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ABSTRACT

Does Access to Citizenship Confer Socio-
Economic Returns? Evidence from a
Randomized Control Design®

Based on observational studies, conventional wisdom suggests that citizenship carries
economic benefits. We leverage a randomized experiment from New York where low-
income registrants who wanted to become citizens entered a lottery to receive fee vouchers
to naturalize. Voucher recipients were about 36 p.p. more likely to naturalize. Yet, we find
no discernible effects of access to citizenship on several economic outcomes, including
income, credit scores, access to credit, financial distress, and employment. Leveraging a
multi-dimensional immigrant integration index, we similarly find no measurable effects
on non-economic integration. However, we do find that citizenship reduces fears of
deportation. Explaining our divergence from past studies, our results also reveal evidence
of positive selection into citizenship, suggesting that observational studies of citizenship are
susceptible to selection bias.
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1 Introduction

Effective integration of immigrants is a long-standing policy challenge for governments through-
out the world (OECD and IMF, 2016; Abramitzky and Boustan, 2017). Immigrants often face
systematic disadvantages in host country labor markets due to discrimination, lack of recognition
of foreign credentials, limited language proficiency, and other barriers (Chiswick, 1978; McManus
et al., 1983; Cain, 1986; Borjas, 1995; Friedberg, 2000; Riach and Rich, 2002; Oreopoulos, 2011).
Recognizing these disadvantages, policy makers and researchers have proposed easing the route to
citizenship as a potential catalyst for economic integration. In their seminal study Bratsberg et al.
(2002) argued that “naturalization is not an insignificant event that occurs during the assimilation
process [...]. To the contrary, naturalization accelerates the process of labor market assimilation.”
A review from the Institute for the Study of Labor asserted that, “Evidence suggests the benefits
of naturalization for first-generation immigrants are significant [...]. Liberalizing access to citizen-
ship could thus be a key policy tool for improving the rate of economic and social integration of
immigrants in their host country” (Gathmann and Monscheuer, 2020). Similarly, a comprehensive
expert report by the National Academies of Sciences concluded that “U.S. citizenship [...] improves
employment outcomes, wage growth, and access to better jobs.” (National Academies of Sciences,
Engineering, and Medicine, 2015, p. 165).

There have been dozens of observational studies reporting significant economic returns to citi-
zenship on earnings, including a 6-14% citizenship premium for the United States (e.g., Bratsberg
et al., 2002; Miller and Chiswick, 1992; Mazzolari, 2009) and mostly positive effects across many
immigrant-accepting countries with magnitudes ranging up to 28% in France (Govind, 2020).! Yet,
research in this area has been hampered by the difficulty of controlling for unobserved differences —
such as motivation and perseverance — between naturalized and non-naturalized immigrants that
are likely correlated with economic outcomes. To the best of our knowledge, random assignment

of citizenship has not been utilized to date, limiting the ability to infer causal relationships.

!To examine the conventional wisdom in the literature, we accumulated a systematic sample of studies estimating
the citizenship premium. We first chose the most cited papers in Google Scholar that cited one of the two most-cited
papers on citizenship effects (Bratsberg et al., 2002; Miller and Chiswick, 1992). Researchers of 76% of these papers
inferred from their data that there was a significant earnings premium for at least one country under study and/or a
major immigrant group. A snowball sample of articles based on keywords and another sample that focused primarily
on U.S. data showed similar support for a citizenship premium. The two leading literature reviews found on average
positive returns to acquiring citizenship. A full accounting of these studies is in Section A1.6 and Table A14 in the
Appendix.



Between 2016 and 2018 New York State implemented a program to help low-income immigrants
to naturalize. Eligible lawful permanent residents could sign up for a lottery that randomly selected
some registrants to receive a voucher to pay for the naturalization application fee. This lottery
provides a unique opportunity to study the impacts of access to citizenship using a randomized
control design. It allows us to identify the returns to citizenship in a population that the literature
has identified as the most likely to gain — immigrants that are (1) eligible and motivated to naturalize
and (2) in the lower part of the income distribution.?

We focus on four research questions. First, what are the causal effects of access to citizenship
on immigrants’ financial outcomes, including income, credit scores, financial distress, and access to
credit? Second, if there are any economic returns, are they driven by improvements in employment,
labor force participation, human capital investments, or occupational upgrading? Third, what
are the impacts of access to citizenship on non-economic outcomes including the political, social,
psychological, linguistic, and navigational integration of immigrants and their fears of deportation?
Fourth, is there selection bias that impedes the identification of a causal effect of citizenship?

Our analysis combines individual level data from the program registration, follow-up surveys of
registrants, and matched administrative records from a credit bureau containing financial informa-
tion in the years prior to and for up to five years following the voucher lottery. We compare the
outcomes of the treatment group of registrants who were selected to receive the naturalization fee
voucher to those of the control group who were not selected for the voucher to estimate intention-
to-treat (ITT) effects. We also estimate the local average treatment effects (LATE) of citizenship,
using the voucher lottery as an instrument for self-reported naturalization. Unless indicated oth-
erwise, all our analyses follow a pre-analysis plan that we registered before linking the outcomes
with the treatment indicators.

Our study yields several findings. First, consistent with previous findings (Hainmueller et al.,
2018), we find that being selected to receive a fee voucher in the lottery resulted in a large increase
in naturalization on the order of 36 percentage points (first-stage partial F-statistic > 200). Yet,
this did not translate into discernible improvements in the financial outcomes as measured in the

matched credit records. In particular, the estimates suggest that for up to five years after the

2While our estimates focus on a population that is of considerable policy interest, future experimental research
is needed to examine the potential impacts of access to citizenship in other contexts or time periods.



lottery, average income among registrants in the treatment group was similar to that in the control
group. We also find no discernible effects on credit scores, various measures of financial distress, and
measures of access to credit. These null findings are stable across subgroups and across quantiles
of the outcome distributions. Moreover, we similarly find no discernible effects when we replicate
the models using survey-based measures of income and financial distress. In addition, we examine
whether the impacts grow over time but find no discernible evidence of a change in slopes between
the treatment and control group.

Our null findings are meaningfully precise. Based on the panel models, the point estimate for
the ITT effect on income is 0.2% with a 95% confidence interval that rules out impacts below -1.7%
and above 2.2%. Given an average annual household income of around $51,123, this amounts to
an average gain of $102 with a range between a $870 decrease and a $1,124 increase. The point
estimate for the LATE effect on income is 1.8% with a 95% confidence interval that rules out
impacts below -1.8% and above 5.3%. The point estimate for the ITT effect on the credit score is
minus 6.8 points, with a 95% confidence interval that rules out effects below minus 17 points and
above 3.1 points (compared to a mean score of 638 points and a standard deviation of 150). For
financial distress, the 95% confidence interval rules out effects below -0.05 points and above 0.09
points for our index of distress measures (compared to a mean index score of 1.08 and a standard
deviation of 1.26). For our index of credit access, the 95% confidence interval rules out effects
below -0.03 points and above 0.01 points (compared to a mean index score of 0.84 and a standard
deviation of 0.26).

Second, consistent with these null findings, we also find no support for envisioned mechanisms
that explain how citizenship can improve economic integration (e.g., Bratsberg et al., 2002; Liebig,
2011). In particular, using data on educational loans and self-reported educational enrollment, we
find no discernible evidence that access to citizenship encourages immigrants to invest in host coun-
try specific human capital. Similarly, we find no measurable effects on self-reported employment,
labor force participation, and occupational upgrading.

Third, the null findings on economic returns raise the question of whether citizenship may
improve other (non-economic) dimensions of integration, such as immigrants’ English skills, political
engagement, their social ties with natives, or psychological attachments to the US. To examine this

question, we leverage a survey-based multi-dimensional measure of immigrant integration developed



by Harder et al. (2018). As with the economic returns, we find no support for the idea that access to
citizenship resulted in greater political, social, psychological, navigational or linguistic integration.
However, we do find that citizenship reduced fears of deportation.

Fourth, our study also reveals the presence of positive selection effects. When we use the non-
experimental variation and compare naturalizers with non-naturalizers, we find that citizenship
is associated with higher income, fewer third-party debt collections, and a higher probability of
having an open credit line. This finding suggests that absent random assignment, the selection into
citizenship is an obstacle to causal identification.

This study contributes to the literatures on economic integration of immigrants and the design
of citizenship policies. Econometric tests of the citizenship premium have been conducted in at
least eleven OECD countries.? These studies have given rise to a conventional wisdom that the
citizenship premium is significant, especially for immigrants from poorer countries and those that
are more disadvantaged in the labor market. Yet, prior tests have relied exclusively on observational
studies and our study provides—to the best of our knowledge—the first experimental estimates of
the effects of citizenship. Our findings run counter to the literature and temper optimism about
the promise of citizenship as an important policy lever to improve the socio-economic integration
of immigrants.

The rest of this paper is organized as follows. Section 2 describes the experimental design.
Section 3 presents the data sources, research design checks, and summary statistics. Section 4 lays
out the empirical approaches we use and Section 5 presents our results. Lastly, Section 6 concludes

the study.

3These studies include the following: the U.S. (Bratsberg et al., 1992; Sumption and Flamm, 2012; Chiswick,
1978; Catron, 2019; Mazzolari, 2006, 2009; Pastor and Scoggins, 2012; Picot and Hou, 2011; Shierholz, 2010; Zhou and
Lee, 2013; Enchautegui and Giannarelli, 2015); Canada (Pivnenko and DeVoretz, 2003; DeVoretz and Pivnenko, 2005;
Miller and Chiswick, 1992; Pendakur and Bevelander, 2014; Picot and Hou, 2011; Mata, 1999), Germany (Steinhardst,
2012; Constant et al., 2007; Euwals et al., 2010; Gathmann and Keller, 2018; Gathmann and Monscheuer, 2020;
Sajons, 2019); Sweden (Scott, 2008; Engdahl, 2011; Bevelander, 2000; Kogan, 2010; Helgertz et al., 2014; Pendakur
and Bevelander, 2014); Norway (Bratsberg and Raaum, 2011; Hayfron, 2008); Switzerland (Hainmueller et al., 2019;
Steinhardt, 2011, 2012); Netherlands (Peters et al., 2017, 2019; Euwals et al., 2010; Bevelander and Veenman, 2006);
France (Fougere and Safi, 2009; Govind, 2020; Jarreau, 2020), Austria (Kogan, 2010); Denmark (Helgertz et al., 2014);
Belgium (Corluy et al., 2011); and other countries as well in a variety of cross-national comparisons (Mazzolari, 2009;
Gathmann and Monscheuer, 2020; Corluy et al., 2011; OECD, 2011).



2 Experimental Design

Our study leverages a statewide public-private program in New York State that promoted natu-
ralization among low-income legal permanent residents who were eligible to naturalize. Figure 1
illustrates the experimental design. The program operated in 2016, 2017, and 2018. Each year,
there was a statewide publicity campaign in the spring and summer that encouraged eligible immi-
grants to register for the program. This included press conferences, public service announcements
on English and Spanish television programs, and advertisements in subways and newspapers as well
as on radio and social media platforms. Interested immigrants could register by completing a reg-
istration form that was used to assess their eligibility. Registration was available online, by phone,
or in person at specific non-profit immigrant service provider locations throughout the state. The
registration was offered in several languages, including English, Spanish, Chinese, Italian, Russian,
Korean, and Haitian Creole.

To be eligible for the program, immigrants had to be 18 years or older, reside in New York
State, have a household income that falls at or below 300% of the Federal Poverty Guidelines
(FPG), and meet the eligibility requirements for naturalization. The income requirements were
designed to promote naturalization among low-income immigrants who faced financial barriers
to apply. Typically, the naturalization application requires a fee. The fee was $680 in 2016 and
increased to $725 in 2017 and 2018.# For low-income immigrants, these fees can serve as a barrier for
naturalization (Hainmueller et al., 2018). In addition, very low-income immigrants whose household
income falls at or below 150% of the FPG or who receive means-tested benefits from the government
were eligible for a federal fee waiver that eliminates the application fee (Yasenov et al., 2019).
Research has shown that informing low-income immigrants about their eligibility for the fee waiver
increases naturalization rates (Hotard et al., 2019).

The program sorted all eligible registrants into two groups after they had completed the reg-
istration. First, if a registrant’s household income was below 150% of the FPG or they received
means-tested benefits, then the registration system informed them that they potentially qualified
for a fee waiver from the federal government. Second, and the focus for this study, are those reg-

istrants with a household income between 150% and 300% of the FPG and who did not receive

4 A reduced fee option was also introduced in 2017 that allowed some immigrant to pay $405 depending on their
household income.



means-tested benefits.” For this group, the registration system entered them into a lottery for a
chance to receive a voucher that paid the fee for their naturalization application.

The voucher lottery was run separately in 2016, 2017, and 2018. Each year after the registration
period closed, all registrants who were eligible for the voucher lottery were randomly assigned to
one of two groups. If a registrant was assigned to the treatment group, she received a voucher that
paid the full cost of applying for citizenship. The voucher was processed by a specific non-profit
immigrant service provider. It was directly paid to the United States Citizenship and Immigration
Services (USCIS) by the non-profit and could not be used for any other purpose than to pay for the
naturalization application. Registrants assigned to the control group did not receive a fee voucher.
Table A1l in the Appendix presents a timeline of the lottery and data collections.%

Each year, the voucher lottery was conducted within geographic blocks. In particular, eligible
registrants were assigned to a geographic block based on their geocoded street address provided
during registration and their expected naturalization fee (full or reduced price). The geographic
blocking was conducted to minimize the distance that lottery winners would have to travel to
get their vouchers processed at the state-designated immigrant service providers. A lottery was
conducted in all blocks where the number of eligible registrants exceeded the number of available
vouchers. Only New York City and Long Island had blocks that met this criterion and the study was
therefore limited to registrants from those blocks. Table A2 in the Appendix shows the number of
registrants randomly assigned into the treatment and control groups for each block and registration

year. This research was approved by the Stanford University IRB protocol #34554.

5In 2017, for a three person household this range corresponded to between $30,630 and $61,260 annual income
respectively.

6Tn 2016, the registration window was from July 11, 2016, to September 23, 2016. The voucher lottery draw took
place after the closing of the registration in the following week. Voucher winners were notified the week of October
23, 2016. In 2017, the registration window was from September 24, 2016, to July 28, 2017. The voucher lottery
draw took place after the closing of the registration in the following week. Voucher winners were notified the week of
August 7, 2017. In 2018, the registration window was from April 4, 2018, to July 3, 2018. The voucher lottery draw
took place after the closing of the registration in the following week. Voucher winners were notified the week of July
10, 2018.



3 Data

3.1 Sources

We rely on three data sets. The first is the registration data from the program, which includes
contact information and demographic characteristics of eligible registrants, including age, marital
status, gender, country of origin, education, year of green card receipt, language, income, and
employment. Note that these variables were measured prior to the lottery, so we use them as
pre-treatment covariates. The registration data also contains information on the registration year,
randomization block, and whether each registrant was selected for the naturalization fee voucher
in the lottery.

The second data set is from follow-up surveys that were conducted with each cohort of regis-
trants. The follow-up surveys measured the first stage effect of the intervention — whether receiving
the voucher increased naturalization rates. During the surveys registrants were asked whether they
had submitted their naturalization application and whether they had attained citizenship. The
follow-up surveys also included a wide range of integration outcomes (detailed below).

Each cohort received annual follow-up surveys beginning approximately one year after the
voucher winners were selected. Table Al in the Appendix provides more information about the
timeline of the surveys.

Given this timeline, we have data on outcomes measured for up to three years after the lottery
for all three registration cohorts. For the cohorts that registered in 2016, 2017, and 2018, the three-
year outcomes were measured in the survey waves that were conducted in 2019, 2020, and 2021,
respectively. These three-year outcomes are the main focus of the analyses, but we also consider
analyses of two-year outcomes (available for all three cohorts), and analyses using all available
survey years. For the 2016 (2017) cohort we also have five-year (four-year) outcomes.

The third data set is from a credit bureau and contains information on the financial situation
of the registrants. Similar data from credit bureaus has been previously used in other studies
(e.g., Finkelstein et al. (2012); Meier and Sprenger (2010); Brown et al. (2016)). To match the
registrants to the credit records the credit bureau was provided with a dataset that contained the

matching variables (reported name, address, and date of birth), the voucher assignment, citizenship



indicators, the geographic randomization block, and two covariates from the registration data.” The
credit bureau then matched the registrants to their credit records using a proprietary algorithm.®
Overall, the match rate was 93.3% (see more below). The credit bureau then returned the data
files but removed all personally identifiable information, such that the data is de-identified and
we are unable to link the records to specific study registrants. Due to the anonymized nature of
the matching, only a limited set of two covariates from the registration data could be included
— indicators for above/below median household (HH) income and whether the registration was
conducted in English or another language.

The credit data includes six yearly snapshots of the financial situation for each registrant for
the summers of 2016 through 2021. Thus, the snapshots cover one month before and approximately
one, two, and three years after the voucher lottery assignment for all registrants. In addition, the
total number of pre- and post-treatment periods vary by lottery registration cohort. For the cohort
that registered for the lottery in 2016, we observe the financial situation for one pre-intervention
period, about one month before the lottery (in 2016), as well as in the five years following the
intervention (in 2017, 2018, 2019, 2020, and 2021). Next, for the cohort that registered for the
lottery in 2017, we observe the financial situation for two pre-intervention periods, about one year
and about one month before the lottery (in 2016 and 2017, respectively), as well as in four years
following the intervention (in 2018, 2019, 2020, and 2021). Lastly, for the cohort that registered for
the lottery in 2018, we observe the financial situation for three pre-intervention periods, about two
years, one year, and one month before the lottery (in 2016, 2017, and 2018, respectively), as well as
in the three years following the intervention (in 2019, 2020, and 2021). This data structure allows
us to examine both balance on pre-treatment outcomes as well as analyze short- and medium-term

effects.

3.2 Sample

In the credit bureau data, not all registrants are matched to a credit file in every year during

2016-2021. However, once a registrant is first matched, she is also matched in all subsequent years.

"Registrants consented to participate in the research study and to have their information linked with administra-
tive data for research purposes.

8Credit data pull and match for an analytical purpose does not have an impact on consumer’s scores or credit
history.
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For the majority of results in the analyses below we focus on the set of registrants for whom we
have outcome data in the first three years following the lottery. We sometimes refer to this as the
(“balanced”) four-year panel. When estimating panel models (explained below) we use the sample
of registrants who are matched by the credit bureau data for the entire 2016-2021 period (i.e., in
the “full” six-year panel). Similarly, in the survey data, we focus on registrants who have answered
the three-year survey questions. When estimating panel models we are additionally restricted to

outcomes which were also measured at baseline.

3.3 Preregistration

This study was pre-registered at the AEA RCT Registry under protocols AEARCTR-0006790 and
AEARCTR-0007148. This pre-analysis plan described the sample, statistical models, outcomes,
and control variables and was registered before linking the outcomes and the treatment indicators.
Unless indicated otherwise, all analyses follow this pre-analysis plan. There are three deviations
that we explain below.

First, in the pre-analysis plan we specified outcomes measured two years following the lottery,
but below we present three-year outcomes. After we had filed the pre-analysis plan, we received an
extension of funding to collect one more follow-up survey wave in 2021 and obtained one additional
year of credit bureau data. For transparency reasons we present the results that leverage all
available outcome data—including the additional year of follow-up data—so that we have three-
year outcomes for all three registration cohorts. For full disclosure, we also present in the Appendix
the results using the two-year outcomes and they are similar to the three-year outcomes.

Second, motivated by a study from Asad (2020) we decided to add in our additional survey
wave a question to measure fears of deportation. In contrast to the other outcomes, this question
was not included in the pre-analysis plan and is not available for the other survey waves.

Third, in the pre-analysis plan we registered to use the Vantage score as the main credit score
outcome, and also a second credit score as an additional measure. However, after the data agreement
was signed, the credit bureau informed us that the secondary credit score cannot be included in

the analysis due to contractual restrictions.
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3.4 Outcomes

We consider pre-specified outcomes that come from two sources — credit bureau data and the follow-
up surveys. Outcomes from the former capture the financial situation of the registrants and have
the advantage that they are based on administrative data and are not affected by self-reporting
biases or attrition. The advantage of the latter source — the survey — is that it measures a broader
set of outcomes, including additional economic variables such as employment and occupation, as

well as non-economic integration.

3.4.1 Credit Bureau Data

In building our set of outcomes from the credit bureau data we followed Finkelstein et al. (2012).
We analyze ten main outcome variables grouped into four broad domains.

Main Outcomes in the Credit Bureau Data:

e Income. This is an estimate of household income provided by the credit bureau. We use a
logarithmic transformation. The credit bureau uses a large set of financial inputs to estimate
the joint gross adjusted income (line 37 of the 1040 federal tax form). The inputs include
multiple sources of income and debt service parameters (such as monthly spending data, and
up to 30 months of account history including credit lines, length of credit history, historical
credit card balances, and recent credit card transactions). Boatman et al. (2020) validates

this income measure against self-reported income data and finds that the two match well.

e Credit score. The credit bureau provides the VantageScore (version 3.0), a widely used credit

score index representing risk of loan default.

e Financial distress. This category includes several variables that capture adverse financial
events, such as delinquency (number of credit transactions 30+ days past due) and collection
(number of third party collections). The delinquency variable is top-coded at five or more (i.e.,
0-5 integer scale), while the collection variable is top-coded at three or more (0-3 scale). We
examine these events separately as well as take their average, which we call “Index (Distress).”

We do not analyze bankruptcies or liens because they are extremely rare in our sample.
e Access to credit. First, we use several variables that measure whether the person has access to

12



credit — indicators for having a credit score, having at least one open line of credit, and having
a “thick” file (three or more open lines of credit). We use these variables individually and
also take their average which we refer to as “Index (Access).” Second, for those registrants
who have access to credit, and using a logarithmic transformation, we compute the amount

of credit given using the total credit line of all open revolving transactions.

In addition to these main outcomes, we use one more variable to gauge educational investment.

Mechanisms in the Credit Bureau Data:

o FEducational Investment. We use an indicator whether the respondent has had any student

loan trade as a measure of investing in education.

3.4.2 Survey Data

The follow-up surveys allow us to (i) replicate some of the credit bureau analyses using self-reported
measures of income, (ii) analyze a wider range of economic and non-economic outcomes, and (iii)
more deeply examine mechanisms that might drive the potential economic returns of access to
citizenship. The main outcome variables in the survey cover two broad domains.

Main Economic Outcomes in the Survey Data:

o Income. We ask respondents for their household and personal incomes in the past year.
Additionally, we create an equivalized household income per capita using information on

their household sizes. We use a log transformation of all three income variables.

e Financial Distress. We ask whether the respondents can afford unexpected expenses of $500,
$1,000 and $10,000 respectively. We then use three different indicators for responding posi-

tively to each question.
Mechanisms in the Survey Data:

o Fducational Investment.

We use an indicator for the respondent being enrolled in school at the time of the survey.

e Labor Market Outcomes. We use indicators for whether the registrant was currently employed

and whether they were in the labor force at the time of the survey.

13



e Occupational Upgrading. Each respondent was asked to input manually their current occu-
pation. We then link each informative response to a five-digit Standard Occupation Classifi-
cation (SOC) code and use the 2018 American Community Survey (Ruggles et al., 2019) to
obtain more information about each occupation. Specifically, we calculate the average (log)
wage and years of education among all people employed in each occupation in 2018 as well as
the wage and education ranks. The Appendix provides more details on these variables and

the procedure we use to link the manually entered occupations to IPUMS SOC codes.
Additional Outcomes in the Survey Data:

e Non-economic Integration To measure non-economic integration, we deploy the IPL-12 mul-
tidimensional integration index developed and validated by Harder et al. (2018). The IPL-12
index has been used and further validated in a variety of settings to measure immigrant inte-
gration (e.g., Aksoy et al., 2020; Kunwar, 2020; Wasem, 2020). It defines successful integration
as having the knowledge and the capacity to succeed in the host country. The index contains
two questions on each of six dimensions of integration — economic, political, social, psycho-
logical, navigational and linguistic. For example, navigational integration is measured as the
difficulty for immigrants to see a doctor or search for a job in the host country. Similarly,
social integration is a function of the number of native-born with whom the immigrant has
had a dinner or a phone conversation in the past twelve months. All variables are measured
on the 0-1 scale with higher values indicating higher degrees of integration. We consider the
following eight outcome variables - overall IPL-12 index which combines all six dimensions,
IPL-12 index excluding the economic dimension, and indexes for each of the six dimensions

separately.

e Fears of Deportation Motivated by a recent study from Asad (2020), we examine whether
naturalization may have affected registrants’ perceived security of status and their fears of
deportation. To this end we asked registrants how much, if at all, they worry that they could
be deported. The answer options were on a four-point Likert-type scale and included worry a
lot, some, not much, or not at all. We use the full four point scale and a dichotomized version

of this measure in the analyses.

14



3.5 Balance, Match Rates, and Survey Attrition

We conduct various checks to examine the validity of the experimental design. The results are
presented in the Appendix. First, we run balance checks to examine whether the treatment group
of registrants who won the lottery and were offered the naturalization fee voucher are similar to the
control group of registrants who did not win the lottery. We regress the treatment indicator on the
full set of pre-specified pre-treatment covariates measured in the registration data. The results are
presented in Table A3 in the Appendix. Consistent with the random lottery assignment, we find
that the covariates are well-balanced; the p-value against the null that they jointly do not predict
the treatment assignment is equal to 0.50.

Second, the estimates based on the credit bureau data may be affected by differential rates of
matching into the credit bureau data between the treatment and the control groups. The bureau
returned a match if it deemed that there was a high probability that there was a successful linkage.
A record may not match if the information provided by the registrant during registration was
incorrect or if the registrant did not have a credit file. Overall, the match rate to at least one year
of data is 93.3%. As shown in Table A4 in the Appendix, the regression results confirm that the
match rate is statistically indistinguishable between the treatment and the control group. This
holds for matching into the file in at least one year (i.e., ever), for being matched into the four-year
panel, and into the six-year panel.

Third, the estimates based on the follow-up surveys may be affected by differential attrition
between the treatment and the control group. To check for this, we regress an indicator for whether
the registrant responded to the three-year follow-up survey (i.e., whether the respondent answered
the income question on that survey) on the treatment indicator, the full set of pre-treatment
covariates from the registration data, and the interactions between the treatment indicator and pre-
treatment covariates. The results are shown in Table A5 in the Appendix. Overall, the response
rate for the three-year survey was about 47.0%. Voucher recipients and registrants who were
college graduates and those who had more recently obtained their green card were more likely to
respond in general. However, the interaction terms between the treatment indicator and the pre-
treatment covariates are jointly insignificant (p-value equal to 0.60). While this test does not rule

out the possibility of differential non-response based on unobserved confounders, it does suggest that
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voucher recipients who responded were similar to non-voucher recipients who responded in terms
of the pre-treatment covariates. In the robustness tests we also replicate the impact estimates that
are based on the survey data while correcting for potential differential non-response using inverse

probability weighting and the findings are very similar.

3.6 Summary Statistics

Tables 1 and 2 present summary statistics for the covariates and pre-treatment outcomes for the
entire sample (columns 1-2), the treatment (column 3) and control groups (column 4). We also
show the p-values (column 5) for the test of difference in means between treatment and control
registrants and the number of observations (column 6). All variables are measured prior to the
lottery. For the credit bureau data, the sample is restricted to registrants in the balanced four-year
panel — i.e., those for whom we have credit bureau data in the year of the lottery as well as each
of the first three years following the lottery (balanced four-year panel). We have information on
1,225 (1,153) individuals who were assigned to the treatment (control) group in this sample.
Consistent with the randomized lottery assignment, all variables’ means are similar between
the treatment and control groups. The average age of registrants in our sample is 42.1 years, the
sample has slightly more women (54.4%) than men, and the most common origin country is the
Dominican Republic (27.3%). Most registrants completed the registration in the English (63%),
followed by those who used Spanish (34%). Most (88.0%) of our registrants have an open credit
line and 65.6% had a “thick file” Virtually everyone (96.7%) has a VantageScore with an average
VantageScore of 629. Nearly four in five registrants (79.0%) are in the labor force and the vast

majority of those (93.2%) are employed.

4 Empirical Specification

We use canonical, pre-specified methods for analysis of randomized encouragement designs to mea-
sure the impacts of the intervention (Holland, 1988; Imbens and Angrist, 1994; Duflo et al., 2007;

Bloom, 2008).
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4.1 Three-Year Outcomes Model

For our baseline models, we estimate the I'TT effects using the following equation:

v; = ap + a;LOTTERY; + 0X; + By, +¢;, (1)

where y; is an outcome variable defined above; LOTTERY; is a dummy variable for whether or
not registrant ¢ won in the lottery and was offered a voucher; the term X; is a vector of pre-
specified, pre-randomization control variables; By is a vector of dummy variables that indicate the
geographic lottery randomization blocks, and ¢; is the error term. When using the credit bureau
data X; includes indicators for above/below median HH income and English language ability and
the pre-treatment outcome. When using the survey data X; includes income, age, female, origin
dummies (Dominican Republic, Ecuador and Colombia), year of green card, education dummies,
language dummies (English and Spanish), and time between registration and voucher lottery. We
use robust standard errors and employ block-level inverse probability weights to account for the
unequal probability of treatment assignment within each block. We do not cluster the standard
errors because the randomization occurred at the individual level (Abadie et al., 2017).

The coeflicient of interest is a; which identifies the ITT effect of winning the voucher in the
lottery. It can be interpreted as the impact of obtaining access to citizenship by overcoming the
financial hurdle of paying for the naturalization fee. The ITT effect is causally identified by virtue
of the randomized lottery.

For our baseline specification we pool the data from all three cohorts and estimate the models
using the outcomes that are measured three years after the intervention for each cohort.” For
models using the credit bureau data, we also focus on registrants in the balanced four-year panel.
In the Appendix we report the results from various robustness checks of our main specification.

Next, to obtain the LATE of citizenship for compliers we estimate the following equation using

two stage least squares (2SLS):

v; = Bo + B1CITIZENSHIP; + ¢X; + By, + €, (2)

9The appendix also presents the results for two-year outcomes.

17



where CITIZENSHIPF; is a binary treatment variable for whether or not a registrant reported
that he or she applied for citizenship. In this equation, CITIZENSHIPF; is instrumented by
LOTTERY; to accommodate non-compliance. All other aspects of the estimation remain the
same as in the I'TT model. Our measure for the CITIZFENSHIP; indicator is whether or not the
registrant reported having submitted their citizenship application during the first check-in survey.'?

The coefficient §; identifies the LATE of citizenship for compliers, i.e., registrants who would
naturalize if given the fee voucher and would not otherwise.!’ The causal interpretation of this
parameter requires the additional identifying assumption that winning the voucher in the lottery
has no effect, on average, on the outcomes of interest that does not operate via the impact of the
voucher on naturalization.'? Given that the voucher was sent directly to USCIS and could only be
used to pay for the naturalization application fee, we believe that this assumption is reasonable.
Yet, the exclusion restriction may not strictly hold. One possible violation is that winning the
lottery could, in theory, have a positive psychological effect, but it is not likely that this would have
a lasting impact on the outcomes we study. Another possible violation is that for always-takers
(i.e., registrants who would always naturalize regardless of winning the voucher), the voucher could
act as a one-time substitute for cash. Given that the average registrant had a pre-lottery household
income of about $46,630, this represents a one-time 1.56% increase. It is theoretically possible that
this could have resulted in a short-term positive indirect effect on some of the outcomes unrelated
to naturalization. However, it seems unlikely that this effect would persist for multiple years after
the lottery. This scenario might introduce a small upward bias in our LATE estimates.

Whether one prefers the I'TT or the LATE is largely a matter of analytical interest and method-
ological considerations; both estimands are used in the literature on the effects of citizenship. The
ITT captures the impact of access to citizenship and is arguably more relevant from a policy per-
spective given that governments can change eligibility criteria or design policy encouragements for

immigrants to apply for naturalization, but typically not force them to naturalize. The ITT has

10We also use a secondary version of this variable that measures whether or not the registrants reported having
submitted their citizenship application during any survey. We prefer the former because it is measured at roughly
the same time interval for all cohorts. For the secondary measure we have more surveys for the earlier cohorts, as
those registrants have had more time to complete their citizenship application. Both measures yield similar results.

" Note that we report robust standard errors for the LATE. We do not use the tF adjustment Lee et al. (2022) or
Anderson-Rubin confidence intervals since the first-stage F statistics are > 200.

121t also requires the monotonicity assumption which rules out the presence of defiers, i.e., registrants who would
only naturalize if they do not win the voucher. We consider this assumption to be plausible given that the voucher
enables registrants to pay for the naturalization fee, but cannot be used otherwise.
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therefore been the focus in many recent studies of citizenship (e.g. Mazzolari, 2009; Hainmueller
et al., 2015, 2017a; Gathmann and Keller, 2018; Hainmueller et al., 2019; Felfe et al., 2020). The
LATE captures the effect of citizenship per se for compliers, but requires the exclusion restriction.
In the appendix we use kappa weighting (Abadie, 2003) to estimate the mean characteristics of
compliers and find that they are similar to the overall sample across the pre-treatemt covariates.
This speaks to the external validity of the LATE estimates (see Table A13).

Note that some of the earlier studies on citizenship simply regressed outcomes on a citizenship
indicator plus controls without an explicit identification strategy. These models require the selection
on observables assumption that states that citizenship is as good as randomly assigned conditional
on the controls. This assumption is doubtful given that immigrants self-select into citizenship based
on unobserved confounders— such as motivation and perseverance—and the potential for selection
bias has been recognized in the literature (e.g. Liebig, 2011; Engdahl, 2014; Hainmueller et al.,

2015; Bratsberg et al., 2002) (also see Section 5.4).

4.2 Panel Models and Dynamic Effects

Here we analyze models that leverage the full six-year panel structure of the credit bureau data
across the three registration cohorts. When using the survey data, we also employ this model in a

six-year panel. In particular, we estimate the following panel equation:

Yit = 0; + 0y + YLOTTERY; + €54, (3)

where the terms ; and oy represent individual and year fixed effects, and LOTTERY;; is the ran-
domized treatment indicator coded as one for observations from years when a registrant was assigned
to the voucher and zero otherwise. The coefficient of interest is v which identifies the ITT effect
pooling together the short- and medium-term effects of the intervention. For the LATE analysis
we estimate the equivalent 2SLS model where CITIZENSHI P;; is instrumented by LOTTERY;.
When using the credit bureau data, we focus on a sample of individuals which are successfully
matched by the credit bureau in each year during 2016-2021 (i.e., balanced six-year panel). When
using the survey data, these models are limited to outcome variables which were measured prior

to the randomization. Standard errors are clustered at the individual level. Again, we weight each
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observation by the block-level inverse probability of being randomized into the treatment group.
Following the analysis in Bratsberg et al. (2002), we also estimate panel models where we allow
the effects of access to citizenship to change over time. In particular, we estimate the following

equation:

Yit = 0; + 0y + 01 LOTTERY 1+ "
+ 02(LOTTERY;y x YEARS _SINCE) + 03sY EARS_SINCE;; + €44,

where the term 6, identifies the effect of the intervention in the first year and #2 measures how
the effect changes for each additional year following the intervention (as measured by the variable
YEARS_SINCUEj). In other words, 6, identifies the linear change in the outcome trends between
treated and control registrants in the years following the intervention. All other aspects of the
model remain as specified above. In the appendix we also show dynamic treatment effect estimates
from a similar panel model where we allow the effect of the treatment to vary in each time period

relative to the treatment assignment.

4.3 Distributional Effects

We estimate quantile regressions at various points of the distributions of the continuous outcomes
including (log) income and the VantageScore. As with the baseline model, we use three-year
outcomes and a sample of registrants in the balanced four-year panel. Additionally, in the appendix
we replicate our main model on subgroups based on the pre-treatment covariates that we have in the
credit bureau data—indicators for above/below median HH income and English language ability—

as well as pre-specified subgroups for the survey data.

5 Results

5.1 First Stage

We begin by examining whether the random assignment of the vouchers via the lottery increased

the probability of naturalization. Table 3 presents the first stage estimates from regressing the
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citizenship indicator on the voucher indicator and the indicators for the geographic randomization
blocks. The first two columns show the effect of voucher assignment for registrants who are matched
in the four-year panel of credit bureau data. The last two columns show the effect for respondents
in the survey data. We find that the voucher assignment increased the likelihood of submitting
a citizenship application by about 35-37 percentage points, on average.'®> As expected, given the
random lottery assignment, the estimate of the effect of the voucher on the increase in citizenship
is nearly identical when we control for the baseline covariates in columns 2 and 4. The first stage
partial F-statistics are above 200, indicating that the voucher instrument is strong. Overall, these
results suggest that the application fees constitute a financial barrier to citizenship for low-income

immigrants.

5.2 Treatment Effect Estimates: Credit Bureau Data
5.2.1 Three-Year Outcomes

Before turning to the formal impact estimates from the regression models, we provide graphical
evidence that illustrates the main findings. We construct “event study”-type plots of the mean
outcome values for the treatment and control groups from two years prior up to five years after the
voucher assignment. Year zero refers to the year of voucher lottery. Recall that the three cohorts
registered for the lotteries that occurred in 2016, 2017, and 2018, respectively, but the credit bureau
data captures the years 2016-2021. Therefore, for event years 0, 1, 2, and 3 the sample includes all
three registration cohorts, but for event years -2, -1, 4, and 5 the sample composition changes.!*
The results are presented in Figure 2. We focus on the four main outcomes — (log) income (top
left panel), the VantageScore (top right), the index that combines the measures of financial distress
(bottom left), and the index that combines the access to credit measures (bottom right).'> The

shaded regions correspond to 95% confidence intervals. Consistent with the random assignment of

the vouchers, the treatment and control group have similar trends prior to the intervention across

13As reported in a previous study that only used the 2016 cohort and only looked at the effects on uptake
of citizenship, the voucher increased the likelihood of submitting a citizenship application by approximately 40%
(Hainmueller et al., 2018).

YFor event year -1 we only have outcomes for the 2017 and 2018 registration cohorts, and for event year -2 only for
the 2018 registration cohort. In addition, for event year 4 we have outcomes only for the 2016 and 2017 registration
cohorts, and for event year 5 only for the 2016 registration cohort.

5Figure Al displays the results for the rest of the outcomes.
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all four outcomes. Moreover, both groups also have very similar trends for up to five years following
the intervention, demonstrating that naturalization vouchers had no discernible effect on any of
the four outcomes.

Next, we turn to the formal effect estimates from the regression models. The top panel in
Table 4 presents the I'TT estimates from the baseline specification. Consistent with the graphical
evidence, we find that receipt of the naturalization voucher had no discernible positive impact on
the financial outcomes of registrants. For income, the point estimate is 0.0% with a 95% confidence
interval that rules out effects below -2.4% and above 2.4%. Moreover, we find no discernible effects
on the measures of financial distress or access to credit. If anything, we find a small drop in
VantageScore scores and the probability of having an open credit line, but these effects are not
robust across specifications and we therefore refrain from interpreting these findings as negative
effects.

Our estimates are meaningfully precise in substantive terms. The average registrant had an
annual household income of around $54,122 three years after the lottery, which implies that the
point estimate of the income effect amounts to a change of $0 and the 95% confidence interval ranges
from a decrease of about $1,271 to an increase of about $1,271. For the effect on the VantageScore,
the point estimate is -12 points while the 95% confidence interval ranges between -22 and -2 points
which is rather small compared to a mean score of 655 points and a standard deviation of 142.
For the effect on our index of distress, the point estimate is 0.07 with a 95% confidence interval
that ranges between -0.02 points and above 0.15 points compared to a mean index score of 1.1 and
a standard deviation of 1.3. For the effect on our index of access to credit the point estimate is
-.01 with a 95% confidence interval ranges from -0.03 points to 0.01 points compared to a mean
index score of 0.9 and a standard deviation of 0.2. The bottom panel in Table 4 presents the LATE
estimates from the baseline specification. Again, we find no discernible evidence that citizenship
improved the financial outcomes of immigrants. As expected, the LATE estimates are about three
times larger than the I'TT estimates.

Taken together, these results show that the voucher intervention considerably increased the
uptake of citizenship but this did not lead to discernible improvements in financial outcomes as
measured three years after the lottery. In Appendix Table A6 we show that the results are similar

when using randomization inference. In Appendix Table A7 we present the p-values associated with
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each of the coefficients after correcting for multiple hypothesis testing and the smallest adjusted

p-value controling for the family-wise error rate is 0.13.

5.2.2 Panel Models and Dynamic Effects

To leverage the full credit bureau panel data for the three registration cohorts over the entire 2016-
2021 period, we now present estimates from a panel regression. Table 5 presents the I'TT and LATE
estimates following equation (3). The results mirror the null findings from the earlier models, but
are slightly more precise. For income, the ITT estimate is 0.2% with a 95% confidence interval that
rules out effects below -1.7% and above 2.2%. The corresponding LATE estimate is 1.8% (95%
CI = -1.8%, 5.3%). The null findings are similar for the other financial outcomes including the
measures of financial distress and access to credit. Again, the point estimate of the ITT effects on
VantageScore is negative (-6.8 points decrease), but the 95% confidence interval is consistent with
no effect (95% CI = -16.7, 3.1). The same is true for the effect on the probability of having an
open credit line.

Next, we investigate whether the effects grow over time. We follow Bratsberg et al. (2002) and
add an interaction term that allows for a change in the slope such that the gap between the treated
and control registrants may change each year following the intervention (see equation (4)). The
results are shown in Table 6. In contrast to Bratsberg et al. (2002), we find no evidence that the
effects grow over time. In fact, for income, the immediate effect (01) is again close to zero with a
point estimate of 0.3% (95% CI = -2.0%, 2.7%) and the interaction term (#3) is also close to zero,
with a slightly negative point estimate at -0.1% (95% CI = -1.2%, 0.9%). When combining the
coefficients, the model implies that the effect on income two years after the intervention is 0.0%
with a 95% confidence interval that rules out effects below -1.9% and above 2.0%. The implied
effect four years after the intervention is a 0.2% drop, with a 95% confidence interval that rules
out effects below 3.7% and above 3.2%. The results for the other outcomes variables are similarly
small and indistinguishable from zero. For the VantageScore the dynamic effect is, if anything,
sightly negative. In the Appendix Table A8 and Figure A2 we also show dynamic treatment effect
estimates from a panel model with person and year fixed effects where we allow the effect of the
treatment to vary in each time period relative to the treatment assignment (Sun and Abraham,

2021) and the results are substantively similar.
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5.2.3 Distributional Effects

To examine distributional effects, Figure 3 presents the results from quantile regressions applied
to the main continuous outcomes including (log) income (left panel) and the VantageScore (right).
The estimates suggest that the null effects are stable across the entire distributions. For income,
the point estimates are consistently close to zero, including at the bottom and the top of the
distribution. For the VantageScore, the point estimates are negative across all quantiles but with

small magnitudes and mostly statistically insignificant at conventional levels.

5.3 Survey Data
5.3.1 Three-Year Outcomes

We now turn to the results using the data from the follow-up surveys. As explained above, these
surveys included self-reported measures of income and financial distress and therefore allow us to
replicate the previous models. Table 7 presents the regression coefficients for our main outcomes of
interest. We find that the results from the survey data outcomes are consistent with those from the
credit bureau data. We find no evidence that access to citizenship is associated with a discernible
impact on household income, equivalized household income, personal income, or financial distress.
In fact, the null results are similar than those from the credit bureau data reported above. Table
A9 in the Appendix shows that the same conclusion holds when adding a correction for survey
non-response using inverse probability weighting. Table A1l in the Appendix shows that the same

conclusion also holds when replicating the full panel models using the survey outcomes.

5.3.2 Mechanisms

Prior work has proposed several mechanisms through which citizenship can improve the economic
integration of immigrants (e.g. Bratsberg et al., 2002; Liebig, 2011). First, citizenship can signal
a higher commitment to stay and invest in one’s future in the host country. It, therefore, may
encourage immigrants to invest in host country specific human capital because they expect higher
returns to these investments after naturalization. Second, it is also possible that citizenship unlocks
new employment opportunities, and is therefore associated with improved labor market outcomes

such as higher likelihood of being employed or occupational upgrading.
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To test for the first mechanism we leverage information on educational loans from the credit files.
In particular, we use the probability of having at least one student loan as an outcome variable.!
If naturalization encourages investments in host country specific human capital, we expect that
registrants in the treatment group take on more student loans than those in the control. Overall,
about 18% of registrants have taken at least one student loan in the three years after the voucher
lottery. We also use an indicator for the registrants being enrolled in school which was the case
for 7% of respondents. To test for the second group of mechanisms, we utilize information from
the follow-up surveys. Specifically, we analyze the registrants’ employment status, labor force
participation status as well as information on their occupations.

The results are displayed in Table 8. Again, all outcomes are measured three years after the
voucher lottery. The results indicate meaningfully precise null effects for all mechanisms. The 95%
confidence interval of the ITT effect on the the probability of having a student loan ranges from
a decrease of 2.7 percentage points to an increase of 1.1 percentage points. For the impact on
being employed, the 95% confidence interval ranges from a decrease of 6.0 percentage points to an
increase of 1.9 percentage points. Similarly, we find no discernible impacts on occupational wages

or occupational upgrading.

5.3.3 Non-Economic Integration

The previous null findings on economic returns beg the question of whether access to citizenship
may have resulted in gains in terms of other dimensions of immigrant integration. Previous observa-
tional research has identified positive impacts of access to citizenship on a variety of non-economic
integration outcomes, such as educational strategies of parents (Felfe et al., 2020); social integration
(Hainmueller et al., 2017b; Gathmann and Monscheuer, 2020); or political integration (Hainmueller
et al., 2015; Street, 2017). To examine this question, we leverage the multi-dimensional integra-
tion measure developed by Harder et al. (2018). The findings for the impacts on non-economic
integration are presented in Table 9. All outcomes are measured three years after the voucher
lottery. Column 1 shows the results for the overall IPL 12 integration index that aggregates all six
dimensions into a single metric including economic, political, social, psychological, navigational,

and linguistic integration. Column 2 shows the results when we omit the economic dimension from

Y8This analysis was not pre-registered.
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the IPL 12 and aggregate the remaining five dimensions. The rest of the columns show the results
for each integration dimension separately.

We find no discernible evidence that access to citizenship improves any dimension of immigrant
integration. The point estimates are close to zero and are not statistically significant at conventional
levels. For example, the point estimate of the I'TT effect on the overall integration index is a 0.0004
decrease with a 95% confidence interval that rules out decreases larger than -.015 and increases
larger than .014. Given that the mean value of the integration index is 0.65 with a standard

deviation of 0.15, these estimates of the null effects are meaningfully precise.

5.3.4 Fears of Deportation

Previous work by Asad (2020) suggests that a high proportion of Latinos report deportation fears,
even among lawful permanent residents, and that these reported fears are consistently high since
the mid 2000s. This raises the question whether naturalization leads to a reduction in fears of
deportation, given that citizenship provides immigrants the strongest legal protection against po-
tential deportation. To examine this we use a survey question embedded in the 2021 follow up
survey that asked registrants how much, if at all, they worry that they could be deported.!”

The results are shown in Table 10. We find that citizenship consistently reduced fears of
deportation. For the pooled sample, the ITT estimates show a .15 point reduction in fears of
deportation (95% confidence interval from -.24 to -.06) measured on the four-point Likert scale
that ranged from “worry a lot” (4) to “not at all” (1). Using the dichotomized measure there
was a 7.4 percentage point drop (95% confidence interval from -.11 to -.04) in the probability of
having a high fear of deportation (answer options “worry a lot” or “some”). The LATE estimates
suggest that citizenship reduced fears by .42 on the four point scale (95% confidence interval from
-.66 to -.18), and by 20.1 percentage points (95% confidence interval from -.30 to -.10) for the
binary measure, respectively. The other models in the Table 10 show that this reduction in fear
of deportation is stable across the three registration cohorts, so regardless of whether the outcome

was measured three, four, or five years after the lottery.

17" This outcome was not pre-specified.
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5.4 Selection

How may we reconcile the null findings on economic outcomes from our randomized control design
with the observational literature on citizenship that has tended to find positive economic effects
of access to citizenship? Some studies have raised concerns about selection bias (Engdahl, 2014;
Hainmueller et al., 2019), but others have argued that it can be overcome (Bratsberg et al., 2002;
Liebig, 2011; National Academies of Sciences, Engineering, and Medicine, 2015). Our experiment
offers a unique opportunity to compare the effect estimates from a standard observational regression
versus those from the randomized experiment. A key concern for the non-experimental regression
is that immigrants self-select into citizenship based on unobserved confounders such as ability and
motivation. In other words, those who choose to apply for citizenship might have better outcomes
even in absence of naturalization.

We proceed by ignoring the experimental design and estimating models using the control group
sample where the three-year outcomes are regressed on the citizenship indicator and the baseline
covariates. Table 11 presents the results. Those that select into citizenship have better three-year
financial outcomes. While the effects for income are not significant at conventional levels, the
effects are statistically significant at conventional levels for almost all of the other outcomes.'® In
particular, we find that citizenship is associated with a significant 26 points gain in the VantageScore
(p-value=0.01), a .31 reduction in delinquencies (p=0.032), a.16 drop in collections (p=0.008), a
0.24 units decrease in the financial distress index (p=0.011), a 5.6% increase in having an open line
(p=0.004), a 9.5% increase in having a thick file (p= 0.004), and a 0.05 units increase in the access
to credit index (p=0.001).

If we had access only to these observational data, we might conclude that citizenship significantly
improves the financial outcomes of immigrants. In addition, the sample consists of only eligible
immigrants who were motivated enough to register for a naturalization program and, therefore,

motivation is also controlled for by design. Yet, none of these effects are present when we leverage

¥Note that these tests for selection are likely conservative because we reduce power by only using the control
group. In fact, we do find a statistically significant effect on income when using the entire sample instead of just the
control group (p=0.05). We also find similar significant effects on income when using the panel model specification
only with the control group (p=0.06) or with the full sample (p=0.004). This suggests that the selection problems are
present for income as well. In fact, when we run the dynamic version of the panel regression ignoring the experimental
design we re-produce the results in Bratsberg et al. (2002) that the effect of citizenship on income grows over time;
the interaction term between citizenship and years since citizenship has a p-value of 0.066 in the control group only
and 0.061 in the full sample. According to these models citizenship would lead to a 7% income gain within four years.
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the experimental variation in citizenship.

6 Discussion

The results from this experimental study of the effects of citizenship provide a somewhat sobering
picture of the impact of access to naturalization on the economic prospects of immigrants. While
the voucher intervention resulted in a large increase in citizenship uptake, it did not translate into
discernible improvements in short to medium term financial outcomes. These results are in contrast
with the most highly cited research on the economic impact of citizenship in the United States
which found considerable gains from citizenship (Bratsberg et al., 2002; Miller and Chiswick, 1992;
Mazzolari, 2009). The results are also in contrast with the conventional wisdom in the literature
that has documented positive effects of citizenship in various other countries (Liebig, 2011) and
summarized in the Appendix. Similarly, we found no discernible effects on related outcomes such
as financial distress, access to credit, and credit scores. There is also no support for the idea that
access to citizenship led to higher educational investment, employment, labor force participation,
or occupational upgrading. Moreover, we found no discernible effects on non-economic integration
using an index that captures social, political, psychological, navigational, and linguistic integration.
Lastly, we found that citizenship had a lasting impact on reducing fears of deportation.

How to reconcile these differences in the estimated effects? One possible interpretation is that
the previous observational estimates were driven by positive selection. Indeed, when we ignore the
experimental variation and compare naturalized with non-naturalized immigrants, we document
the presence of positive selection effects with a significant citizenship premium. These effects are
present despite the fact that our sample was limited to only motivated immigrants who registered for
the program. It stands to reason that these selection effects would be even stronger in observational
designs that cannot control for motivation.

Taken together, our results cast some doubt on the prominent claim in the literature that facili-
tating access to citizenship provides an effective policy lever to accelerate the economic integration
of immigrants (Bratsberg et al., 2002; Miller and Chiswick, 1992; Gathmann and Keller, 2018;
Hainmueller et al., 2019). At least within the context of this first randomized experiment on access

to citizenship, we do not find discernible evidence of an economic citizenship premium in the short
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to medium term.

How should we judge the external validity of our experimental results? One the one hand, one
could argue that our experiment has external validity for a variety of reasons. It took place in New
York, a major urban immigrant labor market that shares many similarities with other large U.S.
metropolitan areas with a significant share of immigrants, such as Los Angeles, Chicago, Houston,
or Atlanta. In fact, currently around 85% of all immigrants in the U.S. live in the top 100 metro
areas. In addition, our experiment was embedded in the context of a typical program aiming to
promote citizenship among low income immigrants who are interested in naturalization. Moreover,
our sample involved low-income immigrants, precisely the group for which most existing research
(e.g, Bratsberg et al., 2002; Liebig, 2011) has found the largest returns to citizenship.

On the other hand, our results do not rule out the possibility of an economic citizenship premium
in other contexts. Potential moderating factors include labor market flexibility, and the intensity of
labor market discrimination based on citizenship status. Indeed, with the courts acceding greater
devolution of immigration rights to the states in the 1990s, those states with the largest immigrant
populations have been more accommodating to immigrant rights (Schuck, 1997). These factors may
well have played a role in helping legal permanent residents in New York City. Another moderating
factor is national, and concerns the difficultly of obtaining citizenship. For example, Hainmueller
et al. (2019) document positive long-term economic effects of citizenship in Switzerland, a country
with more demanding requirements for naturalization compared to the U.S. It is possible that, in
a setting where naturalization requires a more costly investment, the signaling value of citizenship
is higher, giving rise to a premium. Another factor may be historical time; in earlier eras, for
example during America’s Great Migration, a quasi-experimental study (Catron, 2019) revealed
a substantial citizenship premium. More experimental research from other contexts is needed to
better evaluate the extent to which citizenship can act as a catalyst for integration or have an
effect on other outcomes. Similarly, our results are limited to short to medium term outcomes, and
follow-up work on our sample (or other experimental samples) is needed to consider the impacts
on longer term outcomes.

Lastly, recall that our results concern the impact of access to citizenship among immigrants who
have already attained permanent residency in the United States. These results therefore do not

speak to whether there may be significant economic returns to obtaining other immigrant statuses
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such as permanent residency (Phillips and Massey, 1999; Cascio and Lewis, 2019) or other forms
of legal protection such as deferred action (Hainmueller et al., 2017¢c; Pope, 2016). Moreover, the
results do not show that citizenship has no value for immigrants. In fact, naturalization puts
immigrants on a virtually equal legal footing with natives and opens the door to benefits such as
the ability to travel and return on a U.S. passport, access to restricted jobs, the right to vote,
protection from deportation, and the opportunity to sponsor family members for visas. Consistent

with this we did find psychological benefits in terms of reduced fears of deportation.
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7 Figures and Tables

Figure 1: Experimental Design

‘ Recruitment ’

‘ Registration ’

‘ Eligibility Screening ’

Naturalization Fee
Voucher Lottery

Voucher (Treatment) No Voucher (Control)
N=1,442 N=1,360
Follow-up surveys Matched to credit data Follow-up surveys Matched to credit data
N=845 N=1,337 N=621 N=1,254
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Table 1: Summary Statistics at Baseline (Covariates)

Overall Treatment  Control  p-value N
Mean SD Mean Mean
(1) (2) 3) (4) () (6)
Panel A: Credit Bureau Data
Registered in English 0.63 0.48 0.64 0.62 0.43 2,329
Above Median HH Income 0.49 0.50 0.48 0.51 0.15 2,329

Panel B: Registration Data

Age 42.08 14.03 42.40 41.74 0.22 2,802
Female 0.54 0.50 0.54 0.55 0.72 2,802
High School Graduate 0.27 0.44 0.26 0.27 0.55 2,802
Some College 0.23 0.42 0.23 0.23 0.88 2,802
College Graduate 0.29 0.46 0.29 0.30 0.83 2,802
Registered in English 0.63 0.48 0.63 0.62 0.71 2,802
Registered in Spanish 0.34 0.47 0.33 0.34 0.41 2,802
Green Card Year 2004.50 9.93 2004.46 2004.55 0.80 2,802
Dominican Republic 0.27 0.45 0.25 0.30 0.01 2,802
Ecuador 0.08 0.27 0.08 0.09 0.35 2,802
Colombia 0.06 0.24 0.06 0.06 0.71 2,802
Married 0.40 0.49 0.40 0.41 0.46 2,802
Single 0.33 0.47 0.34 0.32 0.42 2,802

Notes: All variables are measured prior to the voucher assignment. In the credit bureau data the sample is
restricted to registrants who are matched to the credit bureau data for the year of the lottery and the three years
following the lottery (balanced four-year panel). Column five displays the p-value for the test of difference in
means between the two groups.
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Table 2: Summary Statistics at Baseline (Pre-Treatment Outcomes)

Overall Treatment  Control  p-value N
Mean SD Mean Mean
(1) (2) (3) (4) (5) (6)
Panel A: Credit Bureau Data
Income
Log Income 10.75 0.34 10.76 10.74 0.37 2,271
Credit Score
VantageScore 629.12  148.41 630.64 627.51 0.61 2,378
Financial Distress
Delinquency 1.64 1.92 1.66 1.61 0.51 2,378
Collections 0.41 0.84 0.41 0.41 0.80 2,378
Index (Distress) 1.02 1.25 1.04 1.01 0.56 2,378
Access to Credit
Open Line 0.88 0.32 0.88 0.88 0.93 2,378
Thick File 0.66 0.47 0.66 0.65 0.81 2,378
Has VantageScore 0.97 0.18 0.97 0.97 0.62 2,378
Credit Limit 8.85 1.38 8.88 8.82 0.31 1,971
Index (Access) 0.84 0.26 0.84 0.83 0.82 2,378

Fducational Investment
Student Loans 0.18 0.39 0.19 0.17 0.19 2,378

Panel B: Registration Data

Income
Log Income 10.44 0.35 10.44 10.43 0.40 2,802
Log Equivalized Income 10.13 0.20 10.13 10.13 0.96 2,802
Labor Market Outcomes
Employed 0.93 0.26 0.94 0.92 0.12 2,202
In Labor Force 0.79 0.41 0.79 0.79 0.98 2,802

Fducational Investment
In School 0.07 0.25 0.07 0.06 0.84 2,802

Notes: All variables are measured prior to the voucher assignment. In the credit bureau data the sample is
restricted to registrants who are matched to the credit bureau data for the year of the lottery and the three years
following the lottery (balanced four-year panel). The last column displays the p-value for the test of difference in
means between the two groups.
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Table 3: First Stage Results

Credit Bureau Data Survey Data
Citizenship  Citizenship  Citizenship  Citizenship
Voucher 0.346*** 0.354*** 0.366*** 0.369***
(0.024) (0.024) (0.021) (0.021)
Partial F-statistic 209.29 224.61 293.81 306.41
N 1564 1541 1984 1984
Y 0.62 0.63 0.62 0.62
Controls No Yes No Yes

Notes: The outcome is self-reported submission of the naturalization application N-400 at the first year check-
in survey and the independent variable is voucher assignment. All regressions control for randomization block
dummies and are weighted by the block-level inverse probability of treatment assignment. In the credit bureau
data the sample is restricted to registrants who are matched to the credit bureau data for the year of the lottery and
the three years following the lottery (balanced four-year panel). Robust standard errors are shown in parenthesis.

*p < 0.05, **p < 0.01, "**p < 0.001.
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Figure 2: Treatment Effects on Financial Outcomes: Graphical Evidence (Credit Bureau Data)
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Notes: Outcome means for registrants in the treatment (black solid lines) and control (blue dashed) groups by
year relative to the voucher lottery. The outcome variable is denoted in the title of each panel. Note that the
sample is restricted to registrants who are matched into the credit data for all six years (i.e. balanced six year
panel). N = 2,081. Outcomes are available for years 2018-2021, but the three cohorts registered for the voucher
lotteries in 2016, 2017, and 2018, respectively. Therefore the sample includes all three registration cohorts for
event years 0, 1, 2, and 3; event year -1 includes the 2017 and 2018 registration cohort; event year -2 includes the
2018 registration cohort; event year 4 includes the 2016 and 2015 registration cohort; and event year 5 includes
the 2016 registration cohort. Shaded regions correspond to 95% confidence intervals.
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Table 4: Treatment Effects: Three-Year Financial Outcomes (Credit Bureau Data)

Panel A: Intent To Treat Effects (ITT)

Income Credit Score Financial Distress
Index
Log Income VantageScore Delinquency Collection  (Distress)
Voucher -0.000 -12.154* 0.104 0.025 0.065
(0.012) (5.019) (0.063) (0.031) (0.041)
N 2192 2329 2329 2329 2329
Y 10.909 655.640 1.781 0.397 1.089
Access to Credit
Index
Open Line Thick File ~ Has VantageScore  (Access)  Credit Line
Voucher -0.029* 0.006 -0.009 -0.012 -0.023
(0.012) (0.017) (0.006) (0.009) (0.051)
N 2329 2329 2329 2329 1798
Y 0.895 0.711 0.974 0.860 9.352
Panel B: Local Average Treatment Effects (LATE)
Income Credit Score Financial Distress
Index
Log Income VantageScore Delinquency Collection  (Distress)
Citizenship 0.025 -37.492* 0.139 0.099 0.122
(0.041) (17.472) (0.216) (0.101) (0.138)
N 1454 1541 1541 1541 1541
Y 10.896 657.625 1.750 0.352 1.051
Access to Credit
Index
Open Line Thick File Has VantageScore  (Access) Credit Line
Citizenship -0.063 0.028 -0.025 -0.024 0.016
(0.040) (0.058) (0.022) (0.030) (0.163)
N 1541 1541 1541 1541 1217
Y 0.904 0.741 0.974 0.873 9.406

Notes: The outcome is denoted in the column header and is measured three years after voucher assignment.
Panel A presents the ITT effects and Panel B shows the LATE effects. All regressions control for randomization
block dummies, HH income, English language as well as the outcome value at baseline. The sample is restricted
to registrants who are matched in the balanced four-year panel. All regressions are weighted by the block-level
inverse probability of assignment into the treatment group. Robust standard errors are shown in parenthesis.
*p < 0.05, **p < 0.01, ***p < 0.001.
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Table 5: Treatment Effects: Panel Estimates for Financial Outcomes (Credit Bureau Data)

Panel A: Intent To Treat Effects (ITT)

Income Credit Score Financial Distress
Index
Log Income VantageScore Delinquency Collection  (Distress)
Voucher 0.002 -6.754 0.009 0.022 0.016
(0.010) (5.049) (0.054) (0.028) (0.035)
N 11949 12486 12486 12486 12486
Y 10.842 638.841 1.732 0.420 1.076
Access to Credit
Index
Open Line Thick File ~ Has VantageScore  (Access)  Credit Line
Voucher -0.010 -0.015 -0.010 -0.012 -0.057
(0.011) (0.016) (0.007) (0.009) (0.045)
N 12486 12486 12486 12486 10324
Y 0.877 0.674 0.967 0.839 9.072
Panel B: Local Average Treatment Effects (LATE)
Income Credit Score Financial Distress
Index
Log Income VantageScore Delinquency Collection  (Distress)
Citizenship 0.018 -11.929 -0.046 0.059 0.006
(0.018) (9.571) (0.102) (0.053) (0.067)
N 7819 8184 8184 8184 8184
Y 10.828 641.762 1.684 0.404 1.044
Access to Credit
Index
Open Line Thick File Has VantageScore  (Access) Credit Line
Citizenship 0.008 -0.004 -0.019 -0.005 -0.045
(0.021) (0.031) (0.014) (0.016) (0.080)
N 8184 8184 8184 8184 6813
Y 0.884 0.690 0.967 0.847 9.132

Notes: Each entry is an estimated coefficient from a separate regression of the full panel model. Panel A presents
the ITT effects and Panel B shows the LATE effects. All regressions control for individual and year fixed effects.
The sample is restricted to individuals who are matched in the balanced six-year panel. All regressions are
weighted by the block-level inverse probability of assignment into the treatment group. Standard errors are
clustered at the individual level and shown in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.
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Table 6: Treatment Effects: Dynamic Panel Estimates for Financial Outcomes (Credit Bureau
Data)

Income Credit Score Financial Distress
Index
Log Income  VantageScore Delinquency Collection (Distress)
Voucher 0.003 -0.148 0.023 0.018 0.020
(0.012) (5.485) (0.062) (0.035) (0.042)
Voucher x Years Since -0.001 -3.252 -0.006 0.002 -0.002
(0.006) (2.112) (0.028) (0.016) (0.019)
N 11949 12486 12486 12486 12486
Y 10.842 638.841 1.732 0.420 1.076
Effect After 2 Yrs 0.000 -6.652 0.011 0.022 0.016
Lower 95% CI -0.019 -16.777 -0.100 -0.033 -0.055
Upper 95% CI 0.020 3.472 0.121 0.078 0.088
Access to Credit
Index
Open Line Thick File Has VantageScore (Access) Credit Line
Voucher 0.004 -0.013 -0.001 -0.003 -0.038
(0.014) (0.019) (0.008) (0.010) (0.053)
Voucher x Years Since -0.007 -0.000 -0.004 -0.004 -0.008
(0.006) (0.008) (0.003) (0.004) (0.023)
N 12486 12486 12486 12486 10324
Y 0.877 0.674 0.967 0.839 9.072
Effect After 2 Yrs -0.010 -0.014 -0.010 -0.011 -0.054
Lower 95% CI -0.032 -0.046 -0.024 -0.028 -0.145
Upper 95% CI 0.013 0.019 0.004 0.006 0.038

Notes: As in Table 5 except that the regressions follow the dynamic panel model. Additionally, the last three
rows present the predicted effects two years after the voucher lottery along with the corresponding 95% confidence

intervals. *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure 3: Quantile Regressions: Three-Year Financial Outcomes (Credit Bureau Data)
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Notes: Each dot represents an estimated coefficient from a quantile regression of the outcome on voucher as-
signment at a specific quantile in the distribution. The outcome is denoted in the title of each panel and is
measured three years after voucher assignment. All regressions control for randomization block dummies, HH
income, English language as well as the outcome value at baseline. The sample is restricted to registrants who are
matched in the four-year panel. All regressions are weighted by the block-level inverse probability of assignment

into the treatment group. Vertical lines correspond to 95% confidence intervals obtained using robust standard
€rrors.
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Table 7: Treatment Effects: Three-Year Financial Outcomes (Survey Data)

Panel A: Intent To Treat Effects (ITT)

Income Financial Distress
Log Equivalized Log Personal Can Afford a  Can Afford a Can Afford a
Log Income Income Income $500 Expense $1,000 Expense $10,000 Expense
Voucher -0.003 0.008 0.045 0.009 0.008 0.009
(0.034) (0.036) (0.038) (0.027) (0.027) (0.018)
IET 1310 1294 1242 1415 1415 1415
Y 10.600 10.214 10.392 0.592 0.384 0.124
Panel B: Local Average Treatment Effects (LATE)
Income Financial Distress
Log Equivalized Log Personal Can Afford a  Can Afford a Can Afford a
Log Income Income Income $500 Expense $1,000 Expense $10,000 Expense
Citizenship -0.028 0.013 0.102 0.065 -0.015 0.012
(0.093) (0.099) (0.104) (0.075) (0.074) (0.050)
N 1045 1032 990 1119 1119 1119
Y 10.613 10.221 10.412 0.594 0.394 0.124

Notes: The outcome is denoted in the column header and is measured three years after voucher assignment.
Panel A presents the ITT effects and Panel B shows the LATE effects. All regressions control for randomization
block dummies, a set of baseline covariates as well as the outcome value at registration (when available). All
regressions are weighted by the block-level inverse probability of assignment into the treatment group. Robust
standard errors are shown in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.
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Table 10: Treatment Effects: Fear of Deportation (Survey Data)

Panel A: Intent To Treat Effects (ITT)

Pooled Outcomes 3-year Outcomes 4-year Outcomes 5-year Outcomes
Fear High Fear = Fear  High Fear = Fear  High Fear Fear High Fear
Voucher -0.148**  -0.074***  -0.129*  -0.053* -0.029  -0.077**  -0.284**  -0.104***
(0.045) (0.019) (0.069) (0.028) (0.090) (0.038) (0.086) (0.035)
N 1290 1290 587 587 346 346 357 357
Y 1.372 0.106 1.401 0.114 1.344 0.101 1.353 0.100

Panel B: Local Average Treatment Effects (LATE)

Pooled Outcomes 3-year Outcomes 4-year Outcomes 5-year Outcomes

Fear Low Fear Fear Low Fear Fear Low Fear Fear Low Fear

Citizenship -0.419"** -0.201"* -0.404* -0.193  -0.278  -0.277" -0.549"* -0.197""
(0.123)  (0.051)  (0.225)  (0.091)  (0.286)  (0.132)  (0.166)  (0.067)

N 1045 1045 467 467 256 256 322 322
Y 1.391 0.109 1.410 0.113 1.380 0.110 1.372 0.103

Notes: The outcome is denoted in the column header. The “Fear” outcome captures responses to a question that
asked registrants how much, if at all, they worry that they could be deported. The answer options are coded on
a four-point scale including “worry a lot” (4), “some” (3), “not much” (2), or “not at all” (1). The “High Fear”
outcome is coded as a binary indicator for answers “worry a lot” (4) and “some” (3) versus answers “not much”
(2), or “not at all” (1). Panel A presents the ITT effects and Panel B shows the LATE effects. All regressions
control for randomization block dummies, and a set of baseline covariates. All regressions are weighted by the
block-level inverse probability of assignment into the treatment group. Robust standard errors are shown in
parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.

49



Table 11: Non-Experimental Estimates: Three-Year Outcomes (Credit Bureau Data)

Income Credit Score Financial Distress
Index
Log Income  VantageScore Delinquency Collection  (Distress)
Citizenship 0.029 26.185** -0.314* -0.158** -0.236*
(0.024) (10.072) (0.147) (0.060) (0.093)
N 722 744 744 744 744
Y 10.871 659.500 1.745 0.353 1.049
Access to Credit
Index
Open Line Thick File  Has VantageScore  (Access)  Credit Line
Citizenship 0.056** 0.095** 0.012 0.054** 0.176
(0.019) (0.033) (0.011) (0.017) (0.110)
N 744 744 744 744 653
Y 0.913 0.728 0.976 0.872 9.237

Notes: The outcome is denoted in the column header and is measured three years after voucher assignment. The
independent variable of interest is the self-reported submission of the naturalization application (N-400 form).
The sample is restricted to registrants who are matched in the four-year panel and did not receive a voucher.
All regressions control for HH income and English language. Robust standard errors are shown in parenthesis.
*p < 0.05, **p < 0.01, ***p < 0.001.
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Appendix A: For Online Publication

Al1l.1 Experiment Timeline and Sample Size

Table Al presents the timeline of the experiment for each of the three registration cohorts. The
symbol “#” denotes survey waves with outcomes data. For instance, the September 2019 survey
contains one-year outcomes for the cohort that registered for the lottery in 2018, two-year outcomes
for the 2017 registration cohort, and three-year outcomes for the 2016 registration cohort.

Next, Table A2 shows the sample sizes by treatment and control groups for each year and
randomization block. In total, 1,442 out of 2,802 registrants were randomly chosen to receive a
voucher for the naturalization application, while 1,360 people were selected to be in the control

group.

Al.2 Balance Tests
A1.2.1 Survey Data

Table A3 presents balance tests using the survey data. The outcome variable is voucher assignment
and it is regressed on the covariates measured at baseline. In Column 1 we use the full sample and
in Column 2 we restrict the sample to registrants who have responded to the income question at
the three-year survey. In the bottom of the table we display the F-statistic for the test of joint
significance of all variables along with the associated p-value. We use robust standard errors. The
F-statistics are 0.5 and 0.9 in Columns 1 and 2 respectively. Overall, we find that the two groups
are well balanced on the covariates as expected given the random assignment in the lottery.

A1.2.2 Credit Bureau Matching Rate

We now turn to testing for balance in the credit bureau match rate between the treatment and
control groups. As mentioned in the main text, we provided the credit bureau with a spreadsheet
containing each registrant’s name, address and date of birth, which they used to match the records
to their credit data. This resulted in 93.3% of the registrants being matched by the bureau’s pro-
prietary algorithm in at least one year. A non-match may result from either incorrect demographic
information or a lack of a credit file. The credit bureau returned to us data files with credit infor-
mation for each matched registrant in each year during the 2016-2021 period. However, not every
registrant had a credit file in each of these six years. Hence, all registrant could be split into three
groups — those who were not matched in any of the five years (group I), those who were matched
in only some years (group II), and those who were matched in all years (group III). If a registrant
was matched in a given year, this implied they were matched in all subsequent years (i.e., there
is no attrition). For instance, a registrant might first appear in our data in 2018 which means we
have their information for 2018, 2019, 2020, and 2021, but not for 2016 or 2017. This means that
some registrants in group II could be matched in every year in the three years following voucher
assignment, while others could not. The group of registrants that were matched in the four years
starting with the year of the lottery (i.e., are in the balanced four-year panel) is the sample of
registrants for which we estimate most of our results on the impact of citizenship.

We conduct tests of whether the match rate was similar in the treatment and control group.
In Columns 1-2 of Table A4 we regress an indicator for being in group I (relative to groups II and
ITT) on voucher assignment. Note that the total number of observations (2,802) equals the total
number of people registered in the experiment as shown in Table A2. Also note that, as mentioned
above, this match rate was 93.3% (shown in the bottom).
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In Columns 3-4 we regress an indicator for being matched in every year during the 2016-2021
period. As expected, this match rate was the lowest — about 74.3%. Similarly, in Columns 5-6 we
present the same results for being matched in the first three years after voucher assignment. The
match rate to the four-year panel was around 85.0%. We use robust standard errors. None of the
coefficients are statistically significant, indicating a similar match rate in the treatment relative to
the control group.

A1.3 Survey Attrition Test

Table A5 displays the results from the survey attrition tests. The outcome variable is an indicator
for the registrant having responded to the income question at the three-year check-in survey. In
Column 1 we regress it on an indicator for voucher assignment. In Column 2 we add a set of demo-
graphic control variables and in the last column we interacted these variables with the treatment
indicator. For conciseness, we show only the regression coefficients and omit the standard errors.
In the bottom of the table we present F-statistics for joint significance of all covariates along with
the associated p-values.

Registrants in the treatment group were about 16.1% more likely to have responded to the
three-year survey. This also depends on their individual characteristics — registrants who were
college graduates and those who had more recently obtained their green card were more likely to
respond in general. The F-statistics in all three columns are large (p-values < .000), confirming
this pattern. However, attrition would bias our estimates only if this pattern were different by
treatment and control groups, e.g. if college graduates from the treatment group were more likely
to respond than college graduates in the control group. To test for this, in Column 3 we interact all
covariates with the treatment indicator. None of 15 coefficients are significant and the F-statistic
for the joint significance of these interactions is equal to .87 with p-value of 0.60. Overall, while
we see that demographics played a role in attrition, we find no strong evidence that this pattern
differed by treatment assignment. Consistent with this we find that the main results are similar
when correcting for attrition using inverse probability weighting (see Table A9).

A1.4 Robustness Checks and Additional Results
In this subsection we present several robustness checks of our main results.

e Fvent Study Plots for Other Outcomes: Figure Al follows Figure 2 and shows the event study
plot results for the remaining outcome variables. None of these plots presents evidence of a
discernible positive impact of citizenship on financial outcomes.

o Correcting For Attrition: Table A9 replicates Table 4 while multiplying the weights by the
inverse probability of responding to the income question in the three-year survey. This is a
common method for correcting for differential attrition between the treatment and control
groups. The results are similar to those without the correction. None of the coefficients are
positive and significant, thus indicating no discernible effect of citizenship.

e Panel Results with Survey Outcomes: In Table A11 we present the full panel results for the
survey data. Note that here we are limited in the number of outcome variables that we can use
as only some of the outcome questions were asked at baseline. Again, we find no evidence that
access to citizenship affects income or some of the mechanisms that might drive improvement
in financial standing such as labor market improvements and educational investment.
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Randomization Inference: Table A6 presents the results from randomization inference on our
ITT estimates presented in Panel A of Table 4. Each entry is a p-value obtained from 1,000
random permutations of the treatment indicator and estimating our three-year outcomes I'TT
model. It corresponds to the probability that these permutations produce more extreme I'TT
estimates than the ones from Panel A of Table 4. None of the p-values are smaller than
conventional testing levels, indicating that we cannot reject the sharp null of no effect of
access to citizenship on financial outcomes.

Quantile Regression results with Survey Outcomes: Quantile regression results from the sur-
vey data are displayed in Figure A3. Each dot represents an estimated coefficient of the
impact of access to citizenship on the outcome variable — income (left panel) or overall inte-
gration index (right). The vertical bars correspond to 95% confidence intervals. None of the
coefficients are statistically significant.

Multiple Hypothesis Testing Correction: Throughout the paper we use various likely corre-

lated outcome variables which can raise concerns about multiple hypothesis testing issues.
To correct for this, we applied the Holland-Copenhaver (Holland and Copenhaver, 1987)
and the Benjamini-Hochberg (Benjamini and Hochberg, 1995) procedures which control the
family-wise error rate (FWER) and the false discovery rate (FDR) respectively and calculated
“adjusted” p-values. The results are shown in Tables A7 (credit bureau data outcomes) and
A10 (survey data outcomes). In Columns 1 and 2 we display the (unadjusted) p-values that
correspond to the estimated coefficients presented in Tables 4, 7, 8, and 9 associated with the
two-sided null hypotheses that their true values are zero. In Columns 2 and 5 we show the
adjusted g-values controlling for the FWER and in Columns 3 and 6 we control for the FDR.
None of the adjusted p-values in either of the two tables falls below 0.05 (or 0.1) indicating a
lack of statistically significant coefficients once we correct for multiple hypothesis testing.

Dynamic Treatment Effects: Table A8 and Figure A2 show dynamic treatment effect esti-
mates from a panel model. Here we replicate the models show in Table 5 with person and
year fixed effects and use a set of leads and lags of the treatment indicator that indicates a
specified period relative to the timing of the treatment assignment (see, for example, Sun and
Abraham (2021)). The estimating equation is y; = 6; + o + Y, vil{t — E; = I} + €;; where
the terms d; and o; represent individual and year fixed effects, and F; indicates the year ¢
when registrant i received the voucher treatment. The reference category is [ = —1, i.e., the
year before the voucher assignment. The results are substantively similar to the other panel
models.

Results with Delta of Three-Year Outcomes: Following our pre-analysis plan, Table A12 repli-
cates the main models for the Credit Bureau data using as the outcome the change between
the three-year outcome and the pre-treatment outcome. Note that the baseline outcome is
removed from the set of controls. The results are similar to those presented in Table 4 sug-
gesting that the results are robust to specifying the model in changes from baseline rather
than levels.

Characteristics of Compliers Here we conduct analyses to characterize the sub-poplation of
compliers for the LATEs. Recall that the compliers in our analysis are those registrants who
naturalize when they receive the voucher but do not naturalize when they do not receive
the voucher in the lottery. Since we do not observe directly who is a complier, we use the
Abadie (2003) kappa weighting approach to estimate mean pre-treatment covariate values
for compliers and compare them to the mean pre-treatment covariate values in the overall
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sample of registrants. The results are displayed in Table A13. We find that the compliers
are very similar to the overall sample across the covariates in both the registration and the
credit bureau data. This supports the external validity of the LATE estimation.

o _Results with Two-Year Outcomes: Tables B1-B4 in Appendix B show the results for two-year
outcomes which we specified in the pre-analysis plan. The results are similar to the three-year
outcomes.

o Results for Sub-Groups: Tables B5-B38 show in Appendix B show the show estimates that
replicate the main models for samples restricted to specific sub-groups of registrants defined
by specific pre-treatment measures. Note that these estimates are based on smaller sample
sizes and therefore should be interpreted with caution. The null effects are largely consistent
across the subsets, but less precisely estimated than the models that leverage the full samples.
A small number of effects are significant for some outcomes in some groups, but this is to be
expected even if there are no effects given the testing across multiple subgroups. There is no
sub-group that shows any consistently significant effects across multiple related outcomes.

o Results by Registration Cohort: Tables B39-B50 in Appendix B show estimates that replicate
the main models for samples restricted to each specific registration cohort, i.e. those who
registered for the 2016, 2017, or 2018 lottery, respectively. Note that these estimates are
based on smaller sample sizes and therefore should be interpreted with caution. Just as with
the other subgroups, the null effects are largely consistent across all three cohorts, but less
precisely estimated than the models that leverage the full samples. A small number of effects
are significant for some outcomes in some cohorts, but this is to be expected even if there
are no effects given the testing across multiple subgroups. There is no cohort that shows any
consistently significant effects across multiple related outcomes.

A1.5 Occupation Codes Classification

In follow-up surveys, we asked registrants to indicate their occupations. This was an open-ended
question, so respondents could write what they thought best described their occupation. This
required us to translate answers into standardized codes that would allow us to estimate the ex-
pected income of each subject given his/her job classification. Below we describe the procedure for
translating the job description of subjects into an estimate of expected wage and education level
using the the 2018 IPUMS American Community Survey (ACS).

1. Relying on Codes for Occupation SOC (OCCSOC), we had three coders translate the 1349
unique answers on the survey to the categories in OCCSOC. One of the coders covered all
rows; two of the coders split the sample in half.

2. Although SOC codes had a specificity based on 6 digits, we determined that we could make
reasonable judgments at the 5-digit level. Note that there are about 400 unique occupations
at the 5-digit level.

3. Coders were able to classify 1080 rows (80%). In these 1080 rows, coders classified 210 unique
5-digit occupation categories. Of these inter-coder reliability was about 70%.

4. For those cases where the codings differed, we followed two procedures.

4a. First, we scraped the O*NET Code Connector web page which contains the description
of each occupation. We then used a fuzzy matching algorithm to have a third set of
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codes for each unique occupation from the survey. Where the fuzzy match agreed with
one of the two manual codes, we automatically chose that coding.

4b. Where the fuzzy match did not help distinguish the two manual codes, we reviewed the
ACS wage data for each of the two manually listed occupation codes. If the census wage
data for each occupation code was within 0.25 standard deviation (SD) of the mean
for all occupations, one of the two manually entered occupation codes was chosen at
random. However, if the income data for each of the two occupation codes was above
0.25 SD, that case was marked as a missing value and not included in estimations on
the return to citizenship for occupational status.

5. For each unique 5-digit occupation we obtained the average (log) yearly wage, average years
of education, as well as the yearly wage rank and the education rank (on the 1-399 scale)
using the 2018 ACS. We then merged this information back to the survey responses.

A1.6 Literature Review

Table A14 contains a list of academic papers studying the link between citizenship and financial
outcomes along with some information on the underlying analyses they perform.

The intuitive idea that citizenship may constitute a powerful policy instrument to speed up
immigrants’ economic integration was initially put to an econometric test in Chiswick (1978) where
no significant effect was found. But fourteen years later, a seminal paper of Bratsberg et al. (1992)
revealed a “citizenship premium” in the United State for those immigrants that receive it. Bratsberg
et al’s seminal paper, using cross-sectional data from the Current Population Survey (CPS) and
a panel of foreign-born respondents from the National Longitudinal Survey of Youth (NLSY),
estimated about a six to twelve percent citizenship premium in earnings and faster wage growth
immediately after naturalization. They concluded that “naturalization accelerates the process
of labor market assimilation” by removing employment barriers and encouraging investment in
U.S.-specific human capital. In that same year, Miller and Chiswick (1992) similarly reported a
significant citizenship premium in the U.S. and Canada. On the basis of these studies and a few less
well-identified papers, an expert panel from the National Academy of Sciences (NAS) concluded
that “a meaningful citizenship premium remains” (National Academies of Sciences, Engineering,
and Medicine, 2015, p. 13). To be sure, NAS experts and the research community recognized that
the Bratsberg et al. paper had low power due to few observations. Less obvious was that it did not
fully address the selection issue. Even in a panel set-up, immigrants who have private information
on the returns they could realize should they apply for citizenship, may have biased upwards the
estimate on the citizenship premium.

From these studies a conventional wisdom has emerged that the citizenship premium is signif-
icant in many OECD countries. While the magnitude of the citizenship premium in wages varies
from around 5% in Miller and Chiswick (1992) to 28% in Govind (2020), the large majority of
studies find positive and significant effects at least for some groups or countries. To provide an
unbiased summary of findings supporting this conventional wisdom, we chose the most cited pa-
pers in Google Scholar that themselves cited either Chiswick’s or Bratsberg et al.’s seminal articles
in which the abstract advertised a statistical test of the returns to citizenship. Of the seventeen
papers with reported results, thirteen (76%) inferred from their data that there was a significant
earnings premium for at least one country under study and/or a major immigrant group. We then
conducted a snowball sample of relevance based on references from studies in leading journals. Here
we analyzed twenty articles, with fourteen (70%) inferring a significant citizenship premium. In
the combined set of papers (seminal, cited and snowball), twelve focused primarily on U.S. data;
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of these, ten (83%) reported a positive naturalization coefficient. The two most prominent sum-
maries of this literature (Liebig, 2011; National Academies of Sciences, Engineering, and Medicine,
2015) report a positive and significant coefficient on the average returns to citizenship. Another
pattern that emerged from this literature is that there are heterogeneous effects for the citizenship
premium. Many studies find that the citizenship premium is concentrated among immigrants from
poorer countries and those that are more disadvantaged in the labor market. This gives support to
the claim in our study that the sampled population was the one most likely to enjoy a citizenship
premium.
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The symbo

Additional Figures and Tables

1 WHEn

Table Al: Timeline

Cohort 2016

Registration ends
Survey #1
Survey #2
Survey #3
Survey #4
Survey #5
Survey #6

September 2016
March 2017
November 2017#
July 2018%
September 20197
November 2020%
December 2021%#

Cohort 2017

Registration ends
Survey #1
Survey #2
Survey #3
Survey #4
Survey #5

August 2017
July 20187

May 2019
September 2019#
November 2020%
December 20217

Cohort 2018

Registration ends
Survey #1
Survey #2
Survey #3
Survey #4

July 2018
May 2019
September 20197
November 2020%
December 2021%#

denotes survey waves with outcome data. For example, the September 2019 survey contains
1-year outcomes for the cohort that registrants for the lottery in 2018, 2-year outcomes for the 2017 registration

cohort, and 3-year outcomes for the 2016 registration cohort.
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Table A2: Sample Size by Registration Cohort and Randomization Block

Notes: Number of registrants in each geographic lottery block by treatment and control assignment. The treatment
group are registrants who were selected to receive the voucher in the lottery and control group are registrants

who were not selected.

Cohort  Block ID | Treatment  Control
2016 1 23 6
2016 2 18 11
2016 3 20 8
2016 4 248 502
2017 5 168 93
2017 6 235 145
2017 7 38 8
2017 8 49 10
2018 9 244 217
2018 10 305 295
2018 11 41 20
2018 12 53 45
Total 2,802 1,442 1,360
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Table A3: Balance Test for Lottery Assignment (Registration Data)

Voucher  Voucher

(1) (2)
Log Income 0.036 0.017
(0.034) (0.048)
Green Card Year 0.000 -0.004*
(0.001) (0.002)
Age 0.001 0.001
(0.001) (0.001)
Female -0.002 -0.031
(0.020) (0.029)
Dominican Republic -0.039 -0.010
(0.025) (0.038)
Ecuador -0.030 -0.035
(0.039) (0.058)
Colombia -0.006 0.081
(0.043) (0.057)
Married 0.024 0.033
(0.027) (0.041)
Single 0.066* 0.063
(0.028) (0.042)
High School Graduate -0.009 -0.034
(0.030) (0.048)
Some College 0.008 0.017
(0.032) (0.049)
College Graduate -0.005 -0.018
(0.032) (0.047)
Registered in English -0.018 0.052

(0.054) (0.075)
Registered in Spanish -0.021 0.035
(0.058) (0.080)

N 2802 1310
Y 0.500 0.586
F-statistic 0.494 0.861
p-value 0.616 0.393

Notes: The outcome is the treatment indicator (i.e., being selected for the voucher in the lottery). In Column 2
the sample is restricted to registrants who have responded to the income question in the survey three years after
voucher assignment. The F-statistics and p-values shown in the bottom rows are computed from an omnibus test
against the joint null that all regression coefficients are equal to zero. All regressions are weighted by the block-
level inverse probability of assignment into the treatment group and control for randomization block dummies.
Robust standard errors are shown in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.
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Table A4: Balance Test for Matching to Credit Bureau Data

Matched Ever In Balanced 6-Year Panel In Balanced 4-Year Panel

(1) (2) (3) (4) (5) (6)
Voucher -0.003 0.000 -0.014 0.005 0.002 0.000
(0.009) (0.010) (0.017) (0.017) (0.014) (0.014)
N 2802 2738 2802 2738 2802 2738
Y 0.933 0.934 0.743 0.744 0.849 0.851
Controls No Yes No Yes No Yes

Notes: The outcome in Columns 1-2 is an indicator for being matched by the credit bureau for at least one year
between 2016 and 2021 while in Columns 3-4 it is an indicator for being matched in all six years of the credit
bureau data. In Columns 5-6 it is an indicator for being matched into the balanced 4-year panel, i.e. the four
years starting with the year of the lottery and the three following years. The independent variable of interest is
voucher assignment. Robust standard errors are shown in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.
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Table A5: Attrition Test for Participation in Follow-up Surveys

Responded Responded Responded
Three-Year Survey  Three-Year Survey  Three-Year Survey
(1) (2) (3)
b b b
Voucher 0.161*** 0.158*** 4.582
Log Income 0.059 0.064
Green Card Year 0.005** 0.006***
Age -0.002 -0.001
Female 0.034 0.051
Dominican Republic -0.045 -0.068*
Ecuador -0.041 -0.039
Colombia -0.015 -0.088
Married 0.063* 0.048
Single 0.059* 0.048
High School Graduate 0.058* 0.058
Some College 0.084** 0.050
College Graduate 0.135%** 0.118**
Registered in English 0.000 -0.100
Registered in Spanish -0.002 -0.078
Voucher X Log Income -0.012
Voucher X Green Card Year -0.002
Voucher X Age -0.001
Voucher X Female -0.035
Voucher X Dominican Republic 0.042
Voucher X Ecuador -0.004
Voucher X Colombia 0.144
Voucher X Married 0.034
Voucher X Single 0.026
Voucher X High School Graduate -0.006
Voucher X Some College 0.058
Voucher X College Graduate 0.024
Voucher X Registered in English 0.180
Voucher X Registered in Spanish 0.133
Voucher X Time b/w Reg. & Randomiz. -0.000
N 2802 2802 2802
Y 0.471 0.471 0.471
F-stat (all) 9.239 10.847 7.471
p-value (all) 0.000 0.000 0.000
F-stat (interactions) 0.865
p-value (interactions) 0.604

Notes: The Table shows coefficient estimates from an OLS regression model. The outcome is an indicator for
the individual having responded to the income question in the survey three years after voucher assignment. The
F-statistics and p-values labeled ‘all’ in the bottom rows are computed from an omnibus test against the joint
null that all regression coefficients are equal to zero; the F-statistics and p-values labeled ‘interactions’ in the
bottom rows are computed from an omnibus test against the joint null that all the regression coefficients for the
interactions are equal to zero. All regressions are weighted by the block-level inverse probability of assignment
into the treatment group and control for randomization block dummies. *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure Al: Treatment Effects: Additional Graphical Evidence (Credit Bureau Data)
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Notes: Outcome means for registrants in the treatment (black solid lines) and control (blue dashed) groups by
year relative to the voucher lottery. The outcome variable is denoted in the title of each panel. Note that the
sample of registrants changes with the event year. Shaded regions correspond to 95% confidence intervals.
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Table A6: Treatment Effects: Randomization Inference (Credit Bureau Data)

Income Credit Score Financial Distress
Index
Log Income  VantageScore Delinquency Collection (Distress)
p-value 0.88 0.02 0.07 0.44 0.10
Access to Credit
Index
Open Line Thick File Has VantageScore (Access) Credit Line
p-value 0.01 0.71 0.20 0.21 0.57

Notes: Each entry is a p-value obtained from 1,000 permutation tests by randomly rearranging the treatment
indicator and running our three-year outcomes I'TT model. The p-values correspond to the probability that these
permutations produce more extreme I'TT effects (i.e., two-sided tests). The underlying regressions are unweighted.
All other aspects of the estimation are as in Panel A of Table 4.

Table A7: Multiple Testing Correction of Three-Year Results (Credit Bureau Data)

ITT LATE
Outcome Unadjusted  Adjusted  Adjusted  Unadjusted  Adjusted  Adjusted
p-value FWER FDR p-value FWER FDR
(1) (2) (3) (4) () (6)
Income
Log Income 1.00 1.00 1.00 0.55 0.95 0.69
Clredit Score
VantageScore 0.02 0.13 0.08 0.03 0.28 0.32
Financial Distress
Delinquency 0.10 0.58 0.29 0.52 0.95 0.69
Collections 0.42 0.89 0.60 0.33 0.94 0.69
Index (Distress) 0.12 0.58 0.29 0.38 0.94 0.69
Access to Credit
Open Line 0.01 0.13 0.08 0.12 0.68 0.60
Thick File 0.71 0.96 0.79 0.63 0.95 0.70
Has VantageScore 0.16 0.66 0.33 0.25 0.90 0.69
Credit Limit 0.65 0.96 0.79 0.92 0.95 0.92
Index (Access) 0.20 0.67 0.33 0.43 0.94 0.69

Notes: Columns 1 and 4 present the p-values of the coefficients displayed in Panels A and B of Table 4, respectively.
Columns 2 and 5 show the g-values after the Holland-Copenhaver adjustment for multiple hypothesis testing
controlling the Family-wise Error Rate (FWER). Columns 3 and 6 display the g-values after the Benjamini-
Hochberg correction controlling the False Discovery Rate (FDR).
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Table A8: Dynamic Treatment Effects: Panel Estimates (Credit Bureau Data)

Panel A: Intent To Treat Effects (ITT)

Income Credit Score Financial Distress

Index
Log Income VantageScore Delinquency Collection  (Distress)
Years Since Lottery: -2 0.008 0.544 -0.020 0.015 -0.002
(0.011) (7.670) (0.074) (0.036) (0.048)
Years Since Lottery: 0 -0.017 4.215 -0.008 -0.012 -0.010
(0.009) (5.324) (0.051) (0.028) (0.034)
Years Since Lottery: 1 -0.007 1.240 0.004 0.019 0.012
(0.012) (6.702) (0.068) (0.035) (0.044)
Years Since Lottery: 2 -0.009 -5.905 0.001 0.016 0.008
(0.014) (7.548) (0.078) (0.041) (0.051)
Years Since Lottery: 3 -0.007 -9.398 0.003 0.010 0.006
(0.016) (8.264) (0.088) (0.045) (0.058)
Years Since Lottery: 4 -0.006 -14.430 -0.013 0.020 0.003
(0.020) (9.280) (0.107) (0.055) (0.070)
Years Since Lottery: 5 0.007 -12.164 -0.068 0.036 -0.016
(0.028) (11.218) (0.139) (0.079) (0.095)
N 11949 12486 12486 12486 12486
Y 10.842 638.841 1.732 0.420 1.076
Access to Credit
Index
Open Line Thick File Has VantageScore  (Access)  Credit Line

Years Since Lottery: -2 0.007 -0.025 0.003 -0.005 -0.133*
(0.015) (0.024) (0.011) (0.012) (0.063)
Years Since Lottery: 0 0.016 0.002 0.005 0.008 0.031
(0.012) (0.016) (0.007) (0.009) (0.041)
Years Since Lottery: 1 0.006 -0.014 0.000 -0.003 -0.037
(0.015) (0.021) (0.009) (0.011) (0.056)
Years Since Lottery: 2 0.001 -0.021 -0.008 -0.009 -0.050
(0.017) (0.023) (0.010) (0.013) (0.066)
Years Since Lottery: 3 -0.006 -0.010 -0.017 -0.011 -0.060
(0.018) (0.025) (0.012) (0.014) (0.072)
Years Since Lottery: 4 -0.014 -0.032 -0.020 -0.022 -0.081
(0.021) (0.030) (0.013) (0.016) (0.086)
Years Since Lottery: 5 -0.036 -0.034 -0.020 -0.030 -0.104
(0.027) (0.039) (0.015) (0.020) (0.113)
N 12486 12486 12486 12486 10324
Y 0.877 0.674 0.967 0.839 9.072

Notes: Each entry is a set of estimated coefficients from a separate regression of a full dynamic panel model.
All regressions control for individual and year fixed effects. The treatment variables are coded using indicators
variables for being in a specified period relative to the timing of the treatment assignment. The reference category
is t — 1, the year before for the lottery assignment. The sample is restricted to individuals who are matched in the
six-year panel. All regressions are weighted by the block-level inverse probability of assignment into the treatment
group. Standard errors are clustered at the individual level and shown in parenthesis. *p < 0.05, **p < 0.01,

“*p < 0.001.
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Effect on Log Income

Effect on Log Income

Figure A2: Dynamic Treatment Effects: Panel Estimates (Credit Bureau Data)
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Notes: Each dot represents an estimated treatment effect coefficient from the full dynamic panel models show
in Table A8. The outcome is denoted in the title of each panel. Vertical lines correspond to 95% confidence
intervals obtained using robust standard errors.
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Table A10: Multiple Testing Correction of Three-Year Results (Survey Data)

ITT LATE
Outcome Unadjusted  Adjusted  Adjusted  Unadjusted  Adjusted  Adjusted
p-value FWER FDR p-value FWER FDR
(1) 2) (3) (4) (5) (6)
Panel A: Main Outcomes

Income
Log Income 0.93 1.00 0.93 0.77 1.00 0.90
Log Equivalized Income 0.83 1.00 0.93 0.90 1.00 0.90
Log Personal Income 0.24 0.81 0.93 0.33 0.91 0.90

Financial Distress
Can Afford a $500 Expense 0.74 1.00 0.93 0.39 0.91 0.90
Can Afford a $1,000 Expense 0.76 1.00 0.93 0.84 1.00 0.90
Can Afford a $10,000 Expense 0.63 0.99 0.93 0.80 1.00 0.90

Panel B: Economic Mechanisms

Educational Investment
In School 0.19 0.77 0.47 0.02 0.15 0.16
Employed 0.31 0.80 0.47 0.32 0.90 0.82
In Labor Force 0.54 0.80 0.54 0.98 0.98 0.98

Occupational Upgrading
Average Wage 0.27 0.80 0.47 0.41 0.93 0.82
Wage Rank 0.34 0.80 0.47 0.70 0.97 0.82
Average Education 0.23 0.79 0.47 0.51 0.94 0.82
Education Rank 0.43 0.80 0.50 0.70 0.97 0.82

Panel C: Non-Economic Integration

Overall Index 0.96 1.00 0.96 0.89 1.00 0.93
Overall Index* 0.88 1.00 0.96 0.72 1.00 0.93
Political 0.79 1.00 0.96 0.62 1.00 0.93
Economic 0.85 1.00 0.96 0.90 1.00 0.93
Linguistic 0.87 1.00 0.96 0.57 1.00 0.93
Navigational 0.43 0.98 0.96 0.58 1.00 0.93
Psychological 0.35 0.97 0.96 0.19 0.82 0.93
Social 0.49 0.98 0.96 0.93 1.00 0.93

Notes: Columns 1 and 4 of Panel A present the p-values of the coefficients displayed in Panels A and B of Table
4, respectively. Columns 1 and 4 of Panel B do the same for the estimates shown in Tables 7 - 9. Columns 2
and 5 show the g-values after the Holland-Copenhaver adjustment for multiple hypothesis testing controlling the
Family-wise Error Rate (FWER). Columns 3 and 6 display the g-values after the Benjamini-Hochberg correction
controlling the False Discovery Rate (FDR). The adjustments are made within each Panel.
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Table A11: Treatment Effects: Full Panel Estimates (Survey Data)

Panel A: Intent To Treat Effects (ITT)

Income Labor Market Outcomes Educational Investment

Log Equivalized

Log Income Income Employed In Labor Force In School
Voucher -0.009 -0.009 -0.019 0.022 -0.006
(0.034) (0.034) (0.025) (0.027) (0.014)
N 7409 7335 6010 8373 8373
Y 10.522 10.166 0.892 0.725 0.048
Panel B: Local Average Treatment Effects (LATE)
Income Labor Market Outcomes Educational Investment
Log Equivalized
Log Income Income Employed  In Labor Force In School
Citizenship -0.057 -0.047 -0.048 0.052 -0.063
(0.079) (0.078) (0.052) (0.065) (0.035)
N 5289 5220 4084 6317 6317
Y 10.547 10.175 0.897 0.708 0.049

Notes: Each entry is an estimated coefficient from a separate regression of the full panel model. Panel A presents
the ITT effects and Panel B shows the LATE effects. All regressions control for individual and year fixed
effects. All regressions are weighted by the block-level inverse probability of assignment into the treatment group.
Standard errors are clustered at the individual level and shown in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure A3: Quantile Regressions: Three-Year Outcomes (Survey Data)
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Notes: Each dot represents an estimated coefficient from a quantile regression of the outcome on voucher assign-
ment at a specific point in the distribution. The outcome is denoted in the title of each panel and is measured
three years after voucher assignment. All regressions control for randomization block dummies and a set of
baseline covariates. All regressions are weighted by the block-level inverse probability of assignment into the
treatment group. Vertical lines correspond to 95% confidence intervals obtained using robust standard errors.
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Table A12: Treatment Effects: Change in Outcomes Between Three-Year Outcome and Baseline
(Credit Bureau Data)

Panel A: Intent To Treat Effects (ITT)

Income Credit Score Financial Distress
Index
Log Income VantageScore Delinquency Collection  (Distress)
Voucher -0.000 -14.686* 0.088 0.026 0.057
(0.013) (5.924) (0.069) (0.037) (0.045)
1}1 2192 2329 2329 2329 2329
Y 0.160 26.513 0.149 -0.011 0.069
Access to Credit
Index
Open Line Thick File Has VantageScore (Access) Credit Line
Voucher -0.032* -0.002 -0.014 -0.016 -0.072
(0.014) (0.021) (0.008) (0.010) (0.059)
N 2329 2329 2329 2329 1798
Y 0.012 0.058 0.006 0.025 0.433
Panel B: Local Average Treatment Effects (LATE)
Income Credit Score Financial Distress
Index
Log Income VantageScore Delinquency Collection (Distress)
Citizenship 0.021 -47.120* 0.087 0.107 0.097
(0.046) (20.663) (0.234) (0.118) (0.151)
IET 1454 1541 1541 1541 1541
Y 0.170 24.751 0.194 -0.029 0.082
Access to Credit
Index
Open Line Thick File Has VantageScore  (Access)  Credit Line
Citizenship -0.071 0.022 -0.056 -0.035 -0.044
(0.048) (0.070) (0.030) (0.035) (0.184)
N 1541 1541 1541 1541 1217
Y 0.017 0.074 0.007 0.033 0.443

Notes: The outcome is denoted in the column header and is measured as the difference between the outcome
three years after voucher assignment and the outcome at baseline in the month before the voucher assignment.
Panel A presents the ITT effects and Panel B shows the LATE effects. All regressions control for randomization
block dummies, HH income and English language. The sample is restricted to registrants who are matched in
the four-year panel. All regressions are weighted by the block-level inverse probability of assignment into the
treatment group. Robust standard errors are shown in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001.
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Table A13: Baseline Covariates for Compliers and the Overall Sample of Registrants

Overall Compliers
Mean Mean

Panel A: Credit Bureau Data

Income
Log Income 10.73 10.76
Credit Score
VantageScore 669.06 668.24
Financial Distress
Delinquency 1.40 1.58
Collections 0.26 0.32
Index (Distress) 0.83 0.95
Access to Credit
Open Line 1.00 1.00
Thick File 0.78 0.74
Has VantageScore 1.00 1.00
Credit Limit 8.90 8.90
Index (Access) 0.93 0.91

Fducational Investment
Student Loans 0.20 0.14

Panel B: Registration Data

Income
Log Income 10.45 10.45
Log Equivalized Income 10.13 10.12

Labor Market Outcomes
Employed 0.93 0.93
In Labor Force 0.78 0.79

FEducational Investment
In School 0.07 0.05
Age 41.43 42.35
Female 0.55 0.66
High School Graduate 0.26 0.22
Some College 0.23 0.25
College Graduate 0.32 0.32
Registered in English 0.62 0.56
Registered in Spanish 0.34 0.41
Green Card Year 2004.93 2004.93
Dominican Republic 0.27 0.29
Ecuador 0.08 0.06
Colombia 0.06 0.08
Married 0.41 0.45
Single 0.34 0.32

Notes: All variables are measured prior to the voucher assignment. In the credit bureau data the sample is
restricted to registrants who are matched to the credit bureau data for the year of the lottery and the three years
following the lottery (balanced four-year panel). The covariate means for the compliers are computed using kappa
weighting (Abadie (2003)). Note that for both data sets the sample is restricted to registrants for whom the full
covariate data is available to compute the kappa weights.
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