repercussions for non-marginal workers. 

The results show that there are key benefits to large-scale direct public hiring a policymaker 

might consider that a private employer may not. The government can select types of workers who may 

see unique benefits to being hired whom the private sector may not choose. The results from this study 
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suggest that direct public hiring may thus have certain advantages over indirect public policies to 

promote hiring, such as wage subsidies or other tax incentives, which are often found to provide limited 

benefit (see Neumark 2018 for a review). The paper also might support alternative public policies that 

encourage employers to hire more risky employees they may not otherwise hire, as the results show 

how marginal hires can see lasting benefits from such hiring, even if the job is temporary. 

 The findings from our study may have broader implications outside the policy context as well. 

First, we show that hiring workers on the margin of employment can have lasting long-term labor 

market effects on those workers. This result could influence how private employers seeking a stronger 

labor market recruit workers, provide apprenticeships, hire interns, and invest in those marginally 

attached to the labor market. Second, we show that Census hiring has limited long-term negative 

effects for non-marginal workers. This result could influence how advisers guide individuals when they 

are unemployed or need to temporarily pull back from their careers.  

Overall, we show that a temporary Census-type government job can provide benefits for a wide 

range of workers in the short term and in the longer term, especially for males with lower skill levels on 

the margin of employment. Future research can help shed light on how economic context, demographic 

characteristics, and policy design influence the efficacy of large-scale public hiring. 
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Test Score Count Share Hired
Share Test 

Retake

Share 
Positive 2005 

W-2
Average 2005 

W-2 Value

Average Non-
Zero 2005 W-2 

Value Average Age

Share with 
College 
Degree

Share in 
Selective 
Service Share Male Share White

Share 
Hispanic

Share 
Missing Race 

in 2010
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

55 2,400 0 0.01424 0.5396 13,150 24,380 56.21 0.1528 0.1127 0.4189 0.5028 0.3249 0.1877
57 3,800 0 0.01363 0.5497 12,820 23,320 51.72 0.1337 0.1365 0.3848 0.4326 0.3599 0.2178
58 6,900 - 0.02280 0.5692 13,130 23,060 49.17 0.1269 0.1725 0.3851 0.3957 0.3302 0.2222
60 12,000 - 0.03001 0.5764 13,160 22,830 47.68 0.1259 0.1814 0.3740 0.3764 0.3180 0.2227
62 19,500 0.001075 0.03715 0.5826 13,330 22,870 46.95 0.1313 0.1999 0.3843 0.3726 0.2838 0.2337
63 29,500 0.001086 0.05004 0.5851 13,540 23,140 46.30 0.1402 0.2116 0.3867 0.3665 0.2721 0.2364
65 41,000 0.0009040 0.06543 0.5916 13,850 23,420 45.62 0.1464 0.2183 0.3906 0.3661 0.2574 0.2341
67 53,000 0.001733 0.07922 0.5959 14,110 23,680 45.35 0.1610 0.2277 0.3976 0.3768 0.2510 0.2322
68 62,500 0.002055 0.09035 0.6005 14,480 24,110 45.00 0.1767 0.2326 0.4006 0.3884 0.2379 0.2290
70 90,500 0.06357 0.08911 0.6068 14,650 24,150 44.04 0.1957 0.2431 0.3787 0.3815 0.2383 0.2193
72 99,000 0.06701 0.08960 0.6147 15,320 24,920 43.78 0.2179 0.2453 0.3796 0.4008 0.2284 0.2144
73 111,000 0.07392 0.09033 0.6230 15,850 25,450 43.22 0.2334 0.2542 0.3812 0.4144 0.2215 0.2093
75 120,000 0.07967 0.08711 0.6281 16,160 25,730 42.87 0.2517 0.2601 0.3832 0.4308 0.2138 0.2026
77 132,000 0.08892 0.08576 0.6334 16,690 26,350 42.41 0.2647 0.2652 0.3834 0.4525 0.2082 0.1974
78 141,000 0.09691 0.08637 0.6407 17,170 26,790 42.05 0.2806 0.2700 0.3861 0.4689 0.2007 0.1907
80 153,000 0.1103 0.08395 0.6451 17,650 27,360 41.78 0.2968 0.2728 0.3834 0.4896 0.1955 0.1857
82 161,000 0.1219 0.08389 0.6538 18,120 27,720 41.45 0.3090 0.2796 0.3869 0.5107 0.1881 0.1799
83 175,000 0.1353 0.08423 0.6577 18,700 28,430 41.20 0.3264 0.2843 0.3903 0.5356 0.1796 0.1716
85 182,000 0.1534 0.08320 0.6662 19,150 28,740 40.99 0.3423 0.2886 0.3908 0.5607 0.1722 0.1650
87 199,000 0.1713 0.08374 0.6748 19,740 29,250 40.80 0.3628 0.2939 0.3951 0.5900 0.1628 0.1585
88 213,000 0.1917 0.08364 0.6818 20,330 29,820 40.58 0.3835 0.3030 0.4025 0.6202 0.1530 0.1510
90 232,000 0.2181 0.08347 0.6894 20,950 30,390 40.35 0.4093 0.3066 0.4041 0.6508 0.1442 0.1432
92 249,000 0.2467 0.08024 0.7002 21,830 31,180 40.15 0.4397 0.3140 0.4079 0.6840 0.1322 0.1324
93 268,000 0.2855 0.07719 0.7085 22,690 32,020 39.94 0.4800 0.3224 0.4129 0.7165 0.1177 0.1237
95 279,000 0.3292 0.07409 0.7196 23,480 32,630 39.68 0.5237 0.3297 0.4166 0.7469 0.1060 0.1147
97 270,000 0.3825 0.07000 0.7309 24,470 33,480 39.46 0.5770 0.3354 0.4175 0.7796 0.08952 0.1070
98 220,000 0.4356 0.06600 0.7438 25,460 34,230 39.19 0.6376 0.3410 0.4195 0.8106 0.07505 0.09670

100 123,000 0.4950 0.08148 0.7511 26,020 34,640 38.85 0.6928 0.3438 0.4146 0.8278 0.06269 0.08869

Table 1 -
Summary Statistics by Test Score

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 records and 2010 Decennial Census. 
Note: Table excludes veterans and applicants with missing scores for non-supervisory positions.
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Share 
Retake Age

Share with 
College 
Degree

Share in 
Selective 
Service Share Male Share White

Share 
Hispanic

Share 
Missing Race 

in 2010 Share Hired
(1) (2) (3) (4) (5) (6) (7) (8) (9)

RD 70 Estimate -0.01568 -0.4358 0.001888 -0.0005725 -0.02901 -0.01947 0.01014 -0.006354 0.05974
RD 70 Standard Error (0.002091) (0.1234) (0.00305) (0.003284) (0.003717) (0.004206) (0.003717) (0.003195) (0.0007479)
Within Score Estimate -0.0006058 0.2508 0.004713 -0.00131 0.00207 0.0009248 -0.003327 -0.002341 0.1054
Within Score Standard Error (0.003062) (0.159) (0.005729) (0.005282) (0.005386) (0.004526) (0.003285) (0.003313) (0.005944)

Table 2 -
Balance Tests

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2010 Decennial Census. 
Note: The RD 70 regression is estimated using a local linear regression with a bandwidth of 5 and a uniform kernel. Robust standard errors are provided. There 
are approximately 589000 observations in the RD 70 regressions, with fewer in the college degree, selective service, and 2010 decennial outcomes due to 
missing variables. The within score regression is estimated for individuals with the lowest score on a selection sheet using an “initial offer” instrument and 
selection sheet fixed effects. Standard errors clustered on selection sheet are provided. All regressions exclude veterans.
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Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables

Log W-2 
Reduced 

Form

Log W-2 
Instrumental 

Variables

Total W-2 
Reduced 

Form

Total W-2 
Instrumental 

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

2005 0.001604 0.02712 0.00321 0.05312 -85.52 -1426
(0.003727) (0.06238) (0.01508) (0.2475) (159.9) (2676)

2006 0.005561 0.09321 0.01095 0.1816 76.07 1271
(0.003688) (0.06175) (0.01471) (0.2456) (157.0) (2628)

2007 0.001473 0.02465 0.002422 0.04006 -59.04 -996.2
(0.003613) (0.06049) (0.01427) (0.2437) (152.2) (2547)

2008 0.004482 0.07518 0.006175 0.1062 77.01 1296
(0.003632) (0.06080) (0.01474) (0.254) (139.1) (2328)

2009 0.011 0.1845 0.009926 0.1626 127.4 2151
(0.003753) (0.06286) (0.01616) (0.2630) (120.1) (2011)

2010 0.03661 0.6138 -0.03464 -0.3740 193.2 3253
(0.003748) (0.06265) (0.01588) (0.1712) (115.4) (1932)

2011 0.01399 0.2348 0.01589 0.2794 217.8 3657
(0.003763) (0.06308) (0.01568) (0.2766) (124.0) (2076)

2012 0.01673 0.2806 0.01396 0.2444 278.9 4679
(0.003767) (0.06318) (0.01541) (0.2709) (129.7) (2172)

2013 0.0157 0.2631 -0.003592 -0.06588 260.8 4369
(0.003776) (0.06332) (0.01516) (0.2700) (133.2) (2232)

2014 0.01542 0.2585 0.01342 0.2418 383.7 6432
(0.003777) (0.06334) (0.01486) (0.2684) (138.2) (2316)

2015 0.01498 0.2511 -0.006636 -0.1213 368.4 6179
(0.003780) (0.06339) (0.01452) (0.2640) (145.6) (2439)

2016 0.01510 0.2527 0.02000 0.3640 403.3 6761
(0.003782) (0.06341) (0.01465) (0.2660) (149.3) (2501)

2017 0.01144 0.1916 0.005757 0.1069 219.8 3694
(0.003788) (0.06348) (0.01463) (0.2702) (154.0) (2579)

2018 0.01119 0.1875 0.01666 0.3071 297.5 4995
(0.003791) (0.06354) (0.01461) (0.2691) (158.9) (2661)

2019 0.01266 0.2118 0.01346 0.2514 419.9 7037
(0.003797) (0.06364) (0.01449) (0.2692) (163.7) (2743)

2020 0.01432 0.2396 0.006198 0.1139 399.7 6688
(0.003801) (0.06372) (0.01553) (0.2880) (163.1) (2732)

2021 0.01428 0.2390 0.01690 0.3213 476.8 7981
(0.003796) (0.06366) (0.0161) (0.3073) (168.2) (2818)

2022 0.01452 0.2438 -0.003647 -0.07671 455.9 7638
(0.003797) (0.06369) (0.01542) (0.2957) (172.5) (2891)

2023 0.01648 0.2762 -0.01384 -0.2650 358.8 6007
(0.003790) (0.06359) (0.01551) (0.2938) (176.3) (2953)

Table 3 -
Labor Market Impacts of Census Hiring using RD 70 Method

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 records. 
Note: Regressions are estimated using a local linear regression with a bandwidth of 5 and a uniform kernel. 
Robust standard errors are provided.
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Appendix A. Additional Figures and Tables 
 

Figure A1. Employee Lifecycle Chart from Seebold (2012) 
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Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables

Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables
Positive W-2 

ITT
Positive W-2 

LATE

(1) (2) (3) (4) (5) (6)
2005 0.0006872 0.01195 0.002847 0.05029 -0.01174 -0.01976

(0.006630) (0.1110) (0.002426) (0.04274) (0.003744) (0.006298)
2006 0.007579 0.1269 0.004908 0.08665 -0.008545 -0.01438

(0.006565) (0.1099) (0.002402) (0.04231) (0.003665) (0.006166)
2007 0.003244 0.05444 0.002039 0.03600 -0.01674 -0.02817

(0.006441) (0.1078) (0.002353) (0.04145) (0.003572) (0.006005)
2008 0.008618 0.1444 0.003114 0.05494 -0.01783 -0.03000

(0.006472) (0.1083) (0.002366) (0.04168) (0.003628) (0.006103)
2009 0.01309 0.2191 0.01104 0.1947 0.01644 0.02766

(0.006680) (0.1119) (0.002442) (0.04307) (0.00376) (0.006329)
2010 0.04152 0.6945 0.03233 0.5704 0.05384 0.09061

(0.006679) (0.1117) (0.002437) (0.04283) (0.002837) (0.004739)
2011 0.0182 0.3047 0.01007 0.1778 -0.01166 -0.01962

(0.006698) (0.1122) (0.002450) (0.04320) (0.003711) (0.006242)
2012 0.02074 0.3472 0.01427 0.2520 -0.01111 -0.01869

(0.006705) (0.1123) (0.002451) (0.04328) (0.003738) (0.006288)
2013 0.01654 0.2763 0.01649 0.2905 -0.008286 -0.01394

(0.006720) (0.1126) (0.002457) (0.04341) (0.003586) (0.006033)
2014 0.01778 0.2972 0.01562 0.2757 -0.006774 -0.01140

(0.006722) (0.1126) (0.002457) (0.04341) (0.003663) (0.006163)
2015 0.01761 0.2945 0.01471 0.2594 -0.009899 -0.01666

(0.006727) (0.1127) (0.002459) (0.04344) (0.003725) (0.006268)
2016 0.01608 0.2681 0.01594 0.2809 -0.01080 -0.01818

(0.006728) (0.1127) (0.002461) (0.04347) (0.003672) (0.006178)
2017 0.01428 0.2385 0.01259 0.2218 -0.01443 -0.02429

(0.006738) (0.1129) (0.002465) (0.04351) (0.003775) (0.006349)
2018 0.01448 0.2418 0.01118 0.1971 -0.01335 -0.02247

(0.006742) (0.1129) (0.002467) (0.04353) (0.003861) (0.006494)
2019 0.01811 0.3023 0.01153 0.2029 -0.009987 -0.01681

(0.006749) (0.1131) (0.002470) (0.04359) (0.003915) (0.006584)
2020 0.02155 0.3600 0.01312 0.2311 -0.01469 -0.02473

(0.006750) (0.1131) (0.002472) (0.04365) (0.003925) (0.006605)
2021 0.02050 0.3424 0.01214 0.2138 -0.01327 -0.02233

(0.006738) (0.1129) (0.002470) (0.04360) (0.004058) (0.006826)
2022 0.01840 0.3082 0.01314 0.2318 -0.01104 -0.01858

(0.006740) (0.1129) (0.002470) (0.04362) (0.004016) (0.006757)
2023 0.01958 0.3275 0.01434 0.2527 -0.01362 -0.02291

(0.006726) (0.1127) (0.002466) (0.04356) (0.004012) (0.00675)

Table A1 -
Labor Market Impacts of Census Hiring Robustness Checks

RD 70 Robust RD RD 70 Bandwidth of 10 Within Score DREO

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 
records. 
Note: RD regressions are estimated using a local linear regression and a uniform kernel. Within score 
regressions are estimated for individuals with the lowest score on a selection sheet. All regressions 
exclude veterans.
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Age <50 Age 50+ No College College
(1) (2) (3) (4)

2005 -0.04541 0.1031 0.0007307 0.05573
(0.1069) (0.07047) (0.07960) (0.1322)

2006 -0.02150 0.1909 0.06869 0.08345
(0.1051) (0.07079) (0.07857) (0.1319)

2007 -0.07491 0.09555 0.01965 -0.01588
(0.1012) (0.07073) (0.07696) (0.1296)

2008 -0.08009 0.1840 0.03086 0.07282
(0.1008) (0.07170) (0.07730) (0.1302)

2009 0.08048 0.2442 0.1495 0.06865
(0.1047) (0.07314) (0.08008) (0.1328)

2010 0.5315 0.6468 0.6207 0.4789
(0.1032) (0.07266) (0.07975) (0.1327)

2011 0.2880 0.1414 0.2629 0.08612
(0.1032) (0.07287) (0.08025) (0.1337)

2012 0.2591 0.2430 0.2911 0.1313
(0.1027) (0.07265) (0.08030) (0.1339)

2013 0.1412 0.2979 0.2785 0.0943
(0.1025) (0.07209) (0.08047) (0.1340)

2014 0.1782 0.2531 0.2914 0.01716
(0.1017) (0.07147) (0.08048) (0.1340)

2015 0.1182 0.2834 0.2562 0.04908
(0.1010) (0.07079) (0.08047) (0.1340)

2016 0.1509 0.2543 0.2356 0.2332
(0.1005) (0.07020) (0.08046) (0.1342)

2017 0.02715 0.2393 0.1460 0.1274
(0.1005) (0.06917) (0.08056) (0.1338)

2018 0.005582 0.2460 0.1465 0.1304
(0.1005) (0.06843) (0.08065) (0.1337)

2019 0.05812 0.2420 0.2200 0.1174
(0.1009) (0.06717) (0.08090) (0.1333)

2020 0.03864 0.3057 0.2075 0.1735
(0.1028) (0.0653) (0.08114) (0.1327)

2021 0.08728 0.2582 0.1981 0.1741
(0.1037) (0.06268) (0.08119) (0.1314)

2022 0.1299 0.2275 0.2384 0.2159
(0.1030) (0.06189) (0.08123) (0.1316)

2023 0.2375 0.1945 0.2812 0.1395
(0.1039) (0.05984) (0.08124) (0.1305)

Table A2 -
Heterogeneity in Positive W-2 Impacts by Applicant Characteristic

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked 
to 2005-2023 Form W-2 records.
Note: Regressions are estimated using a local linear regression with a 
bandwidth of 5 and a uniform kernel. Robust standard errors are provided.
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Male Female White Not White Hispanic Not Hispanic
(1) (2) (3) (4) (5) (6)

2005 -0.1352 0.1126 -0.09620 -0.04797 -0.1806 -0.02004
(0.1203) (0.07258) (0.08416) (0.09215) (0.1229) (0.0733)

2006 -0.01763 0.1556 -0.06755 0.07689 0.01243 0.02851
(0.1188) (0.07192) (0.08376) (0.09043) (0.1209) (0.07250)

2007 -0.002503 0.04468 -0.07944 -0.01609 0.06079 -0.05721
(0.1164) (0.07044) (0.08347) (0.08875) (0.1185) (0.07185)

2008 0.1112 0.06481 -0.01449 -0.01301 -0.06825 0.02625
(0.1172) (0.07073) (0.08379) (0.08933) (0.1176) (0.07252)

2009 0.3074 0.1240 0.1149 0.1175 -0.1144 0.2086
(0.1219) (0.07288) (0.08585) (0.09366) (0.1215) (0.07536)

2010 0.7632 0.5471 0.5739 0.5800 0.4138 0.6467
(0.1216) (0.07261) (0.0855) (0.09325) (0.1194) (0.07524)

2011 0.5367 0.09605 0.1677 0.2072 0.1622 0.2157
(0.1226) (0.07312) (0.08621) (0.09363) (0.1202) (0.07574)

2012 0.6007 0.1302 0.1950 0.2730 0.1461 0.2893
(0.1230) (0.07318) (0.08632) (0.09372) (0.1207) (0.07592)

2013 0.6812 0.06349 0.2347 0.1769 0.08660 0.2739
(0.1236) (0.07332) (0.08632) (0.09382) (0.1213) (0.07607)

2014 0.5669 0.1093 0.2337 0.1285 0.005433 0.2688
(0.1234) (0.07333) (0.08621) (0.09376) (0.1215) (0.07613)

2015 0.6276 0.06576 0.2431 0.1733 0.07388 0.2889
(0.1238) (0.07334) (0.08614) (0.09391) (0.1219) (0.07621)

2016 0.6680 0.04397 0.2458 0.1963 0.06462 0.3133
(0.1240) (0.07332) (0.08596) (0.09390) (0.1221) (0.07628)

2017 0.5738 -0.003796 0.2251 0.1261 0.06206 0.2549
(0.1239) (0.07344) (0.08565) (0.09425) (0.1228) (0.07629)

2018 0.6069 -0.02803 0.2869 0.1384 0.1298 0.2820
(0.1241) (0.07350) (0.08548) (0.0945) (0.1234) (0.07635)

2019 0.6845 -0.03206 0.2647 0.2067 0.09218 0.3310
(0.1244) (0.07363) (0.08506) (0.09501) (0.1240) (0.07641)

2020 0.7304 -0.01531 0.2699 0.1945 0.1490 0.3039
(0.1244) (0.07381) (0.08425) (0.09575) (0.1252) (0.07621)

2021 0.7500 -0.02231 0.2421 0.2496 -0.00497 0.3769
(0.1242) (0.07381) (0.08335) (0.09626) (0.1257) (0.07600)

2022 0.8088 -0.04809 0.2905 0.2221 0.1082 0.3519
(0.1244) (0.07382) (0.08329) (0.09617) (0.1258) (0.07599)

2023 0.8147 -0.005049 0.2780 0.2249 0.1144 0.3424
(0.1239) (0.07377) (0.08251) (0.09635) (0.1261) (0.07569)

Table A3 -
Heterogeneity in Positive W-2 Impacts by Census Demographic

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 
records and 2010 Decennial Census.
Note: Regressions are estimated using a local linear regression with a bandwidth of 5 and a uniform 
kernel. Robust standard errors are provided.
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Medicaid 
Unaffected

Medicaid 
Affected

SNAP 
Unaffected

SNAP 
Affected High UR Low UR

(1) (2) (3) (4) (5) (6)
2005 -0.003291 0.03289 0.002356 0.06448 -0.07368 0.1379

(0.07484) (0.1101) (0.06907) (0.1418) (0.09190) (0.08316)
2006 0.03881 0.1400 0.1073 -0.02672 0.007554 0.1870

(0.07374) (0.1096) (0.06818) (0.1416) (0.09057) (0.08276)
2007 0.05721 -0.05882 0.02303 0.008597 0.002536 0.04562

(0.07286) (0.1069) (0.06730) (0.1373) (0.08965) (0.08028)
2008 0.004872 0.1728 0.03507 0.2075 0.006269 0.1489

(0.07328) (0.1074) (0.06763) (0.1382) (0.09046) (0.08029)
2009 0.2106 0.1262 0.1811 0.1769 0.09199 0.2849

(0.07651) (0.1096) (0.07011) (0.1413) (0.09389) (0.08252)
2010 0.6140 0.6012 0.5984 0.6533 0.5752 0.6550

(0.07625) (0.1092) (0.06989) (0.1407) (0.09358) (0.08221)
2011 0.2224 0.2482 0.2382 0.2042 0.1278 0.3512

(0.07684) (0.1099) (0.07043) (0.1415) (0.09397) (0.08319)
2012 0.2841 0.2706 0.2508 0.3799 0.2100 0.3567

(0.07709) (0.1098) (0.07052) (0.1419) (0.09411) (0.08330)
2013 0.2752 0.2399 0.2468 0.3105 0.2128 0.3167

(0.07732) (0.1100) (0.07073) (0.1419) (0.09433) (0.08344)
2014 0.3042 0.1791 0.2553 0.2574 0.1405 0.3868

(0.0774) (0.1099) (0.07079) (0.1417) (0.09432) (0.08359)
2015 0.2774 0.2054 0.2813 0.1186 0.2067 0.2984

(0.07745) (0.1100) (0.07088) (0.1416) (0.09439) (0.08359)
2016 0.2885 0.1953 0.2530 0.2384 0.1862 0.3245

(0.07753) (0.1099) (0.07088) (0.1418) (0.09442) (0.08364)
2017 0.2360 0.1221 0.1972 0.1591 0.1293 0.2579

(0.07763) (0.1100) (0.07099) (0.1418) (0.09454) (0.0837)
2018 0.2334 0.1171 0.2100 0.09215 0.1527 0.2227

(0.07769) (0.1101) (0.07108) (0.1417) (0.09467) (0.08369)
2019 0.2871 0.09086 0.2407 0.09204 0.1457 0.2821

(0.07784) (0.1103) (0.07121) (0.1418) (0.09481) (0.08387)
2020 0.3375 0.08019 0.2576 0.1623 0.1707 0.3133

(0.07791) (0.1105) (0.07132) (0.1419) (0.09496) (0.08394)
2021 0.2854 0.1712 0.2606 0.1501 0.2271 0.2493

(0.07771) (0.1106) (0.07125) (0.1418) (0.09494) (0.08374)
2022 0.2959 0.1714 0.2741 0.1247 0.2702 0.2143

(0.07774) (0.1106) (0.07128) (0.1418) (0.09500) (0.08373)
2023 0.3088 0.2354 0.2866 0.2307 0.2963 0.2520

(0.07754) (0.1106) (0.07117) (0.1417) (0.09486) (0.08362)

Table A4 -
Heterogeneity in Positive W-2 Impacts by State

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 records.
Note: Regressions are estimated using a local linear regression with a bandwidth of 5 and a uniform kernel. 
Robust standard errors are provided. Medicaid states include AZ, AR, CO, FL, GA, HI, ID, IL, IA, KY, LA, 
MD, MA, MI, MT, NV, NH, NM, NC, ND, OH, OK, OR, PA, SC, SD, TN, TX, UT, VT, VA, WA, WI, and WY. 
SNAP states include AK, AZ, CA, CT, DE, DC, FL, GA, HI, ID, IL, KS, KY, LA, ME, MD, MA, MS, MO, NY, 
NC, ND, OH, OK, OR, PA, RI, SC, SD, TX, UT, VT, VA, WA, WV, WI, and WY. High UR states include AL, 
AZ, CA, CO, CT, DC, FL, GA, ID, IL, IN, KY, MI, MS, MO, NV, NJ, NC, OH, OR, RI, SC, TN, and WA.
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Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables

Log W-2 
Reduced 

Form

Log W-2 
Instrumental 

Variables

Total W-2 
Reduced 

Form

Total W-2 
Instrumental 

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

2005 -0.003117 -0.02840 0.01930 0.1716 -35.00 -382.7
(0.005007) (0.03501) (0.02232) (0.1462) (318.5) (2230)

2006 -0.001419 -0.01225 0.008134 0.0674 64.83 554.8
(0.004909) (0.03437) (0.02180) (0.1504) (315.4) (2210)

2007 -0.00668 -0.06313 0.01505 0.1449 126.3 1171
(0.004846) (0.03385) (0.02112) (0.1475) (308.8) (2166)

2008 -0.005824 -0.05260 0.003981 0.02868 -75.64 -713.3
(0.004855) (0.03387) (0.02151) (0.1481) (285.4) (1996)

2009 0.01426 0.1363 -0.01287 -0.1164 -36.14 -310.2
(0.004729) (0.03359) (0.02083) (0.1397) (249.4) (1745)

2010 0.02351 0.2221 0.01087 0.1087 276.3 2592
(0.003664) (0.02442) (0.01654) (0.1204) (236.7) (1671)

2011 -0.004519 -0.04143 0.008355 0.07821 -210.2 -1941
(0.005007) (0.03495) (0.02084) (0.1421) (262.1) (1826)

2012 -0.00207 -0.02013 -0.01913 -0.1817 -175.9 -1636
(0.004933) (0.03448) (0.01969) (0.1321) (277.5) (1934)

2013 -0.0009258 -0.007874 0.004519 0.04291 -64.95 -626.0
(0.004970) (0.03476) (0.01943) (0.1315) (289.9) (2027)

2014 0.003393 0.03295 0.01086 0.1078 66.41 618.6
(0.004982) (0.03499) (0.01949) (0.1359) (301.8) (2115)

2015 0.002408 0.02283 -0.0004546 -0.01387 -38.11 -439.6
(0.005009) (0.03515) (0.01906) (0.1320) (317.1) (2218)

2016 0.002939 0.02724 0.0005964 -0.001967 89.89 797.3
(0.005064) (0.03554) (0.01929) (0.1318) (325.2) (2280)

2017 -0.001236 -0.01153 -0.005758 -0.06621 -60.65 -631.8
(0.005094) (0.03564) (0.01981) (0.1408) (335.7) (2348)

2018 0.001586 0.01565 0.005398 0.05315 -68.71 -646.7
(0.005110) (0.03579) (0.01949) (0.1399) (344.1) (2407)

2019 0.0003877 0.003308 0.001420 0.02135 -55.11 -573.4
(0.005147) (0.03605) (0.01953) (0.1358) (352.9) (2469)

2020 -0.001637 -0.01588 -0.00895 -0.07962 -100.2 -925.1
(0.005220) (0.03653) (0.02152) (0.1452) (363.3) (2540)

2021 0.0007643 0.007119 -0.01248 -0.1167 86.62 856.8
(0.005345) (0.03744) (0.02232) (0.1544) (368.6) (2582)

2022 -0.0004125 -0.003685 0.002931 0.03091 -14.51 -79.65
(0.005324) (0.03727) (0.02179) (0.1470) (370.8) (2595)

2023 -0.003049 -0.02826 0.006489 0.05642 16.31 209.8
(0.005386) (0.03764) (0.02155) (0.1404) (375.3) (2628)

Table A5 -
Labor Market Impacts of Census Hiring using Within Score Method

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 records.
Note: Regressions are estimated for individuals with the lowest score on a selection sheet using an “initial offer” 
instrument and selection sheet fixed effects. Standard errors clustered on selection sheet are provided. All 
regressions exclude veterans.
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Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables

Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables

Positive W-2 
Reduced 

Form

Positive W-2 
Instrumental 

Variables

(1) (2) (3) (4) (5) (6)
2005 0.01436 0.1054 -0.01178 -0.07891 -0.002645 -0.02854

(0.01819) (0.08507) (0.01079) (0.05222) (0.005942) (0.05325)
2006 0.01373 0.09617 -0.007198 -0.04762 -0.001581 -0.01532

(0.01793) (0.08408) (0.01043) (0.05021) (0.005851) (0.05259)
2007 0.01815 0.1262 -0.01162 -0.07565 -0.008631 -0.1014

(0.01812) (0.08568) (0.01037) (0.0497) (0.005738) (0.0515)
2008 0.004646 0.03028 -0.02004 -0.1302 -0.00221 -0.02146

(0.01839) (0.08588) (0.0102) (0.04903) (0.005774) (0.0518)
2009 0.03327 0.2456 -0.001852 -0.01283 0.01717 0.2064

(0.01885) (0.09153) (0.01032) (0.04957) (0.005479) (0.05085)
2010 0.06419 0.4621 0.03408 0.2250 0.01319 0.1569

(0.01651) (0.07208) (0.008084) (0.03651) (0.004092) (0.03543)
2011 0.02555 0.1830 -0.01139 -0.07655 -0.007008 -0.07891

(0.01848) (0.08902) (0.01046) (0.05013) (0.005997) (0.0537)
2012 0.01955 0.1426 -0.009897 -0.06624 -0.002891 -0.03467

(0.01884) (0.08968) (0.01024) (0.0492) (0.005894) (0.05287)
2013 0.01669 0.1244 -0.008387 -0.05713 -0.0008748 -0.008081

(0.01897) (0.08985) (0.01048) (0.05038) (0.005902) (0.053)
2014 0.02611 0.1923 -0.005175 -0.03326 0.002989 0.03615

(0.01899) (0.09147) (0.01043) (0.05008) (0.005934) (0.05357)
2015 0.01881 0.1407 -0.004956 -0.03322 0.002566 0.03012

(0.01922) (0.09099) (0.0104) (0.05) (0.005976) (0.05395)
2016 0.01318 0.09693 -0.008668 -0.0560 0.005445 0.06281

(0.0192) (0.09014) (0.01065) (0.0512) (0.006028) (0.05464)
2017 0.006477 0.04793 -0.008226 -0.05368 -0.00001761 -0.0003006

(0.01933) (0.09021) (0.01062) (0.05101) (0.006085) (0.05472)
2018 0.01359 0.1005 -0.0001012 -0.0002424 0.0002873 0.003988

(0.01919) (0.0901) (0.01055) (0.0506) (0.006137) (0.05516)
2019 0.01112 0.08617 0.005944 0.03851 -0.003428 -0.04247

(0.01955) (0.09119) (0.01055) (0.05089) (0.006182) (0.0555)
2020 0.005391 0.04137 -0.001299 -0.008468 -0.00285 -0.03524

(0.01954) (0.09086) (0.01073) (0.05158) (0.006279) (0.0564)
2021 0.01533 0.1173 -0.004947 -0.03197 0.0002931 0.001459

(0.02004) (0.09422) (0.01095) (0.05262) (0.006433) (0.05784)
2022 0.0129 0.1019 -0.00344 -0.02251 -0.001646 -0.02126

(0.01967) (0.0921) (0.01093) (0.05253) (0.006419) (0.05764)
2023 0.009068 0.07238 -0.005536 -0.03574 -0.004542 -0.05495

(0.01987) (0.09271) (0.01097) (0.05264) (0.006515) (0.05842)

Table A6 -
Heterogeneity in Positive W-2 Impacts by Test Score Bin

Score 70-80 Score 82-90 Score 92-100

Source: 2010 Decennial Applicant, Personnel, and Payroll System linked to 2005-2023 Form W-2 
records.
Note: Regressions are estimated for individuals with the lowest score on a selection sheet using an 
“initial offer” instrument and selection sheet fixed effects. Standard errors clustered on selection 
sheet are provided. All regressions exclude veterans.
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Appendix B. Application 
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Appendix C. Sample Test 
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