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1 Introduction

Our behavior is shaped by innate characteristics, contextual factors, as well as the long-
lasting influence of our family upbringing and the environment in which we grew up. Much
of the work of social scientists has been dedicated to assessing the contributions of these
four sets of factors. In democracies, where the designation of political leaders is delegated to
millions of citizens and ensuring strong electoral participation is a constant struggle, special
attention has been given to the forces that make us favor one party over another and that
bring us to vote instead of abstaining. In influential work, Fowler et al. (2008) establish
the importance of genetic factors by comparing the correlation in political behavior between
monozygotic vs. dizygotic twins. Beyond genes, studies such as Jennings et al. (2009) and
Healy and Malhotra (2013) point to family transmission of political attitudes. Cantoni and
Pons (2022) assess the share of cross-state variation in turnout and party affiliation due to
people’s current environment by tracking changes in the behavior of voters who move across
states. Existing evidence assessing the influence of childhood environment on later political
outcomes is less definitive. Recent studies have focused on specific components of childhood
environment, including racial context (Billings et al., 2021; Brown et al., 2021; Kaplan et al.,
2021), economic adversity (Chyn and Haggag, 2019; Elder et al., 2023; McNeil et al., 2023),
school quality (Cohodes and Feigenbaum, 2021), and immigration (Bolotnyy et al., 2022),
but we lack evidence on the combined effect of all such factors.

In this paper, we measure the overall impact of where voters grow up during childhood and
adolescence on their partisanship and political behavior as adults. Our analysis first exploits
administrative voter file data provided by TargetSmart, which include the exact residential
address, individual turnout, and, in states recording it, party affiliation of all registered
voters in the United States from 2012 through 2021. These data do not tell us where people
grew up. To obtain that information, we identify the parents of young voters as individuals
who share the same last name and address and are more than 15 years older, we retrieve
parents’ address histories going back to 1992 from a second dataset provided by Infutor, and
we assume that children live and move with their parents before turning 18.

The strategy we use to estimate the causal effect of childhood environment closely follows
Chetty and Hendren (2018a), who measure effects on economic outcomes such as adult earn-
ings. We focus on people who relocated once during their childhood and compare individuals
who moved between the same origin and destination counties but at different ages. Then, we
ask whether the political behavior of those who moved earlier and thus spent more time in
the destination county is more similar to the behavior of permanent residents in that place.
For instance, differences in outcomes between children who moved at age six versus age seven
enable us to measure the effect of spending one additional year (the seventh year) in the
destination. Importantly, we do not need to assume that children’s potential outcomes are
independent from parents’ choice of where to live, only that they are uncorrelated with the
timing of moves.

Our main estimates measure effects in the first election in which people are eligible to vote
after coming of age. We find that children who move to the destination county at a younger
age are more influenced by that environment. Overall, our results imply that spending



one’s entire childhood (ages 0 to 19) in a county where permanent residents end up 10
percentage points (p.p.) more Republican in their first election increases one’s own likelihood
of registering as a Republican by 4.72 p.p. This effect is 4.05 p.p. for Democratic partisan
registration. Turnout effects are similar, with a 10 p.p. increase in permanent resident
outcomes corresponding to a 4.75 p.p. individual increase. In other words, the environment
in which people grow up makes their future partisanship and political participation become
40 to 50% more similar to the people they grow up around. The influence of place persists
beyond the first election but decays over time, with a stronger decay for turnout than for
party affiliation.

We address concerns of endogeneity in the timing of moves by verifying that our estimates
are robust to controlling for observable parent characteristics or including family fixed effects,
thereby only using variation across siblings who moved at the same time but spent different
portions of their childhood in the same origin and destination. Furthermore, we show that
movers’ outcomes are better predicted by the outcomes of permanent residents of the exact
same age, gender, or race and infer that our results are unlikely to be driven by shocks
affecting both parents’ decision to relocate and their children’s future outcome. A separate
concern is that sample selection bias could arise from focusing on individuals that can be
linked to parents and, for the most part, had to be registered on the voter rolls at least once
to enter the data. Reassuringly, the magnitude of exposure effects does not vary much with
the registration rate in the county. It also remains very similar when focusing on voters who
turn 18 shortly before Election Day and are thus more likely to live with their parents and
be linked to them around the time they register for their first election.

To understand how exactly the childhood environment shapes future outcomes, we first
compare exposure effects across different ages. We observe a steeper gradient in the corre-
spondence between the outcomes of one-time movers and permanent residents across teenage
years compared to pre-teen years, indicating that much of the exposure effects occur during
adolescence. In a separate analysis considering individuals who move multiple times, we
compare individuals who spend the same number of childhood years in a county, but at
different ages, and find larger exposure effects during adolescence again. On average, the
influence of the environment in which one lives between ages 13 and 19 is four times as large
as between ages 0 and 12.

Finally, we explore the mechanisms driving place effects. To check whether the effects on
young adults’ political behavior are mediated by effects on socioeconomic outcomes, we use
sample restrictions that hold the effects of neighborhoods on future earnings and educational
attainment constant across origin and destination locations. The magnitude of the effects
remains almost identical, suggesting that childhood environments impact future political
behavior directly. We further compare effects on people who move across states, across
counties within the same state, and across ZIP codes within the same county, to disentangle
the importance of factors varying at each of these levels. We find that state-level factors
such as electoral procedures and the party exerting power account for much of the exposure
effects on voter turnout, and for a smaller portion of the effects on party affiliation. Rather,
young voters’ partisanship is influenced by factors varying at the sub-state level, such as
schools or peer effects.



Overall, we make two core contributions to the literature. First, we present the most compre-
hensive evidence to date on the causal effect of childhood location on adult political behavior.
We build on recent work that documents large and long-lasting effects of childhood neighbor-
hoods on other adult outcomes such as earnings, educational attainment, health, marriage,
and criminal activity (e.g., Kling et al., 2007; Damm and Dustmann, 2014; Bell et al., 2018;
Chetty and Hendren, 2018b; Chyn, 2018; Deutscher, 2020; Laliberté, 2021; Nakamura et al.,
2021; Derenoncourt, 2022).! Our study is also closely related to Cantoni and Pons (2022),
who measure the immediate influence of the context in which a voter currently lives (e.g.,
state voting rules and the political and economic environment) on their electoral participa-
tion and party affiliation, and find particularly strong effects for young adults.? We study
similar outcomes but focus instead on the long-term influence of the context in which voters
grew up on their behavior today. Most of the preexisting research on the impact of childhood
context on political behavior focuses on specific components (e.g., Billings et al., 2021; Ka-
plan et al., 2021; Cohodes and Feigenbaum, 2021). In recent work, Chyn and Haggag (2019)
and Elder et al. (2023) study individuals displaced from disadvantaged neighborhoods during
childhood due respectively to the demolition of Chicago housing projects and the Moving to
Opportunity experiment, and they find contrasting effects of these relocations on adult par-
ticipation. Our quasi-experimental strategy pools information from all registered citizens in
the U.S., hence speaking to a much broader population. In addition, we study neighborhood
exposure effects not just on turnout but also on partisan affiliation.

Second, we build on previous work in economics and political science that has documented
the specific importance of adolescent years (e.g., Sears and Valentino, 1997; Pacheco, 2008;
Neundorf and Smets, 2017; Ghitza et al., 2023) and of the context of one’s first election
(e.g., Mullainathan and Washington, 2009; Dinas, 2014) for the formation of long-lasting
partisan attachments and political behavior. Our empirical design enables us to compare the
influence of each and every age and reveals that early childhood environment does influence
future political behavior but that the impact of the environment in which one lives during
adolescence years is much larger. This result constitutes comprehensive evidence on the
importance of formative experiences during teenage years.

The rest of the paper proceeds as follows. Section 2 describes the data and the construction
of our analysis sample and Section 3 presents our empirical strategy. In Section 4, we show
the main results as well as robustness checks addressing concerns regarding the identifica-
tion assumption and the risk of sample selection bias. Section 5 compares exposure effects
at different ages using multiple-time movers, and Section 6 investigates the mechanisms re-
sponsible for childhood neighborhood effects. In Section 7, we conclude by discussing the
broader implications of our results.

1See Chyn and Katz (2021) for a systematic review of the recent literature on neighborhood effects.

20ther work on the influence of contemporary context on adults’ partisanship, political behavior, and a
range of social and political attitudes includes Huckfeldt and Sprague (1987), Campbell (2006), Perez-Truglia
(2018), Brown (2023), and Berry and Trounstine (2023).



2 Data and sample

Our analysis requires combining young voters’ political behavior and their address history.?
We measure their political behavior using data from TargetSmart, described in Section 2.1.
We do not observe their address history before 18 directly, but we assume that it is shared
with their parents. We measure the address history of their parents using Infutor data,
described in Section 2.2. Section 2.3 explains how we match young voters with their parents,
Section 2.4 describes our main outcomes and provides summary statistics, and Section 2.5
discusses possible sources of sample selection.

2.1 TargetSmart data

We obtained our voter data from TargetSmart, a vendor that collects public voter lists,
combines them with commercial data, and sells these data to campaigns, non-profits, and
researchers. The data consist of yearly nationwide snapshots covering all registered voters in
the country as well as some unregistered people from 2012 to 2021. These snapshots contain
each voter’s name, residential address, gender, race, date of birth, whether or not they were
registered and voted in prior elections, and their party affiliation. Gender is recorded in many
states and imputed or sourced from commercial data by TargetSmart otherwise. Race is
directly recorded for some or all years in eight states (Alabama, Florida, Georgia, Louisiana,
North Carolina, South Carolina, Tennessee, and Texas), and sourced from commercial data
or imputed by TargetSmart based on surname and local census demographics otherwise.*
We observe the exact date of birth of the majority of individuals.® Thirty states and the
District of Columbia record party affiliation in their voter data, while the other twenty do
not offer voters the option of affiliating with a party when they register.® Party affiliation
has been found repeatedly to be one of the strongest predictors of an individual’s likelihood
to vote for Republican or Democratic candidates (e.g., Bartels, 2000; Green et al., 2008;
Guo, 2023).

We construct a panel of all individuals appearing in the TargetSmart data by matching
records that correspond to the same person across states and over time. Our cleaning
and de-duplicating procedure uses state-level administrative identifiers, personal informa-
tion including name and date of birth, turnout history, as well as TargetSmart’s own linkage
model, which incorporates external information such as the USPS National Change of Ad-
dress Database. The full procedure is explained in detail in Appendix C. There, we also
present validation checks showing that the de-duplicated TargetSmart data mirror inde-

3Throughout, we will use “voters” to designate all individuals with the right to vote, including people
who may actually abstain.

40verall, 53.8% of individual-year observations include gender information sourced directly from state
records, and 14.9% include race information sourced directly.

5The recorded birth date for 23% of voters in the sample is January 1. It is likely that only the year of
birth, rather than the exact date of birth, was recorded for these voters. In Appendix Table Al, we show
that estimates excluding these individuals are similar to the main results in Table 2.

6The states recording party affiliation are Alaska, Arizona, California, Colorado, Connecticut, Delaware,
the District of Columbia, Florida, Iowa, Idaho, Kansas, Kentucky, Louisiana, Massachusetts, Maryland,
Maine, North Carolina, Nebraska, New Hampshire, New Jersey, New Mexico, Nevada, New York, Oklahoma,
Oregon, Pennsylvania, Rhode Island, South Dakota, Utah, West Virginia, and Wyoming.

4



pendent sources of information about the number of registered voters, voter turnout, and
Republican and Democratic vote shares in each state.”

2.2 Infutor data

We build the address histories of young voters’ parents using data from the vendor Infutor,
which aggregates public and proprietary data such as phone books, property deeds, voter
files, magazine subscriptions, and credit header files.® These data include 168 million individ-
uals born between 1947 and 1977, corresponding to the cohorts of likely parents in our data.
Each record indicates the person’s full name, current residential address, date of birth,? and
gender. Crucially, these data also include longitudinal address information covering more
than 1.3 billion address observations from 1992 to 2021.

Infutor’s coverage of the adult population is relatively comprehensive, particularly so since
2000 (Diamond et al., 2019). In Appendix B, we show that the number of Infutor records
lines up with counts of the adult population from the decennial census and that the data
are representative across U.S. counties.!® Coverage is particularly good for individuals in
the likely age range of parents during young voters’ childhood and adolescence (i.e., 30 to
49 years old), who are also the likely parents in our sample. Coverage is worse for younger
individuals, since they are less likely to appear in some of the sources that Infutor relies on,
such as credit header files and property deeds.

2.3 Merge between TargetSmart and Infutor data

To build our sample, we focus on young voters: individuals who appear in the TargetSmart
data and are between 18 and 24 years old at any point between 2012 and 2021. We link

"Appendix Figure Bl plots the number of TargetSmart registered voters in each state in 2021 against
the 2020 Current Population Survey (CPS) estimates of registered voters. State-level counts are plotted
separately for four age groups: voters 18 to 24 years old, 25 to 34, 35 to 44, and 45 to 64. For each group,
the counts in TargetSmart closely match those in the CPS, but they are generally larger, with slopes between
1.066 and 1.148. The fact that TargetSmart includes more registered voters is likely due to deadwood and
imperfect de-duplication. Appendix Figure B2 plots the total number of votes in 2020 from the TargetSmart
data against turnout from state-level administrative reports collected by the United States Election Project
(McDonald, 2020). State-level correlations are again close to 1. Finally, Appendix Figure B3 plots the
proportion of registered Democrats and Republicans in each state against the 2020 presidential vote share
and shows a similarly high correspondence.

8For further information on the Infutor data and previous studies using them, see Diamond et al. (2019),
Pennington (2021), and https://infutor.com/on-premise-identities/total-research-education (ac-
cessed September 19, 2023).

9Gince the Infutor data do not include the day of birth, by date of birth we henceforth mean the month
and year of birth when we refer to these data.

10 Appendix Figure B4 shows counts of active Infutor records — i.e., individuals appearing in the dataset
by a given date and not flagged as deceased — divided by the total adult population in each decennial census
from 1990 to 2020. Data coverage in 2000 and later is close to or exceeds 100%. Further corroborating the
good coverage of the Infutor data, Appendix Figure B5 reports estimated slopes and R? statistics from linear
fits of county-level headcounts in the Infutor data on county-level total adult population in each decennial
census. Both the slope and the R? approach one in 2000 and later years. The estimated slope for 1990 is
lower (0.504), but the R? remains high, suggesting that, even in earlier years, the Infutor data are quite
representative.



them to their parents: individuals with the same last name, living at the same address, more
than 15 years older, and present either in the TargetSmart or Infutor data.'! We provide
more details about this procedure in Appendix C. In total, we link 62.4% of young voters
to a parent. Young voters whom we fail to link to a parent include those who never appear
at an address where we also observe their parents and those who live at the same address
but have a different last name.

We then construct Infutor address histories for parents. The address history is immediately
available for parents identified in Infutor, but parents identified in TargetSmart first need to
be matched to Infutor records based on name, date of birth, and address. We successfully
match 87.3% of TargetSmart parents to Infutor records.

We build parents’ address histories using only Infutor data. Our dataset associates each
parent and year to at most one ZIP code. We drop return moves that take place suspiciously
close to an earlier move: if an individual moves from ZIP code A to ZIP code B and, within
one year, relocates back to the exact same address in ZIP code A, we drop this return
move.

We assume that children move with their parents until we observe them in the voter file
data. We pick exactly one parent from whom to infer the address history of each young
voter, using the following lexicographic order: the parent with the longest address history,
the parent with the most recent address observation, the female parent, and the youngest
parent. We define children who share the same primary parent as siblings and assign them
to the same family unit.

Appendix Figure B6 plots the probability of moving across any two states any year for parents
in the linked TargetSmart/Infutor data against the probability of a cross-state move from
2000 to 2019 in the American Community Survey (ACS), measured for a similar sample of
adults with children. The slope is 0.710 and the R? is 0.444, indicating high correspondence
between interstate mobility measured in our linked sample and in the ACS.

2.4 Outcomes and summary statistics

Our analysis focuses on 18 to 24 year old voters in TargetSmart whose parents’ address
history could be retrieved from Infutor and who were born between November 1992 and
October 2002. This time frame ensures that we observe these voters in the first general
election for which they were eligible to vote, since the TargetSmart data cover the 2012 to
2020 election cycles.

Our main sample includes a total of 15.5 million young voters: 11.0 million permanent
residents, defined as voters whose parents never changed county between the year these
voters were born and the year they reached age 24, and 4.5 million one-time movers, whose
parents moved across counties exactly once before they reached 24.12 Note that permanent

HFor other papers using last name, address, and date of birth to build family links, see e.g., Hersh and
Ghitza (2018) and Pons and Liegey (2018).

12Tn analyses shown in Section 5, we also include voters whose parents moved across counties twice or
thrice. Furthermore, in Section 6.1, we study moves across ZIP codes, including some taking place within



residents and one-time movers are defined based only on the address history of their parents,
irrespective of the residential moves that they may make themselves after age 18.

Table 1 presents summary statistics for both types of voters. The mean year of birth in
our sample is 1997 for both permanent residents (Panel a) and one-time movers (Panel b).
In each group, about 51% of individuals are male. Movers are somewhat more likely to be
white and less likely to be Black than permanent residents. Permanent residents and movers
are linked to parents associated with 1.6 and 1.5 children on average, respectively.

Our first set of outcomes is based on turnout as recorded in the voter file data.'® Our main
participation outcome indicates whether individuals voted in the first general election for
which they were eligible. We find comparable values for permanent residents and one-time
movers: 42.7% and 44.9%, respectively.

Next, we construct outcomes regarding party affiliation for voters in the states that record
this information.!* Our main outcomes indicate whether an individual was registered with
the Democratic or the Republican party in their first general election. These outcomes are
equal to zero if the individual is not registered on the voter rolls or if they are registered but
not affiliated with the party. They are missing for individuals living in states that do not
record party affiliation. Once again, we find comparable values for permanent residents and
movers: 19.2% of permanent residents and 21.0% of movers register with the Republican
Party in their first election, and the corresponding values for the Democratic Party are
26.3% and 24.1%. A small fraction of permanent residents and movers (2.1% and 2.0%) is
affiliated with one major party in some elections and with the other major party in other
elections.

Panel b of Table 1 presents additional statistics for one-time movers. On average, these
individuals move at age 11, to a county located 377 miles away. (The median move distance
is 61.7 miles.) We further characterize their counties of origin and destination by computing
outcome means among permanent residents of the same birth cohort. Appendix Figure Al
plots the distributions of permanent resident outcomes at the county-by-cohort level and
Appendix Figures A2 and A3 show maps of the variation in these outcomes across counties.
The maps for party affiliation reveal familiar patterns of geographic segregation along party
lines, with higher shares of Democrats in urban coastal counties and of Republicans in interior
and rural counties. The turnout map, instead, reveals a North-versus-South gradient, with
higher rates of voter participation in Northern states than in their Southern counterparts.
On average, movers relocate to counties that differ meaningfully with respect to turnout

the same county.

BQOur voter files report an individual’s entire voter turnout history in that state up to the date the file
was drawn. For example, the 2021 voter file includes turnout in 2018, 2016, 2014, etc. Unlike the outcomes
related to party affiliation, we define turnout outcomes by checking whether any voter file snapshot linked
to an individual indicates that they voted in a particular election. Indeed, states can take multiple years to
fully update their turnout records. Furthermore, using all snapshots enables us to account for movers whose
earlier turnout history may not be reflected in the most recent voter file record linked to them.

14n election years, voter files may have been drawn or updated months before Election Day. Thus, we
assess individuals’ party affiliation based on voter files from the year after that election. In addition, to assess
whether an individual lived in a state that records party affiliation, we use the parents’ address history until
the individual is first observed in the voter file data, and the individual’s address from the voter file thereafter.



Table 1: Summary Statistics for Permanent Residents and One-Time Movers

(a) Permanent residents

Mean Std. dev. Num. of obs.
Birth year 1997.4 2.87 10,986,694
Male 0.505 0.500 10,319,042
White 0.707 0.455 10,634,844
Black 0.105 0.307 10,634,844
Hispanic 0.148 0.356 10,634,844
Asian 0.033 0.178 10,634,844
Other race 0.007 0.084 10,634,844
Number of children in family 1.55 0.74 10,986,694
Voted in first election 0.427 0.495 10,986,694
Republican in first election 0.192 0.394 6,250,638
Democrat in first election 0.263 0.440 6,250,638
Ever Republican and Democrat 0.021 0.144 6,403,265
State records party 0.575 0.494 10,985,015

(b) One-time movers

Mean Std. dev. Num. of obs.
Birth year 1997.4 2.84 4,489,370
Male 0.509 0.500 4,261,865
White 0.813 0.390 4,349,884
Black 0.073 0.260 4,349,884
Hispanic 0.077 0.267 4,349,884
Asian 0.030 0.169 4,349,884
Other race 0.007 0.083 4,349,884
Number of children in family 1.49 0.70 4,489,370
Voted in first election 0.449 0.497 4,489,370
Republican in first election 0.210 0.408 2,501,946
Democrat in first election 0.241 0.428 2,501,946
Ever Republican and Democrat 0.020 0.142 2,610,052
Age at move 11.2 7.53 4,489,370
Move distance (mi.) 377.3 599.9 4,489,370
Origin and destination states record party 0.466 0.499 4,489,370
Abs. exposure difference in voted 0.065 0.062 4,488,514
Abs. exposure difference in Republican 0.088 0.077 2,089,713
Abs. exposure difference in Democrat 0.099 0.084 2,089,713

Notes: We show summary statistics for permanent residents (Panel a) and one-time movers (Panel
b). The samples and variables are defined in the text.



and party affiliation among permanent residents of the same birth cohort: For turnout,
the average absolute difference between origin and destination is 6.5 p.p., and for affiliation
with the Republican (resp. Democratic) Party it is 8.8 p.p. (resp. 9.9 p.p.). Note that the
latter statistics are computed on the subsample of 46.6% of one-time movers moving between
states that both record party affiliation. We will make the same sample restriction when
estimating childhood neighborhood effects on party affiliation, since our empirical strategy
exploits outcome differences between the origin and destination counties.

2.5 Sample selection

Sample selection may affect our analysis data for two reasons. First, the TargetSmart data
mostly cover individuals who are registered on the voter rolls at least once during our sample
period. The data do include some individuals who never register, identified through com-
mercial records provided by data aggregation firms. Furthermore, we include observations
for individuals who register at some point also in years in which they were not registered
but eligible to vote. In the average election, 23.8% of 18 to 24 year olds in the sample are
not registered. It remains that our coverage of unregistered citizens is incomplete. Second,
we lose young voters that we fail to link to their parents or whose parents we fail to link to
the Infutor address data.

To gauge the extent of sample selection in our data, Appendix Table A2 shows median county
(Panel a) and census block group (Panel b) ACS characteristics using different weights: ACS
estimates of counts of 18 to 29 year old citizens (column 1), counts of young voters in the
TargetSmart data (column 2), counts of young voters in the TargetSmart data linked to
parents (column 3), and counts of young voters in the TargetSmart data linked both to
parents and to Infutor (column 4). The weighted ACS characteristics using counts of young
voters in the ACS data and in the TargetSmart data are remarkably similar, especially at the
county level (columns 1 and 2). By contrast, relative to the ACS, individuals in the linked
samples (columns 3 and 4) live in places with slightly more white, high-income, and college-
educated residents, and lower population density. This fact is consistent with white people
and richer individuals having relatively higher registration rates (U.S. Census Bureau, 2021),
which makes it easier to link young voters and parents registered at the same location in the
TargetSmart data.'> We address concerns related to sample selection in Section 4.3.

3 Empirical strategy

To estimate the causal effect of childhood neighborhoods, our strategy is to measure the
extent to which a voter whose family moves to a new neighborhood during their childhood
adopts a political behavior similar to their permanent-resident peers in that neighborhood.
The stronger the effect of neighborhoods, the more similar mover and permanent-resident
political behavior should become. To identify these effects, we leverage variation in the

15 Appendix Figure A4 shows how our sample compares to the broader population, reporting coefficients
from univariate regressions predicting the ratio between block group-level counts of individuals in our sample
and ACS population counts using block group characteristics such as racial composition and household
income.



timing of moves: we compare voters who move to similar neighborhoods but spend different
proportions of their childhood in those neighborhoods. This empirical strategy largely follows
Chetty and Hendren (2018a).

To fix ideas, focus on one outcome: whether an individual registers as a Republican in the
first general election for which they are eligible to vote. We define the exposure effect at
age m as the impact of spending year m of childhood or adolescence in an area where the
proportion of permanent residents who register as Republicans in their first election is 1 p.p.
higher.

The ideal experiment to identify this effect would be to randomly assign children to new
neighborhoods starting at different ages for the rest of their childhood. For each assignment
age m, we would then regress y;, an indicator for whether mover ¢ registers as a Republican
in their first eligible election, on 7,,, the average outcome among permanent residents of the
same birth cohort s in destination county d:

Yi =+ ﬂmyds + €. (1)

The exposure effect at age m would then be obtained by computing 3, — B,,1. Of course,
this experiment is not feasible, and parents’ choice of neighborhood is likely correlated with
children’s potential outcomes: parents who move to a more Republican place may have a
latent ideology 6; that affects their children’s likelihood of registering as Republicans. Thus,
estimating equation (1) in observational data would yield

bm = ﬂm‘i_ém:

where 4, = —C“;U(e(i’?d)s)
m ar yds

covariance between parents’ Republican ideology and the proportion of Republicans among

permanent residents in the destination neighborhood. The more likely Republican-leaning

families are to move to Republican places, the greater the selection.

is a selection term. The magnitude of J,, is proportional to the

To account for selection, we leverage variation in the timing of moves. We compare voters who
spend different amounts of time growing up in similar neighborhoods because they moved
there at different points in their childhood. In this setup, identification of exposure effects
does not require that where families choose to move is unrelated to their children’s potential
outcomes. It only requires that the timing of move is orthogonal to potential outcomes.
Assuming that selection effects do not vary with child’s age at move, i.e., that

Om = 0 VY,

Ym = bm — byy1 is an unbiased estimate of the exposure effect at age m. Although this
assumption is substantially weaker than assuming location choice is unrelated to political
ideology, it could still be violated. For example, parents with a stronger Republican ideology
may be more likely to move to Republican places when their children are young or entering
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Figure 1: Movers At Age Six

0.22

0.20

Republican in first election

0.000 0.025 0.050 0.075
A Fraction Republican in destination vs. origin county

Slope = 0.589 (0.060)

Notes: On the vertical axis, we show the likelihood that an individual who moved to a different
county at age six registers with the Republican Party in their first election. On the horizontal axis,
we show the difference in that outcome among permanent residents in the destination versus origin
county. We control for origin-by-cohort fixed effects and origin-by-destination fixed effects. The
slope corresponds to bg in equation (2). N = 73,599.

primary school. We return to validating the identification assumption in Section 4.2, after
presenting our main results.

We now exploit this identification strategy to derive our baseline regression specification.
First consider families who move with a child who is six years old. We can regress y;, the
indicator for whether the child registers as a Republican in their first election, on Ay,,,, the
difference between the destination (d) and origin (0) counties in the proportion of permanent
residents of the same birth cohort s who register as Republicans in their first election. The
regressors also include origin-by-cohort fixed effects a,s to control for common characteristics
of voters born in the same year and coming from the same county, and origin-by-destination
fixed effects 104, to control for common characteristics of voters coming from the same county
who move to the same destination county:

Yi = Qs + Hod + b6Aydos + €1;. (2)

Figure 1 is a binned scatter plot of this relationship. Controlling for the proportion of Re-
publicans among permanent residents in the origin, children who move at age six to a county
where 1 p.p. more permanent residents of the same birth cohort register as Republicans are
0.589 p.p. more likely to register as Republicans themselves.
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As discussed above, bg does not have a causal interpretation as it combines exposure effects
with selection, but the differences with the coefficients for other ages do. Therefore, we
repeat this exercise for children who moved at each age from 0 to 24.

We estimate these parameters simultaneously using a single regression as follows:

24 2002
Yi = Olosm + [hod 1 Z bm(‘[m - m)AngS + Z AS(IS - S)Agdos + €. (3)
m=0 s=1992

The coefficients of interest b,, are estimated in the first sum, which interacts indicators for
age at move [, with the destination-minus-origin difference in permanent residents’ average
outcomes Ay, .. Because we include origin-by-destination fixed effects (f,q), exposure effects
are identified by comparing individuals who move between the same origin and destination
county, just at different ages. We note two differences from equation (2). First, we include
the interaction of cohort indicators I, and the exposure term Ay, , to identify b,, purely
from within-cohort variation. We could not include these terms in equation (2), where they
would be colinear with Ay, ..'° Second, we replace the origin-by-cohort fixed effects s
with fixed effects specific to each age at move, a,,,. By controlling flexibly for age at move,
we account for the possibility that moving at different ages generates different disruptions
that are independent from the characteristics of the origin or destination county.

Our main specifications use unclustered heteroskedasticity-robust standard errors to simplify
computation. As shown in Appendix Table A3, the standard errors are virtually unchanged
when we cluster them at the destination-origin county pair level (to correspond to the level of
the treatment), at the origin-by-age-at-move level (to account for the assignment mechanism
of the treatment), and at the family level (to account for potential correlation between
siblings).

Under our identifying assumption that the unobserved determinants of children’s probability
of registering Republican are uncorrelated with the age that they move, v,, = b, — byi1
captures the causal effect on a voter’s likelihood of registering as a Republican of one extra
year of exposure at age m to a destination neighborhood where permanent residents of the
same cohort are 1 p.p. more likely to register as Republicans themselves.

4 Results

4.1 Main results
4.1.1 Graphical analysis

We now report our main results on the effects of childhood neighborhood exposure on young
voters’ political behavior in the first general election in which they are eligible to vote,

16The inclusion of these terms controls for differential measurement error across cohorts. For instance, our
ability to observe moves at early ages varies across cohorts due to differences in the quality of our address
history over time. Furthermore, for the youngest cohorts in the sample, we cannot observe moves at older
ages, since our data stop in 2021.
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beginning with a graphical analysis. We plot the b,, coefficients from estimating equation (3)
on the sample of one-time cross-county movers for ages at move 0 to 24 years old. Differences
between adjacent coefficients from 0 to 19 years old indicate how one additional year spent in
the destination increases the correlation between movers’ behavior and permanent resident
outcomes in the destination county. Since elections take place every other year, a person’s
first eligible election occurs at age 18 or 19, and individuals whose parents move after they
are age 20 had their behavior in this election measured before the move. The time spent in
the destination cannot, by construction, affect the outcome for these voters, so we should not
expect much difference across coefficients post-20. However, the level of these coefficients
remains informative: given the absence of any destination effect, it can be entirely attributed
to the selection term ¢ discussed in Section 3.

The results are shown in Figure 2. Each panel corresponds to a different outcome: Republican
Party affiliation (Panel a), Democratic Party affiliation (Panel b), and voter turnout (Panel
c). All series exhibit three key features.

First, all coefficients are strictly positive and statistically significant, including for moving
ages beyond 20. For instance, in Panel a, byy = 0.150, which indicates that voters moving at
age 20 to a place where permanent residents are 1 p.p. more likely to be affiliated with the
Republican Party are themselves 0.150 p.p. more likely to be affiliated with the Republican
Party in their first election. The positive coefficients above 20 confirm that parents moving to
more Republican areas have some latent, unobserved characteristics that make their children
more likely to be Republicans in adulthood. The same goes for parents moving to more
Democratic areas or areas with higher participation. Our empirical strategy controls for this
selection effect by comparing the magnitude of coefficients for different moving ages.

Second, in all three panels, b,, decreases as m increases from 0 to 19. For the Republican
Party (Panel a), we find that by = 0.622 and b9 = 0.152, with relatively similar values for the
Democratic Party (Panel b). Intermediate b,, values for individuals moving at ages between
1 and 18 largely lie between these extremes and exhibit a nearly monotonic decline as age
at move increases. In other words, children who move at later ages — and thus spend less
time in the destination county — are less likely to mirror the party affiliation of permanent
residents of the same birth cohort in the destination than children who move at younger ages.
This pattern is consistent with childhood neighborhoods affecting an individual’s partisan
affiliation in adulthood, beyond the influence of their family and innate characteristics.

While a comparison of any two adjacent coefficients gives the effect of spending one extra
year in a given place, subtracting the by estimate from the very first estimate (i.e., by) gives
the total effect of childhood place on political behavior. For affiliation with the Republican
(resp. Democratic) Party, we find that this total effect is 0.472 (resp. 0.405) implying
that spending one’s childhood in a place that is 10 p.p. more Republican (resp. Democratic)
makes people 4.72 (resp. 4.05) p.p. more likely to register as a Republican (resp. Democrat).
Assuming that these impacts also hold for non-movers, a claim we return to in Section 4.4,
we infer that 40 to 50% of the cross-county variation in these outcomes is explained by the
causal effect of where one grows up.

The influence of childhood neighborhoods on participation is equally strong. Like for party
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affiliation, the coefficients shown in Panel ¢ are strictly positive and their magnitude declines
monotonically with age at move. Comparing the byy and by estimates indicates that spending
one’s childhood in a county where permanent residents are 10 p.p. more likely to participate
in their first election increases one’s own likelihood to vote by 4.75 p.p. Thus, 48% of the
cross-county variation in turnout among young registered adults is driven by the causal effect
of childhood location.

Third, while the b,, parameters decline with age at move across childhood, the decrease is
more pronounced during teenage years. This implies that the effect of an additional year
of exposure is larger in these years compared to earlier in childhood. We now test formally
whether the slopes differ before and after age 13.

4.1.2 Parametric results

We turn to a specification that fits three separate lines to plots of the form in Figure 2,
one for ages 12 and below, one for ages 13 to 19, and one for ages 20 and above. We
estimate separate linear splines for these three age ranges because of the patterns observed
in Figure 2 and discussed above. Formally, we run the following regression, which includes
the same variables as equation (3) but restricts the relationship between age at move m; and
the exposure difference in the origin and destination neighborhoods to be piecewise linear
instead of using non-parametric interactions with a full set of age at move fixed effects:'”

2002

Yi =Cosm + Hod + Z )\s(]s = S)Aydos + I(ml < 12) (CI - Cmi)AydOS (5)
5=1992

+I(12 <m; <19)( — ymi) Ay s + I(m; > 19)(6" — dm;) A, + €35

Table 2 reports estimates of the average yearly exposure effects (, v, and §. One additional
year of exposure between ages 0 and 12 to a county where the proportion of Republicans
(resp. Democrats) is 1 p.p. higher makes a person 0.012 (0.010) p.p. more likely to register
as Republican (resp. Democrat) in their first election (columns 1 and 4). Consistent with the
patterns in Figure 2, the yearly exposure effects between ages 13 and 19 for Republican and
Democratic party affiliation are much larger: 0.052 and 0.047 p.p. Similarly, exposure effects
on turnout are larger after 13 than before: 0.051 versus 0.008 p.p. (column 7). Differences
between exposure effects in childhood and in adolescence are statistically significant at the
1% level for all three outcomes. These results suggest that where people live during their
adolescence affects their political behavior in adulthood more than where they live during
childhood. We return to a more formal assessment of this claim in Section 5.

"In some analyses, we use the following specification to more parsimoniously compare average yearly
exposure effects over the full period from 0 to 19 years old across subsamples:

2002

Yi =Qosm + Hod + Z As (Is = S)Agdos + I(mz < 19)(CI - Cmi)Aydos (4)
5§=1992

+ I(ml > ].9) ((5/ — §mi)A§dos + €45.-

The results from estimating this equation on the full sample are shown in Appendix Table A4.
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Figure 2: Nonparametric Estimates of Childhood Exposure Effects
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Notes: We show age-specific exposure effects corresponding to the estimates of b, in equation (3).
All outcomes are measured for the first election in which an individual is eligible to vote. Vertical
lines show 95% confidence intervals. N = 1,927,376 for party affiliation and N = 4,073,607 for
turnout.
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4.2 Robustness checks: differential age selection effects
4.2.1 Time-invariant family characteristics

The effects shown above can be interpreted causally under the assumption that the timing
of moves during childhood is uncorrelated with any factor affecting young adults’ political
behavior other than the neighborhood. This assumption would be violated if, e.g., families
moving to a more Republican destination earlier than other families had some latent political
ideology making their children more likely to register as Republicans in adulthood.

Controlling for observable parent characteristics One way to address this concern
would be to directly control for parents’ party affiliation and level of participation. However,
recall that the voter file data begin in 2012, while the address history data start in 1992.
For most moves, we thus only observe and could only control for parents’ political behavior
several years after the move. But parents’ behavior is likely to be affected by their neigh-
borhood of residence, making this behavior a “bad” (post-treatment) control. This concern
is especially relevant in our context given evidence in Cantoni and Pons (2022) showing that
adults’ turnout and partisanship is affected by their place of residence.

An alternative way to account for parent-specific factors that can be observed before the
family moves is to use parental income, inferred from where parents live before the move. To
do so, we map street addresses to census block groups and assign parents to national income
deciles based on the median household income in their block group. We then augment
equation (5) and further interact the origin-by-cohort-by-age-at-move fixed effects — as well
as the origin-by-destination fixed effects — with parental income rank r, i.e., we replace aygn
and fi,g With apgm, and pioq-, respectively.

Intuitively, we explore how the political behavior of young people moving at different ages
between similar origin-destination pairs and with parents who have similar incomes relates to
the destination-minus-origin difference in behavior among permanent residents of the same
age. Given the relationship between income and partisan affiliation documented in prior
research (e.g., Verba et al., 1995) and shown in Appendix Figure A5, these narrower com-
parisons help address the concern that parents who move when their children are younger may
be different — along economic and political dimensions — from parents who move later.

Results from this exercise are shown in Table 2, columns 2, 5, and 8. Reassuringly, we obtain
results that are very similar to the baseline estimates for all three outcomes.

Comparing siblings Parents who move to a certain destination when their children are
of different ages may still be un-observably different. To address this concern, we restrict the
sample to young voters with at least one sibling and we add family fixed effects to equation
(5), thus comparing siblings with the same parents. Consider, for instance, a family with
two children that moves across counties when one child is 12 years old and the other is 15, so
that the younger child spends three more years in the destination before becoming eligible
to vote. The family fixed effects specification identifies exposure effects from this difference
alone, while maintaining all time-invariant family characteristics constant.
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We show the results in Table 2, columns 3, 6, and 9. While we lose more than half the
sample, the point estimates for exposure effects from ages 13 to 19 across outcomes are very
similar to the main specification. Effects above 20 years old are small and non-significant,
and the 0 to 12 estimates for Democratic and Republican party affiliation are smaller than
in the main specification and no longer statistically distinguishable from zero. For turnout,
the effect increases in size but it remains much smaller than the 13 to 19 effect. As shown
in Appendix Figure A6, non-parametric estimates controlling for family fixed effects also
feature declining patterns consistent with those in Figure 2. Overall, even these much more
narrow comparisons reveal substantial childhood exposure effects, with much of the effects
occurring during teenage years. Furthermore, we provide evidence that differences between
the magnitude of the effects in the main specification and in the family fixed effects spec-
ification are partly driven by sample differences. In Appendix Table A5, we restrict the
sample to children with at least one sibling in regressions both with and without family
fixed effects and obtain estimates that are remarkably close to each other. This suggests
that time-invariant family characteristics, which are only controlled for when family fixed
effects are included, do not create important concerns for the causal interpretation of our
estimates in the full sample.

4.2.2 Time-varying shocks

The preceding exercises show that our results are robust to more demanding specifications
that explicitly account for time-invariant family characteristics correlated both with chil-
dren’s age at move and with their political behavior as adults. However, one could still
be concerned about time-varying shocks; that is, events that are correlated both with par-
ents’ decision to relocate and with their children’s future political behavior. Consider, for
instance, a family with two children that moves to a more Republican area when the parents
become richer. Compared to their older sibling, the younger child will not only spend more
time in the destination neighborhood, they will also spend more time growing up in a richer
familial environment, making it difficult to isolate the neighborhood exposure effect even
when family fixed effects are included.

To address this concern, we follow Chetty and Hendren (2018a) and present a series of
overidentification tests. First, we test whether movers’ outcomes are better predicted by
the outcomes of permanent residents of similar cohorts than by those of older or younger
cohorts. Second, we exploit variation in permanent residents’ outcomes between individuals
of different genders and different races within cohort-by-county cells. The logic underpinning
these tests is that neighborhoods’ impact on political behavior may lead movers’ outcomes
to converge to the outcomes of permanent residents of the exact same age, gender, and race,
i.e., the people in their destination neighborhood who were most likely to experience the
local context in the same way and to interact with them and influence them. By contrast,
unobserved time-varying shocks would not generate this specific pattern of convergence. For
example, family income shocks correlated with the timing of the move should not lead male
movers’ outcomes to converge to the outcomes of male permanent residents to a greater
degree than to those of female permanent residents.
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Cohort For each mover, we first average the exposure differences based on the outcomes
of permanent residents in three groups: those in birth cohorts two to four years older, one
year older and one year younger (including the exact same cohort as the mover), and two
to four years younger. We replace the exposure measures Ay, , with these three measures
Ag A2 Ay Lot and Agi2™ ™ in equation (4). As shown in Figure 3, Panel a, the
exposure effect estimates largely load onto the outcomes of the permanent residents of sim-
ilar cohorts, and the coefficient estimates on adjacent cohorts are substantially smaller and
often non-significant. This result is all the more striking as permanent resident outcomes are
highly correlated across consecutive cohorts.!® It implies that, to bias our baseline estimates,
unobserved time-varying confounders would have to cause parents to move to a neighbor-
hood not just where children in general grow up to be Democrats, but where children born
around the same time as their own child grow up to be Democrats. As party affiliation
and participation are only realized later in life, once children become eligible to vote, it is
unlikely that families can accurately predict the evolution of political geography and make
relocation decisions based on this information.

Gender We then compute average outcomes for permanent residents of the mover’s gender
and of the opposite gender within county-by-cohort cells and replace the exposure measures
Ay, with AgY and Ay, Y. As expected, the outcomes of permanent residents of the same
gender are much better predictors of the mover’s behavior than the outcomes of permanent
residents of the opposite gender (Figure 3, Panel b).

Race Finally, we compute average outcomes for permanent residents of the mover’s race
and of the other races within county-by-cohort cells and replace Ay, , with Ayl - and Ay, ..
Once again, the outcomes of permanent residents of the same race are much better predic-
tors of the mover’s future party affiliation and participation than the outcomes of permanent
residents of other races (Figure 3, Panel c). Overall, the consistent results of these demand-
ing overidentification tests alleviate the concern that time-varying shocks could bias our
estimates.

4.3 Robustness checks: sample selection bias

A second threat to the validity of our results is sample selection bias, which could arise from
mostly focusing on individuals who are registered at least once during our sample period, or
from restricting our sample to individuals who can be linked to parents and whose parents
can in turn be linked to the Infutor data. In what follows, we discuss both concerns and
present evidence to assuage them.

18The population-weighted autocorrelation between adjacent cohorts within counties is 0.880 for Republi-
can Party affiliation, 0.846 for Democratic Party affiliation, and 0.472 for turnout in the first eligible election.
Similarly, permanent residents’ outcomes within county-by-cohort cell are strongly correlated across genders.
The two-way correlation across genders is 0.839 for Republican Party affiliation, 0.863 for Democratic Party
affiliation, and 0.917 for turnout. Within county-by-cohort cells, permanent residents’ outcomes are also
correlated across races, albeit to a lesser extent. The two-way correlation (comparing individuals of one race
to individuals of all other races) is -0.096 and 0.194 for Republican and Democratic Party affiliation, and
0.727 for turnout.
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Figure 3: Overidentification Tests
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Notes: We show overidentification tests that change the exposure measures from the baseline spec-
ification. In Panel a, we replace the cohort-specific exposure measures in the baseline specification
(equation (4)) with exposure measures for three cohort groups: permanent residents between two
and four years older than the mover, permanent residents between one year older and one year
younger, and permanent residents between two and four years younger. In Panel b, we use expo-
sure measures specific to permanent residents of the same gender as the mover and of the opposite
gender. In Panel ¢, we use exposure measures specific to permanent residents of the same race as
the mover and of another race, where race is collapsed into four categories: white, Black, Hispanic,
and other. We exclude voters missing race information. Vertical lines show 95% confidence inter-
vals. Appendix Table A6 reports these coefficient estimates along with standard errors. In Panel
a, N = 1,357,158 for party affiliation and N = 2,838,093 for turnout. In Panel b, N = 1,924,178

for party affiliation and N = 4,064,053 for turnout. In Panel ¢, N = 1,766,839 for party affiliation
and N = 3,712,474 for turnout.
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Focus on registered individuals Our analysis sample comprises predominantly individ-
uals who register on the voter rolls at least once between 2012 and 2021.1° If neighborhood
exposure influences the likelihood of becoming registered and, thus, of appearing in the
sample, our results may be biased.

Previous research demonstrates the sensitivity of voter file analyses to differential post-
treatment registration (Nyhan et al., 2017). In our case, low-propensity voters who would
otherwise remain unregistered may be pushed into the electorate — and into the sample —
if they spend time in a neighborhood that induces electoral participation. Our estimates of
effects on voter turnout would then be biased downwards, since they would sum the expo-
sure effect of interest (the effect of a destination county on the participation of individuals
who were going to register regardless), and a counteracting selection effect (the inclusion
of marginal registrants with low propensity to vote in counties inducing high participa-
tion).

The same mechanism may bias effects on party affiliation downwards, in that a county
conducive to strong political engagement may increase inframarginal registrants’ likelihood
to affiliate with a party while also bringing into the electorate marginal voters who are less
interested in politics and thus less likely to affiliate with a major party. On the other hand, a
neighborhood that influences residents to become Republicans may dissuade voters that lean
towards the Democratic Party from registering on the voter rolls. Because these voters would
not be included in the sample, our estimates would overstate the true size of neighborhood
exposure effects on party affiliation. Thus, conditioning on registration could bias estimates
for these outcomes in either direction.

We address these concerns by testing whether the magnitude of exposure effects varies de-
pending on the overall voter registration rate in the county. We group counties into quartiles
based on registration rates among individuals aged 18 to 29,2 and estimate exposure effects
separately for movers relocating to counties in different quartiles of voter registration. If con-
ditioning our sample on those who register to vote at least once biased our main estimates,
we would observe systematically different magnitudes across the four quartiles. For instance,
in the above example for turnout, we would expect to measure larger exposure effects for the
highest quartile. Instead, Figure 4 shows that the magnitude of the effects does not vary in
any systematic or statistically significant way for any of the outcomes. We interpret this as
evidence that restricting the sample to individuals who register at least once is not a major
source of bias.

Linked sample The fact that all our analyses are specific to young people whom we
can link to parents and to the Infutor data creates an additional source of selection and

19Tn Appendix Table A7, we show that excluding the individuals who never appear as registered voters on
voter rolls (and were thus likely included by TargetSmart based on complementary datasets) yields virtually
identical results to those in Table 2.

20We construct this registration rate by combining county-level ACS data for the years 2015-2019 with
the TargetSmart voter file data. We count the number of registered voters aged 18 to 29 in the TargetSmart
data in each county and divide it by the number of citizens of the same age range and in the same county in
the ACS data. We choose the age range 18 to 29 rather than 18 to 24 because the ACS only includes these
statistics for the former.
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potential bias. In particular, the likelihood of attending college may be affected by the
number of years spent in the destination county. But young voters who move out to attend
college may be less likely to be observed at the same address as their parents and to enter
our linked sample.

To address this concern, we focus on voters who turn 18 shortly before Election Day. Indeed,
many of these voters will be induced to register before the election, at a younger age than
voters who turn 18 shortly after the election and thus have nearly two additional years to
register before the next one. But young citizens are more likely to live with their parents
at 18 years old than at 19 or 20. Therefore, the registration address of movers who turn
18 before an election should be more likely to match that of their parents, increasing the
likelihood that they appear in our linked sample regardless of their destination county, and
reducing the risk of endogenous sample selection.

Panel a of Figure 5 presents evidence for this idea. It shows the number of voters in our
linked analysis sample by the day on which they turn 18 relative to Election Day. That
is, we show the number of people in our sample who turned 18 shortly before or after the
2012 election. We then repeat the same exercise for all elections until 2018 and stack these
counts of voters in our sample. The figure shows that our linked analysis sample contains
substantially more people turning 18 right before a general election than right after: As
expected, turning 18 right before an election greatly increases the probability of appearing
in our sample.

Building on this evidence, Panel b of Figure 5 and Appendix Table A8 report exposure
effects estimated on the sample of voters who turned 18 in the 100 days before a general
election between 2012 and 2020, and compare them to estimates for the full sample.?"2? If
sample selection driven by the imperfect linkage of voters to parents biases our results, we
would expect effects on the full sample to differ substantially from those estimated using
voters who turned 18 right before a general election. Reassuringly, point estimates for all
outcomes remain positive, quantitatively similar, and statistically significant in that subsam-
ple. For Republican Party affiliation and Democratic Party affiliation, point estimates in the
subsample and the full sample are statistically indistinguishable. The effect for turnout is
larger in the subsample, indicating that if we are endogenously losing people who register to
vote after starting college and moving away from home, the resulting bias may cause us to
underestimate the true turnout effect.

4.4 External validity

Setting aside internal validity concerns, our estimates may still be unrepresentative of the
broader U.S. population. As discussed in Section 2.4 and shown in Appendix Table A2, there

21'While exact dates of birth are reported for most of our sample, for a subset of voters we only observe
month and year (or just year) of birth, as discussed in Section 2.1. For this exercise, we exclude voters with
reported dates of birth ending in 01, as those could be accurate only to the year.

22In Appendix Figure A7, we further restrict the sample to individuals born after the state-specific school
entry cutoff (where available) to focus on individuals who are likely still in high school at the time of their
first election. We expect these individuals to be more likely to still live with their parents. We obtain
estimates similar to the ones reported here but much less precise, due to the smaller sample size.
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Figure 4: Splitting Sample by Quartile of Registration
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Notes: We split our sample into four quartiles based on the voter registration rate among individuals
aged 18 to 29 in the mover’s destination county. We construct this registration rate by combining
county-level ACS data for the years 2015 to 2019 (source table: Citizen, Voting-Age Population
by Age) with the TargetSmart voter file data. We count the number of registered voters aged 18
to 29 in each county in the TargetSmart data and divide it by the number of citizens of the same
age range and in the same county in the ACS data. We choose the age range 18 to 29 rather than
18 to 24 because the ACS only includes these statistics for the former. We then assign counties to
quartiles of the resulting registration rate and estimate equation (4) separately for each quartile. Q1
and Q4 correspond to counties with the lowest and highest registration rates, respectively. Vertical
lines show 95% confidence intervals. N = 1,823,422 for party affiliation and N = 3,815,284 for
turnout.
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Figure 5: Estimates for Voters With a Birthday Within 100 Days of Election Day
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Notes: Panel a shows the number of voters in our sample by the day on which they turned 18
relative to Election Day. For instance, we show the number of people in our sample who turned 18
shortly before or after the 2012 election. Those born to the left of the cutoff — the barely 18-year
olds — were eligible to vote in the 2012 election, while those to the right of the cutoff turned 18
only after Election Day, making 2014 the first election in which they were eligible to vote. We
repeat this for all elections until 2018 and stack the counts of voters in our sample. We exclude the
2020 election from the exercise in this panel since our voter file data end in 2021 and thus we do
not observe individuals who turned 18 shortly after the 2020 election in any subsequent election.
N = 844,524. Panel b shows exposure estimates separately for the full sample (in lighter colors)
and for the sample of barely 18-year-olds, i.e., those born at most 100 days before Election Day (in
darker colors). Vertical lines show 95% confidence intervals. For the full sample, N = 1,635,379 for
party affiliation and N = 3,415,738 for turnout. For the restricted sample, N = 233,445 for party

affiliation and N = 493,251 for turnout.
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Figure 6: Persistence of Childhood Exposure Effects
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Notes: We show estimates of exposure effects for our three primary outcomes in each of the first
three elections for which an individual is eligible to vote. The sample is restricted to individuals for
whom we can observe all three elections, i.e., birth cohorts 1992 to 1998. Vertical lines show 95%
confidence intervals. Appendix Table A9 reports these coefficient estimates along with standard
errors. N = 1,122,485 for party affiliation and N = 2,361,712 for turnout.

are a few observable differences between our sample and the U.S. voting-eligible population.
For instance, relative to ACS data, our sample slightly over-represents residents of census
block groups with high median incomes and large proportions of white residents.

To address external validity concerns, we weight movers by the ratio between counts of
voting-eligible individuals aged 18 through 29 in the county of origin or (separately) in the
county of destination, according to the ACS, and the number of individuals in the same
county in our linked sample of movers and permanent residents. In Appendix Figure A8, we
compare point estimates from the weighted samples to our baseline estimates from the un-
weighted sample and find that they are remarkably similar and statistically indistinguishable
from each other for all outcomes.

4.5 Effect persistence

Our main effects demonstrate the influence of childhood environment on political behavior
when voters first become eligible to vote. We now ask whether this influence persists through
subsequent elections. When measuring effects in the first eligible election, the influence of
family and genes can mitigate the influence of the area in which people grew up. When
looking at effects on later outcomes, a third type of factor can attenuate the influence of
the childhood context: all factors taking place after one comes of age, such as where one
lives and the friends one makes as an adult. Therefore, we should expect smaller effects of
childhood location down the line.

The persistence results are presented in Figure 6 and in Appendix Table A9. To facilitate
comparisons, all estimates are based on the subsample of people whose outcomes we observe
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in each of the first three elections after they turn 18. While exposure effects do shrink over
time, they remain significant at the 1% level in the second and third eligible elections for all
outcomes. Exposure effects on an individual’s Republican or Democratic party affiliation in
their second eligible election are more than 90% the size of the effects for the first observable
election. By the third eligible election, exposure effects on party affiliation are still around
85% those for the first election. For turnout, effects for the second election are still about
90% the size of those for the first, but the decline is faster: the effect size for the third election
is just under 40% the size of the first. Thus, where one grows up influences political behavior
even several years into adulthood, after people have lived through formative experiences such
as attending college and starting their first job. Still, we observe a decline in the influence
of childhood environment across elections, particularly for voter turnout.

5 Formative years

5.1 Empirical strategy

In this section, we ask whether some ages are more formative than others, in the sense that
where people live at these ages exerts a stronger influence on their future political behavior.
In particular, one may expect adolescence years to be more impactful. Adolescents are gen-
erally more interested in politics and pay more attention to it than younger children, which
may make them more malleable (Janmaat and Hoskins, 2021). In addition, the proximity of
their first election means that the influence of political events and experiences is less likely
to dissipate by the time they are eligible to register and vote. The fact that yearly exposure
effects are larger between ages 13 and 19 than before, as shown in Figure 2 and Table 2, is in
line with that hypothesis. However, that difference could also be due to diminishing marginal
exposure effects. Indeed, exposure effects after 13 are estimated based on individuals who
moved to the destination county after that age and spent no more than six years before their
first eligible election in that county. By contrast, exposure effects in early childhood are
estimated based on individuals who moved to the destination county at a younger age and
spent much more time there. For instance, the effect at age four is estimated by comparing
the behavior of individuals who moved to the destination county at age four rather than
five and who thus spent 16 rather than 15 years in that county before reaching age 20. But
spending one additional year in a location may have less impact when the total time one
will spend there is 16 years instead of seven years or less.

The number of years that one-time movers live in an area is colinear with the ages that
they live there, making it impossible to distinguish between the two explanations. Thus,
we now shift attention to people who move not just once but two or three times across
counties between ages 0 and 24, and we assess whether exposure spells of a given length
are more impactful during teenage years than at earlier ages.?> For instance, we consider
two individuals who spend four years in the same county during childhood and adolescence,
respectively, and we ask whether the latter behaves more similarly to the county’s permanent
residents.

23In Appendix Table A10, we report summary statistics for the sample of multiple-time movers.
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Formally, we estimate the following specification:
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Like in equation (3), y; designates the outcome of interest. The main regressor is the differ-
ence in permanent residents’ average outcomes between the origin and the first destination,
A g5, > Which we interact with indicators for whether 7 lived in the first destination during
their childhood (0-12) or teenage (13-19) years, I(a; = a).

The coefficients of interest, (,, indicate the extent to which the behavior of movers living in
the first destination at ages a resembles the permanent resident outcomes in that destination,
controlling for permanent resident outcomes in the origin. Like in the one-time movers design,
the individual f, coefficients combine exposure effects with selection. However, assuming
that the unobserved determinants of political behavior are uncorrelated with age at move, as
we did for one-time movers, the difference between (515_19 and [y_12 captures the differential
impact of adolescence years relative to earlier childhood years.

In the above regression, we further control for ji,, fte,, and p.,, fixed effects for the number
of years of exposure (e;, eg, and e3) that individual ¢ had in the first, second, and third
destinations before age 20. We also control for interactions between the fixed effects for the
second and third destinations and the difference in permanent resident outcomes between
the origin and these destinations (A7,,, and Ay, ), to account for exposure effects in these
places.

Beyond these regressors, the set of fixed effects we include is more parsimonious than in
equation (3), due to the smaller number of observations.*!

Finally, in our preferred specification, we only include individuals who spent two to six
years in the first destination. Indeed, exposure spells shorter than two years may reflect
measurement error in the address history, and six years corresponds to the total number
of years between 13 and 19. We also exclude individuals who lived in the first destination
during both age ranges (012 and 13-19) and those who appear to have returned to a previous
location, which may also reflect measurement error.

5.2 Results using multiple movers

Panel a of Figure 7 shows the estimates 13_19 and [y_1o for affiliation with the Democratic
and Republican parties and turnout in one’s first election.

248pecifically, we include origin-by-cohort fixed effects s instead of fixed effects specific for each age at
move, we omit origin-by-destination fixed effects, and we omit interactions between cohort fixed effects and
the difference in permanent resident outcomes.
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Figure 7: Effect of First Destination by Age Group for Multiple-Time Movers
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Notes: We estimate equation (6) on the sample of two or three-time movers who spent two to
six years in the first destination, either during ages 0 to 12 or 13 to 19. Individuals living in the
destination during both age ranges are excluded. The estimates measure the extent to which the
political behavior of young movers aligns with the difference in the permanent resident outcomes
between the origin and the first destination. Panel a pools individuals who spent two to six years
in the destination, while Panel b shows estimates separately for each number of years of exposure.
Vertical lines show 95% confidence intervals. N = 176,144 for party affiliation and N = 577,966
for turnout.

28



For all three outcomes, the estimates for those living two to six years in the first destination
between ages 13 and 19 are substantially larger than those for individuals living there between
ages 0 and 12, indicating that their behavior resembles the behavior of permanent residents
in the destination more closely. For affiliation with the Republican Party, 5y_12 and Si3_19
are around 0.258 and 0.388. The estimates are similar for affiliation with the Democratic
Party. For turnout, the levels are somewhat smaller (0.141 and 0.329), but the difference
between the two estimates is larger.

While we restrict our analysis to younger and older movers spending two to six years in
the first destination, the average number of years could differ slightly between the two
subsamples. To address this concern, Panel b of Figure 7 shows separate estimates for
exposure spells of 2, 3, 4, 5, and 6 years. We observe that later movers are more similar to
permanent residents than earlier movers for every exposure spell length.

In Table 3, we present the point estimates corresponding to Panel a of Figure 7 as well as
the difference between [13_19 and [y_12. Under the assumption of constant selection, these
differences recover the differential causal effect of living in the destination during adolescence
rather than during childhood. For the Republican Party, that differential impact is 0.130,
meaning that spending two to six years between ages 13 and 19 in a destination with a 10
p-p- higher proportion of Republicans rather than between 0 and 12 makes one 1.30 p.p.
more likely to register as Republican in adulthood. The differential impact of time spent in
the first destination is similar for affiliation with the Democratic Party (0.118), and slightly
larger for turnout (0.188). All of these differential effects are significant at the 1% level. They
indicate that neighborhood exposure during teenage years is substantially more formative of
political behavior.

Table 3 also contains a robustness check: In columns 2, 4, and 6, we add fixed effects for
the second and third destinations interacted with the mover’s birth cohort. All estimates
remain nearly unchanged and significant at the 1% level.

These estimates based on multiple-time movers can help us interpret the non-linearity that
we observe for one-time movers in Figure 2 and the corresponding parametric results in Table
2. For comparison, we construct the differential impact of neighborhood exposure during
adolescence years based on Table 2: We take the difference between the exposure effects
during childhood and adolescence years (0 to 12 and 13 to 19) and multiply it by four, which is
the average number of years of exposure among multiple-time movers. We obtain magnitudes
of 0.160 (= 4 x (0.0520 — 0.0120)) and 0.147 (= 4 x (0.0471 — 0.0103)) for affiliation with
the Republican and Democratic parties, respectively, and 0.164 (= 4 x (0.0493 — 0.0082)) for
turnout. These values are quite similar to and within the confidence interval of the differential
impact of adolescence years in Table 3, suggesting that the non-linearity in Figure 2 is driven
by the important role of formative years effects during adolescence rather than diminishing
marginal exposure effects. Thus, we interpret the fact that the estimates in Table 2 are
about four times as large for ages 13 to 19 as for ages 0 to 12 as evidence that exposure
effects during teenage years are about four times the size of exposure effects during childhood
years.

Lastly, to allow for more granular age patterns, we split our sample of multiple-time movers
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Table 3: Multiple Movers, Effect of First Destination by Age Group

Republican Democrat Voted
(1) (2) (3) (4) (5) (6)
Exposure effect, 0-12 0.258%**  (0.266***  (0.279***  (0.280***  (0.141*** (.125%**
(0.012) (0.013) (0.011) (0.013) (0.009) (0.010)
Exposure effect, 13-19 0.388***  (0.384%F*  (.395%**  (0.382***  (.329%**  (.293%**

(0.023) (0.025) (0.022) (0.024) (0.018) (0.019)
Difference [13,19] vs. [0, 12] 0.130 0.118 0.116 0.102 0.188 0.169

t-statistic [13,19] vs. [0, 12] 5.229 4.409 4.926 4.019 9.901 8.308
p-value [13,19] = [0, 12] 0.000 0.000 0.000 0.000 0.000 0.000
Destination 2 & 3 FE v v v
Number of observations 176,144 171,707 176,144 171,707 577,966 567,711
Dependent variable mean 0.210 0.207 0.233 0.235 0.461 0.462
R? 0.118 0.204 0.105 0.172 0.169 0.230

Notes: We estimate equation (6) on the sample of two or three-time movers who spent two to
six years in the first destination, either during ages 0 to 12 or 13 to 19. Individuals living in the
destination during both age ranges are excluded. The estimates measure the extent to which the
political behavior of young movers aligns with the difference in the permanent resident outcomes
between the origin and the first destination. Columns 1-2 (resp. 3-4) show estimates for affiliation
with the Republican (resp. Democratic) Party, and columns 5-6 present estimates for turnout.
Columns 1, 3, and 5 show baseline estimates corresponding to equation (6). Columns 2, 4 and
6 add destination fixed effects for the second and third destination interacted with birth cohort.
We also report the difference between the estimates for ages 13 to 19 and 0 to 12, as well as the
corresponding t-test statistics and p-values. This difference represents the effect of spending between
two to six years (on average four years) in the first destination during ages 13 to 19 compared to
spending the same amount of time in the first destination between ages 0 to 12. Heteroskedasticity-
robust standard errors are in parentheses. ***, ** and * indicate significance at 1%, 5%, and 10%
levels, respectively.
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into four parts instead of two: those who lived in the first destination at some point between
ages 0 to 4, 5 to 9, 10 to 14, and 15 to 19.25 These results are shown in Appendix Figure
A9. For all three outcomes, the early childhood years (0 to 4) are the least influential,
and the age ranges 10 to 14 and 15 to 19 the most. The similarity between the estimates
for the two older ranges enables us to rule out a possible interpretation of the patterns in
Figure 7: that young individuals’ behavior in their first election is mostly determined by
where they live exactly when they become eligible to register and vote. This interpretation
would be consistent with observing larger exposure effects for ages 13 to 19, since many of
the individuals living in a given place during these ages will be there for their first election.
However, it is inconsistent with the fact that the estimates for ages 10 to 14 are roughly as
large as the ones for 15 to 19 in Appendix Figure A9. Overall, our evidence points to the
importance of formative experiences throughout adolescence, not just contextual effects at
the time of a voter’s first election.

6 Mechanisms

Finally, we investigate the mechanisms responsible for the effects of childhood neighborhoods
on adult partisanship and political participation shown in the previous sections. We first
compare the magnitudes of exposure effects for cross-state, cross-county, and cross-ZIP code
moves to assess the role of explanatory factors varying at each of these levels. We then ask
whether the influence of childhood neighborhoods on future political behavior is direct or
mediated by effects on socioeconomic outcomes such as income and education.

6.1 State, county, and ZIP code factors

We first consider the possibility that our effects reflect the influence of the electoral context:
rules that govern how people register and vote, the competitiveness of elections, the intensity
of political campaigns, and which political parties hold power. For example, in battleground
states, frequent competitive presidential elections and intense campaign activity may make
future voters more likely to be involved in politics (Hersh, 2015). Likewise, the political
party that governors and representatives belong to and the policies they implement may
shape voters’ assessment of parties and their partisan affiliations (Fiorina, 1981).

These factors primarily vary at the state level. Thus, to assess the importance of the electoral
context, we compare effects for people who move across states versus people who move
across counties within the same state. The second group is always exposed to the same
state-level factors, no matter how many years they spend in the origin versus destination
county, so exposure effects on their behavior can only reflect county-specific factors such as
neighborhood demographics, the type and quality of schools, the local labor market, and
the local political context. Naturally, differences between the two groups of movers may also
reflect differences between the types of families that move across versus within states and
should thus be interpreted with caution.

25We continue to require that individuals are observed in the first destination in only one of these age
ranges. Therefore, we estimate effects for individuals who spent between two and four (rather than six) years
in the destination.
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Table 4: Parametric Estimates of Exposure Effects for Moves Within and Across States

Republican Democrat Voted
(1) (2) (3) (4) (5) (6)

Exposure effect, 0-19 0.0215***  0.0158***  0.0199***  0.0128%**  0.0217***  0.0064***

(0.0012) (0.0011) (0.0013) (0.0011) (0.0012) (0.0016)
Across states v v v
Within state v v v
Mean move distance (mi.) 816.0 48.3 816.0 48.3 808.2 46.6
Number of observations 625,673 1,265,755 625,673 1,265,755 1,614,937 2,362,653
Dependent variable mean 0.189 0.206 0.255 0.241 0.459 0.444
R? 0.303 0.203 0.266 0.160 0.364 0.259

Notes: We report annual childhood exposure effects based on equation (4), or the effects of spending
an additional year of childhood in a place where the permanent residents are 1 p.p. more likely
to affiliate with the Republican Party (columns 1-2), Democratic Party (columns 3-4), or vote
(columns 5-6). For each outcome, the first column reports estimates restricting the sample to
individuals who move across states, while the second column restricts the sample to individuals
who move within the same state. All outcomes are measured for the first election for which an
individual is eligible to vote. Heteroskedasticity-robust standard errors are in parentheses. *** **
and * indicate significance at 1%, 5%, and 10% levels, respectively.

As shown in Table 4, exposure effects on all outcomes are larger in the cross-state sample
than in the within-state sample. The within-state effects on Republican and Democratic
party affiliation are about 73% and 65% the size of the cross-state effects, respectively. The
difference is more pronounced for voting, where the within-state effect is just 29% the size
of the cross-state effect. These results suggest that state-level factors including the electoral
context and state-wide economic conditions account for some of the exposure effects on
party affiliation and for much of the effect on voter turnout. However, even when these
factors are held constant, the county in which people grow up affects their future political
behavior.

To further identify the types of factors responsible for exposure effects, we zoom in again
and compare the magnitudes of the effects for cross-county moves and within-county moves
across ZIP codes.? Within-county moves hold all county-level economic and political factors
constant, including local labor market conditions and political culture. Yet, as shown in
Appendix Table A11, exposure effects remain substantial in this subsample, indicating that
environmental factors varying at a small geographical scale such as the towns that children
and adolescents live in, the schools they attend, and their daily interactions with peers and
adults from their neighborhood greatly influence their future political behavior.

26For these analyses, moves are defined at the ZIP code level, rather than the county level. Therefore,
one-time movers are now defined as individuals who moved exactly once across ZIP codes, and the sample
includes individuals who were considered permanent residents in the county-level analysis.
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6.2 Income and education

Next, we examine whether childhood environment effects on political behavior are medi-
ated by effects on socioeconomic indicators. What makes this mechanism plausible is prior
evidence that turnout and partisanship are strongly correlated with income and education
(e.g., Wolfinger and Rosenstone, 1980; Verba et al., 1995; Milligan et al., 2004; Gelman et al.,
2008) and that childhood environments have strong effects on the latter outcomes (Chetty
and Hendren, 2018a; Chetty et al., 2018).

To test for this mediating relationship, we use data from Chetty et al. (2018) and restrict the
sample to voters who moved between counties belonging to the same nationwide quartiles of
expected college attendance rate or expected income, both defined for individuals with par-
ents at the median of the income distribution. These sample restrictions should thus reduce
the effects of childhood environment on political behavior if education and income are impor-
tant mediating factors. In a third restriction, we focus on moves between counties in the same
quartile of both the expected college attendance rate and expected income. Figure 8 shows
the results. The estimates in the subsamples are generally very similar to those in the full
sample. We only find one statistically significant difference: the effect on Republican Party
affiliation is slightly smaller for the sample of voters moving between counties with similar
effects on college mobility. We infer that place effects on future partisanship and political
participation are direct rather than mediated by effects on socioeconomic outcomes.

7 Conclusion

In this paper, we estimate the total impact of childhood environment on young adults’ party
affiliation and political participation. Our analysis combines data on all registered voters
in the U.S. since 2012 with comprehensive address history data going back to 1992. We
compare individuals who moved between identical counties before they turned 18 and find
that those who moved earlier and spent more time in the destination behave more similarly
to the permanent residents of the same cohort in that place.

Neighborhood exposure effects on future political behavior are strongest during adolescence
and much more limited during early childhood. These patterns are not due to diminishing
marginal returns of exposure, but to the existence of formative years in which individuals
are most influenced by their environment.

Overall, growing up in a county where one’s peers are 10 p.p. more likely to become Re-
publicans makes someone 4.72 p.p. more likely to become a Republican themselves upon
entering the electorate. The effects are of similar magnitude for Democratic partisanship
(4.05 p.p.) and turnout in the first election (4.75 p.p.). The effects on partisanship decline
slightly but persist over time, despite the competing influence of other factors. For turnout,
we observe a far more substantial decline in effect size by the third election.

Our estimates imply that 40 to 50% of the cross-county variation in the partisanship and
turnout of voters entering the electorate is due to the effects of childhood environment. In
Chetty and Hendren (2018a), the share of cross-county variation in future earnings that
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Figure 8: Exposure Effects for Moves Between Places with Similar Characteristics
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Notes: We show estimates of equation (4) in samples restricted to individuals moving between
counties belonging to the same nationwide quartile of expected college attendance rate, the same
quartile of expected income, and the same quartiles of both expected college attendance rate and
expected income. Expected college attendance rate and expected income are from Chetty et al.
(2018) and are measured for individuals with parents at the median of the income distribution.
Vertical lines show 95% confidence intervals. N = 3,665,703 for party affiliation and N = 7,377,997
for turnout.
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is due to childhood place effects is somewhat larger: 70%. However, we do not find any
evidence that the effects on political behavior are mediated by effects on income or education.
Instead, our investigation of mechanisms suggests that these effects are direct. State-level
factors such as electoral context account for much of the impact on participation. Small-scale
environmental factors varying at the ZIP code level, such as peer effects, explain a larger
share of the impact on their future party affiliation.

Overall, these results point to the importance of geographic context during childhood in
shaping future political behavior. Despite strong influences of family and individual charac-
teristics on future political outcomes, childhood location is a powerful determinant of who
voters become politically — which parties they adopt as their own and how engaged they
become with the democratic process. These findings also have broader implications for con-
temporary American politics, particularly in light of an increasingly segregated electorate
(Brown and Enos, 2021; Kaplan et al., 2022). The more unevenly distributed supporters
of different parties are across places, the more consequential residential choice becomes for
shaping future political behavior. Today, the effects of childhood environment may be aug-
mented by residential segregation and contribute to ongoing geographic polarization.
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A Additional tables and figures

Figure A1: Distributions of Permanent Resident Outcomes

(a) Republican (b) Democrat
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Notes: We show the distributions of mean outcomes for permanent residents in each county-by-
birth cohort bin. All outcomes are measured for the first election for which an individual is eligible
to vote. We restrict the sample to county-by-cohort bins with more than 25 people. Vertical lines
show the (unweighted) 10th percentile, median, and 90th percentile of each distribution, and the
(unweighted) standard deviation is reported at the bottom right of each panel. N = 6,844,388 for
party affiliation and N = 11,884,645 for turnout.
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Figure A2: Exposure Maps for Party Affiliation
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Notes: Panel a shows the proportion of permanent residents in each county who registered as
Republican in their first eligible election. Panel b shows the analogous statistic for registration
with the Democratic Party. These exposure measures are averaged over all birth cohorts in the
sample of permanent residents. States in gray do not release party affiliation in the voter file. N =
6,886,465.
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Figure A3: Exposure Map for Turnout
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Notes: We show the proportion of permanent residents who voted in their first eligible election.
These exposure measures are averaged over all birth cohorts in the sample of permanent residents.
N = 11,970,722.
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Figure A4: Number of Individuals in Each Block Group, Linked Sample vs. American
Community Survey
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Notes: Each row shows the coefficient from a univariate regression at the block group level. The
dependent variable is a ratio, where the numerator is the number of individuals in the linked sample
of young people in a given block group between 2015 and 2019. Individuals who appear in more
than one voter file snapshot are counted in the location where they register each year that they do
so. The denominator is the 2015-2019 ACS 5-year estimate of the number of individuals aged 18 to
29 in that block group. The independent variables come from the 2015-2019 ACS. The dependent
variable and all independent variables are standardized using population weights. A coefficient of
zero means that the covariate does not predict the ratio between counts in our sample and the ACS
counts, indicating high correspondence. A positive coefficient means that our sample over-counts
people in block groups with higher values of the ACS variable, while a negative coefficient means
the opposite. Horizontal lines show 95% confidence intervals. N = 22,587,485.
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Figure A5: Relationship Between Permanent Resident Outcomes and Parent Income Decile
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Notes: We show the relationships between the three primary outcomes and parent income decile,
inferred from the median income of their block group, in the sample of permanent residents. All
outcomes are measured at the first election for which an individual is eligible to vote, and are
demeaned by county and birth cohort. Cubic polynomial fits are shown in blue. N = 6,715,927 for
party affiliation and N = 11,690,477 for turnout.
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Figure A6: Sibling Comparisons: Nonparametric Estimates
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Notes: We show annual exposure effects identified using siblings of different ages with the same
parent. See Section 4.2.1 for details. All outcomes are measured for the first election for which an
individual is eligible to vote. Vertical lines show 95% confidence intervals. N = 750,764 for party
affiliation and 1,613,101 for turnout.
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Figure A7: Exposure Effects: Full Sample versus Likely High School Sample
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Notes: We show exposure estimates separately for the full sample (in lighter colors) and for the
sample of barely 18-year olds who were born after the state-specific school entry age cutoff (in
darker colors). If they follow the normal trajectory, these individuals were likely still in high school
at the time of their first election. Vertical lines show 95% confidence intervals. For the full sample,

N = 1,635,379 for party affiliation and N = 3,415,738 for turnout. For the restricted sample, N =
35,489 for party affiliation and N = 128,930 for turnout.
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Figure A8: Weighting Observations to Match County Populations
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Notes: We show exposure effects after weighting observations to match the number of voting-
eligible individuals between 18 and 29 in each county according to the 2015-2019 5-year ACS, source
table: Citizen, Voting-Age Population by Age. The orange series shows the baseline (unweighted)
estimates, the green series shows estimates weighted by movers’ counties of origin, and the blue
series shows estimates weighted by movers’ destination counties. Vertical lines show 95% confidence
intervals. See Section 4.4 for details. N = 1,927,349 for party affiliation and 4,073,352 for turnout.
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Figure A9: Effect of First Destination by Age Group: Four Age Groups
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Republican Democrat Voted
|
_— + |
0.2 +

0.1

Exposure effect of first destination

0.0

Notes: We show estimates corresponding to those in Figure 7, except that we divide the 0 to 19
range into four age groups instead of two. That is, we estimate equation (6) on the sample of two
or three-time movers who spent two to four years in the first destination, either during ages 0 to 4,
5t09, 10 to 14, or 15 to 19. Individuals living in the destination during more than one of these age
ranges are excluded from the analysis. Vertical lines show 95% confidence intervals. N = 176,144
for party affiliation and N = 577,966 for turnout.
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Table A2: Median ACS Characteristics for Various Samples

(a) County

ACS TargetSmart  Linked to parents Linked to Infutor

White share 0.748 0.747 0.754 0.755
Black share 0.083 0.084 0.083 0.083
Hispanic share 0.111 0.118 0.108 0.107
Asian share 0.034 0.037 0.036 0.036
College share 0.605 0.609 0.612 0.612
Median HH income 61,705 63,299 64,335 64,304
Poverty rate 0.138 0.136 0.128 0.127
Pop. density (per sq. mi.) 555 614 614 610
Num. of obs. 49,855,197 16,006,592 10,910,603 10,596,560

(b) Block Group

ACS TargetSmart Linked to parents Linked to Infutor

White share 0.776 0.801 0.831 0.833
Black share 0.05 0.039 0.03 0.03
Hispanic share 0.089 0.081 0.069 0.068
Asian share 0.016 0.017 0.018 0.017
College share 0.602 0.619 0.646 0.648
Median HH income 59,773 65,750 72,708 72,986
Poverty rate 0.116 0.094 0.076 0.075
Pop. density (per sq. mi.) 3,246 2,681 2,304 2,281
Num. of obs. 49,855,197 16,002,639 10,907,687 10,593,710

Notes: We show weighted medians of 2015-2019 ACS 5-year estimates at the county and block
group levels. In the first column, we weight each county or block group by the ACS count of 18 to
29 year old citizens. In the second column, we weight observations by the number of individuals
in the 2015 through 2019 TargetSmart snapshots between ages 18 and 24. Individuals who appear
in more than one voter file snapshot are counted in the location where they register each year that
they do so. In the third column, we weight by the number of 18 to 24 year old individuals in the
2015 through 2019 TargetSmart snapshots whom we are able to link to a parent. In the last column,
we weight by the number of 18 to 24 year old individuals in the 2015 through 2019 TargetSmart
snapshots linked to a parent for whom we are able to retrieve address data from Infutor. This

corresponds to a subset of our analysis sample of permanent residents and movers for 2015 through
2019.
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Table A4: Parametric Estimates of Exposure Effects — Two and Three Age Groups

Republican Democrat Voted
(1) (2) (3) (4) (5) (6)
Exposure effect, 0-19 0.0190*** 0.0153*** 0.0172%**
(0.0007) (0.0007) (0.0008)
Exposure effect, 0-12 0.0120%** 0.0103*** 0.0082%**
(0.0014) (0.0014) (0.0015)
Exposure effect, 13-19 0.0520%** 0.0471%** 0.0493***
(0.0037) (0.0039) (0.0039)
Exposure effect, 20-24 0.0129** 0.0114* 0.0160** 0.0147**  0.0280***  0.0265***

(0.0060)  (0.0060)  (0.0064)  (0.0064)  (0.0061)  (0.0061)

Number of observations 1,927,376 1,927,376 1,927,376 1,927,376 4,073,607 4,073,607
Dependent variable mean 0.202 0.202 0.245 0.245 0.450 0.450
R? 0.215 0.215 0.177 0.177 0.282 0.282

Notes: We report annual childhood exposure effects, constraining the exposure effect to be the
same for ages 0 to 19. The regression specification for columns 1, 3, and 5 is equation (4). For
columns 2, 4, and 6, the regression specification is equation (5), and the estimates are identical
to those in Table 2. Heteroskedasticity-robust standard errors are in parentheses. *** ** and *
indicate significance at 1%, 5%, and 10% levels, respectively.
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Table A5: Parametric Estimates of Exposure Effects — Siblings Sample

Republican Democrat Voted
(1) (2) (3) (4) (5) (6)
Exposure effect, 0-12 0.0099*** 0.0083 0.0077*** 0.0011 0.0055*  0.0146%**
(0.0027) (0.0057) (0.0026) (0.0057) (0.0028) (0.0053)
Exposure effect, 13-19 0.0474***  0.0487***  0.0514***  0.0588***  (.0581***  (0.0569***
(0.0063) (0.0099) (0.0067) (0.0106) (0.0067) (0.0107)
Exposure effect, 2024 0.0051 0.0030 0.0079 0.0073 0.0161 0.0078
(0.0101) (0.0138) (0.0108) (0.0148) (0.0103) (0.0158)
Difference [13,19] vs. [0, 12] 0.037 0.040 0.044 0.058 0.053 0.042
t-statistic [13,19] vs. [0, 12] 5.3690 3.3889 6.0407 4.5552 7.1581 3.3503
p-value [13,19] = [0, 12] 0.0000 0.0007 0.0000 0.0000 0.0000 0.0008
Family fixed effects v v v
Number of observations 750,764 750,764 750,764 750,764 1,613,101 1,613,101
Dependent variable mean 0.219 0.219 0.235 0.235 0.460 0.460
R? 0.300 0.738 0.248 0.704 0.358 0.689

Notes: We report annual childhood exposure effects, restricting the sample to individuals with
siblings. The regression specification is equation (5), and the estimates can be compared to those
in Table 2. Heteroskedasticity-robust standard errors are in parentheses. *** ** and * indicate
significance at 1%, 5%, and 10% levels, respectively.
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Table A6: Overidentification Tests

(a) Cohort
Republican Democrat Voted
(1) (2) (3) (4) (5) (6)
A to .9 0.0008 0.0003 0.0002
(0.0020) (0.0018) (0.0011)
1to 41 0.0178***  0.0154***  0.0133***  0.0115***  0.0183*%**  (.0224***
e (0.0010) (0.0033) (0.0010) (0.0032) (0.0012) (0.0017)
49 to 44 0.0015 0.0013 -0.0057***
(0.0024) (0.0023) (0.0013)
Num. of obs. 1,357,158 1,357,158 1,357,158 1,357,158 2,838,093 2,838,093
R? 0.215 0.215 0.173 0.173 0.249 0.249
(b) Gender
Republican Democrat Voted
(1) (2) (3) (4) (5) (6)

0.0171%%*  0.0119*%**  0.0146***  0.0107*%* 0.0142***  (0.0103***

Same gender ) go07 (0.0012)  (0.0007)  (0.0012)  (0.0006)  (0.0008)

Other gender 0.0065*** 0.0044*** 0.0059***
& (0.0012) (0.0012) (0.0008)
Num. of obs. 1,924,178 1,924,178 1,924,178 1,924,178 4,064,053 4,064,053
R? 0.220 0.220 0.185 0.186 0.285 0.285
(c) Race
Republican Democrat Voted
(1) (2) (3) (4) (5) (6)
Same race 0.0189%*F*  0.0184***  0.0160***  0.0153*%** 0.0158***  (.0153***
mer (0.0007)  (0.0008)  (0.0008)  (0.0008)  (0.0007)  (0.0007)
Other race 0.0025%** 0.0014** 0.0007
(0.0008) (0.0006) (0.0004)
Num. of obs. 1,766,839 1,766,839 1,766,839 1,766,839 3,712,474 3,712,474
R? 0.217 0.217 0.189 0.190 0.275 0.275

Notes: We show the results of outcome-based overidentification tests described in Section 4.2.2
and summarized in Figure 3. There are three distinct tests exploiting heterogeneity in permanent
resident outcomes by cohort in Panel a, gender in Panel b, and race in Panel c. For each outcome,
the first column shows the exposure effect estimated using permanent resident outcomes specific to
the mover’s cohort group, gender, or race. The second column adds exposure measures for the other
cohort groups, gender, or races. Race is collapsed into four categories: white, Black, Hispanic, and
other. We exclude voters missing race information. Heteroskedasticity-robust standard errors are
in parentheses. *** ** and * indicate significance at 1%, 5%, and 10% levels, respectively.
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Table A8: Exposure Effects Among Those Turning 18 Shortly Before Election Day

Republican Democrat Voted

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

Exposure effect, 0-19 0.0169***  0.0160***  0.0150*** 0.0152***  0.0159*%**  (0.0222%**
(0.0006) (0.0014) (0.0005) (0.0014) (0.0006) (0.0014)

Barely 18-year-olds v v v
Number of observations 1,635,379 233,445 1,635,379 233,445 3,415,738 493,251
Dependent variable mean 0.200 0.200 0.252 0.239 0.445 0.481
R? 0.075 0.084 0.067 0.070 0.139 0.163

Notes: We report annual childhood exposure effects, restricting the sample in two ways. In all
columns, the regression excludes individuals who were born on the first day of any given month
as such dates of birth could be accurate only to the year, as discussed in Section 2.1. The second
column for each outcome further subsets to barely 18-year olds, i.e., individuals who turned 18
within 100 days before Election Day and were hence just old enough to register to vote before the
election. The regression specification is equation (4). Heteroskedasticity-robust standard errors are
in parentheses. ***, ** and * indicate significance at 1%, 5%, and 10% levels, respectively.
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Table A10: Summary Statistics for Multiple Movers

Mean Std. dev. Num. of obs.

Birth year 1997.4 2.79 1,543,798
Male 0.510 0.500 1,476,462
White 0.860 0.347 1,498,080
Black 0.058 0.234 1,498,080
Hispanic 0.046 0.209 1,498,080
Asian 0.028 0.166 1,498,080
Other race 0.008 0.088 1,498,080
Number of children in family 1.50 0.71 1,543,798
Voted in first election 0.449 0.497 1,543,798
Republican in first election 0.221 0.415 822,423

Democrat in first election 0.221 0.415 822,423

Ever Republican and Democrat 0.020 0.140 880,670

Two-time mover 0.791 0.407 1,543,798
Age at move 1 5.8 5.66 1,543,798
Age at move 2 13.4 6.76 1,543,798
Age at move 3 16.2 5.76 323,165

Move 1 distance (mi.) 452.4 649.3 1,543,798
Move 2 distance (mi.) 511.6 655.0 1,543,798
Move 3 distance (mi.) 562.8 664.8 323,165

Origin and all destination states record party 0.325 0.469 1,543,798

Notes: We show summary statistics for the subsample of individuals who moved across counties
two or three times during childhood.
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B Data quality checks

Figure B1: Registered Voters by State and Age, TargetSmart vs. Current Population Survey
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Notes: On the vertical axis, we show the number of registered voters in the TargetSmart data in a
particular state. On the horizontal axis, we show the estimated number of registered voters in that
state according to the 2020 CPS Voting and Registration Supplement. We do this for each of four
age groups: 18 to 24 in Panel a, 25 to 34 in Panel b, 35 to 44 in Panel ¢, and 45 to 64 in Panel d.
The scales are logarithmic. In each panel, the blue line is a linear fit, and we present its slope and
R? in the bottom right. The dashed reference lines have slopes of 1.
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Figure B2: Turnout in 2020, TargetSmart vs. United States Elections Project
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Slope = 0.884 (0.013), R2 = 0.998

Notes: On the vertical axis, we show the number of people who voted in the 2020 general election
in each state according to the 2021 TargetSmart voter file. On the horizontal axis, we show the
number of votes cast for the highest office on the ballot in each state in the 2020 general election
according to the United States Elections Project (McDonald, 2022). The scales are logarithmic.
The blue line is a linear fit, and we present its slope and R? in the bottom right. The dashed
reference line has a slope of 1.
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Figure B3: Share of Partisans in TargetSmart vs. Presidential Vote Share in 2020
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Notes: In Panel a, we show the proportion of people registered with the Republican Party in the
2021 TargetSmart voter file in each county on the vertical axis. On the horizontal axis, we show
the proportion of the two-party vote for the Republican candidate (Donald Trump) in the 2020
general election in that county. In Panel b, we repeat this exercise for the Democratic candidate
(Joe Biden). The red and blue lines are linear fits weighted by the number of registered voters in
each county, and we present their slopes and R? in the bottom right of each panel. The dashed
reference lines have slopes of 1.
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Figure B4: Number of People in Infutor Relative to Census Population
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Notes: We show the ratio between the number of people in the Infutor data and the total number
of people in the census by age group, for four decennial censuses: 1990 in Panel a, 2000 in Panel b,
2010 in Panel ¢, and 2020 in Panel d. We exclude individuals listed as “deceased” in Infutor.
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Figure B5: County-Level Counts of Infutor vs. Census Population
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Notes: On the vertical axis, we show the number of people between 18 and 69 in the Infutor data
in a particular county, as of a particular decennial census year. On the horizontal axis, we show the
number of people between 18 and 69 recorded in that year’s census in the same county. We do this
for four decennial censuses: 1990 in Panel a, 2000 in Panel b, 2010 in Panel ¢, and 2020 in Panel
d. The scales are logarithmic. In each panel, the blue line is a linear fit, and we present its slope
and R? in the bottom right. The dashed reference lines have slopes of 1. We exclude individuals
listed as “deceased” in Infutor, and we exclude counties below the 1st percentile and above the
99th percentile of the Infutor or census population distributions.
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Figure B6: Probability of Moving in Infutor vs. American Community Survey
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Notes: On the vertical axis, we show across-state move probabilities in the Infutor data for parents
of young voters. On the horizontal axis, we show the corresponding probabilities from the ACS. To
construct move probabilities from the Infutor data, we focus on parents (either identified directly
in the Infutor data or identified in the TargetSmart data and subsequently linked to Infutor), count
the number of people moving across states in each year, and divide it by the number of individuals
in the origin state. To construct move probabilities from the ACS, we use annual individual-level
data from the ACS from 2000 to 2019 and construct a sample of individuals that corresponds to
the parents in the Infutor data. Specifically, we subset to U.S. citizens residing in the U.S. for at
least one year, who have at least one own child living in the same household, who are at least 15
years older than their oldest child, and whose children’s ages align with the children’s ages in our
sample, i.e., their oldest child was born in the youngest cohort observed in our sample or before.
To obtain move probabilities, we then count the number of people moving across states within a
given year and divide it by the number of people matching the above criteria in the origin state,
where both counts are weighted by the appropriate sampling weights. We then match the move
probabilities from the two sources by origin, destination, and year. To construct the figure, we bin
the probabilities into ventiles, weighting by the total number of people living in the origin state.
The blue line is a linear fit, and we present its slope and R? in the bottom right. The dashed
reference line has a slope of 1.
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C Data construction

This appendix describes how we de-duplicate and process the TargetSmart and Infutor data,
how we match parents with their children, and how we build and clean parents’ residential
history, which we use to infer their children’s residential history.

C.1 Processing TargetSmart data

The raw TargetSmart data consist of 510 state-by-year snapshots, one for each of the 50
states and the District of Columbia, for each year between 2012 and 2021. These snapshots
contain each voter’s name, residential address, gender, race, date of birth, whether or not
they were registered and voted in prior elections, and their party affiliation.

TargetSmart also provides a “voterbase ID” (henceforth VBID), which uniquely identifies
each row for a given state and year, and an “exact track ID” (henceforth ETID), which
represents its efforts to link individuals across years and states. We use this information
as well as voters’ first name, middle name, last name, date of birth, and vote history to
de-duplicate the TargetSmart data, so that for each state-by-year file, the observation used
in the analysis is the most likely current record for each voter. We also use this information
to expand on TargetSmart’s linkage model to further link records that likely correspond to
the same individual — first within states, then across states.

C.1.1 Cleaning the raw TargetSmart state-by-year files

To begin, we take the following steps to clean and de-duplicate the raw TargetSmart state-
by-year files:

1. We remove hyphens and spaces from first and last names. We capitalize all letters of
first and last names.

2. We recode invalid ZIP codes and census block group IDs as missing.

3. We use TargetSmart’s information on whether a voter is found in Social Security death
records to drop deceased voters.®!

4. We use TargetSmart’s information from the United States Postal Service National
Change of Address database to drop voters that no longer reside at their listed resi-
dence.

5. We de-duplicate records with the same ETID, first name, and last name, giving pref-
erence to the record whose registration status is “Registered” (vs. “Unregistered”),
whose voter status is “Active” (vs. “Inactive,” based on recent election participation),
and with the most recent registration date. We do this because, for a given individual,
outdated records may exist alongside the active, most recent record in the same state
voter file snapshot. When de-duplicating, we harmonize the vote history so that if

ClSpecifically, we drop voters indicated as “deceased” and who did not vote in the most recent general
election before the year of the voter file.
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any of the dropped records indicate that the person voted in a particular election, we
maintain this turnout history in the record that we preserve for that individual.

6. We repeat the previous step, de-duplicating records with the same first name, middle
initial, last name, date of birth, and ZIP code.®?

7. We drop any record where the voter’s age is listed as under 18 and the individual is
listed as “Registered.”

C.1.2 Linking records within states

To link rows within the same state corresponding to the same individual but across multiple
years — in other words, to assign a state unique identifier (henceforth “SUID”) — we take the
following steps:

1. We split the date of birth field into year, month, and day. The raw voter lists that
TargetSmart receives from some states do not record the day of birth (only the month
and year) and, in some cases, they only record year of birth. Even though TargetSmart
uses commercial data to reconstruct the exact day of birth for voters from these states,
the TargetSmart data feature high frequencies of dates of birth ending in 01 (i.e.,
indicating a voter born on the first day of a given month) and 0101 (i.e., indicating a
voter born on January 1). When the date of birth ends in 01, we set the day of birth
to missing. When the date of birth ends in 0101, we set the month and day of birth
to missing.“?

2. The VBID uniquely identifies a row in each state-by-year snapshot, but when the same
individual appears in multiple years in the same state, they typically appear with the
same VBID. Therefore, we assume records that share a VBID are the same person,
and assign them the same SUID. However, if TargetSmart assigned the same VBID to
multiple rows where the first names, last names, and dates of birth are all different, or
where the maximum difference in birth years is more than five years and the months
and days of birth are different too, we break this link.

3. We group observations by ETID.

e If at least one of the first names, last names, and dates of birth are the same
among all observations sharing the same ETID, there is only one record per year,
and the maximum age difference is less than or equal to five years, then we assign
the same SUID to all these observations.

e If not everyone in that set of observations shares either a first name, last name,
or date of birth, we group them by name and date of birth and — as long as there
is only one record per year — assign rows within each group the same SUID.

C2We consider groups of rows in which the middle initial is missing for one or more and the rest of these
variables are identical to be duplicates.

C3We lose information by setting the month or day of birth to missing for some people who were actually
born on the first of the month or on January 1. However, there is no reliable way to determine whether a
date of birth ending in 0101 actually corresponds to a January 1 birthday, or whether it indicates that the
month and day of birth are missing.
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4. We group by first four letters of first name, last name, year of birth, and address. We
require that:

e FEach record has non-missing information for all of the grouping variables.
e Each record is unique within a year by these variables.
If so, we assign these rows the same SUID.
5. We repeat the previous step using the following sets of grouping variables:“
e First four letters of first name, last name, year of birth, and address.®®
e First name, last name, and address.
e First name, last name, and date of birth.
e First name, last name, and year and month of birth.
e First name, last name, and year of birth.
e First name, middle name, last name, and date of birth.
e First name, middle name, last name, and year and month of birth.

e First name, middle name, last name, and year of birth.

Appendix Table C1 summarizes the results of this procedure.

C.1.3 Linking records across states

To link rows corresponding to the same individual across states and assign them a nationally
unique identifier (henceforth “UID”), we take the following steps.
1. We drop rows missing first name, last name, or date of birth.
2. As above, if the date of birth ends in 01, we set the day of birth to missing. If the date
of birth ends in 0101, we set the month and day of birth to missing.
c6

3. We group by ETID and check that the maximum vote count for any election is one.
If so, we assign these rows the same UID.

4. We group by first name, last name, and date of birth. We require that:

C41f month and day of birth are not part of the grouping variables, we require that when non-missing, they
do not conflict. We also require that middle initials, when non-missing, do not conflict, except if the set of
grouping variables includes the address and year of birth, or if it includes the exact date of birth.

C5We only de-duplicate records if no more than 15 people ever lived at the same address, and if the
difference between the maximum and minimum years of birth is no more than five years.

C6The “vote count” for a given election is the sum across all observations with the same ETID of an
indicator equal to one if the person is indicated as having voted. We therefore require that, for each person
we propose to de-duplicate, at most one record linked to that person is recorded as having voted in each
election. In other words, we do not de-duplicate rows if this would imply that the same individual voted
more than once in the same election in two different states, which would be illegal. We impose this restriction
because double voting is extremely rare: Goel et al. (2020) estimate that about 0.02% or less of votes cast
in 2012 were double votes.
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Table C1: Assigning State UIDs

Step Num. unique Prop. of original Complete
Start (unique VBIDs) 433,696,587 1.000 -
Break links with different name/DOB 433,782,739 1.000 -
Break links born > 5 years apart 433,865,721 1.000 -
Link by ETID 384,053,648 0.886 -
Link by f4, last, birth yr., exact address 376,154,793 0.867 0.865
Link by first, last, exact address 367,012,275 0.846 0.993
Link by first, last, DOB 355,670,978 0.820 0.583
Link by first, last, birth yr./mo. 350,356,912 0.808 0.733
Link by first, last, birth yr. 345,007,396 0.796 0.870
Link by first, middle, last, DOB 344,942,651 0.795 0.515
Link by first, middle, last, birth yr./mo 344,810,508 0.795 0.637
Link by first, middle, last, birth yr. 344,141,448 0.794 0.755

Notes: We describe the results of our procedure to link records that correspond to the same person
within a state in the TargetSmart data. The pipeline proceeds sequentially through each row of
the table. “Num. unique” refers to the number of unique individuals at each step, and “prop. of
original” refers to the ratio between the number of unique individuals at each step and the original
number of unique individuals. “Complete” is the proportion of rows with non-missing information
for the relevant variables at each step. “f4” refers to the first four letters of the individual’s first
name. Although we perform this procedure separately for each state, the table presents numbers
aggregated across states.

e Each record has non-missing information for all grouping variables.
e Fach record is unique by these variables within state.
e The group has a record from at least two states.
e The maximum vote count among records in the group for any election is one.
If so, we assign these rows the same UID.
5. We repeat the previous step using the following sets of grouping variables:©”
e First name, last name, and date of birth.
e First name, last name, and year and month of birth.
e First name, last name, and year of birth.
e First name, middle name, last name, and date of birth.
e First name, middle name, last name, and year and month of birth.

e First name, middle name, last name, and year of birth.

C7As above, if month and day of birth are not part of the grouping variables, we require that when non-
missing, they do not conflict. We also require that middle initials, when non-missing, do not conflict, except
if the set of grouping variables includes exact date of birth.
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Table C2: Assigning National UIDs

Step Num. unique Prop. of original Complete Unique
Start (unique SUIDs) 344,141,448 1.000 - -
Link by ETID 330,242,382 0.960 - -
Link by first, last, DOB 320,139,992 0.930 0.619 0.995
Link by first, last, birth yr./mo. 317,109,902 0.921 0.752 0.969
Link by first, last, birth yr. 312,909,936 0.909 0.877 0.864
Link by first, middle, last, DOB 312,839,558 0.909 0.539 0.998
Link by first, middle, last, birth yr./mo. 312,413,545 0.908 0.641 0.996
Link by first, middle, last, birth yr. 310,637,778 0.903 0.747 0.986

Notes: We describe the results of our procedure to link records that correspond to the same person
across states in the TargetSmart data. The pipeline proceeds sequentially through each row of
the table. “Num. unique” refers to the number of unique individuals at each step, and “prop. of
original” refers to the ratio between the number of unique individuals at each step and the original
number of unique individuals. “Complete” is the proportion of rows with non-missing information
for the relevant variables. “Unique” is the proportion of rows with non-missing information for
the relevant variables that are unique within state by those variables. At each step, in order to
be linked to another observation, we require that an observation has complete information for the
relevant variables and is unique within each state by those variables.

Appendix Table C2 summarizes the results of this procedure.

C.2 Processing Infutor data

The raw Infutor data consist of 51 files, one for each of the 50 states and the District of
Columbia. The data contain the name, gender, year and month of birth, and up to 10
addresses associated with each individual /row, along with a date (year and month) at which
Infutor considers that address effective.

We use two methods to de-duplicate the Infutor records, which are uniquely identified (across
all address observations for a given individual) by “persistent ID” (henceforth PID). First,
we group observations by first four letters of first name, last name, year of birth, and address.
We require that:

e There are no more than 10 distinct PIDs in the group.
e Name suffixes, when non-missing, do not conflict.
e No more than 15 people ever live at the address.

If so, we assign these rows the same PID. Then, we repeat the same procedure, this time
grouping by first name, last name, and address. In addition to the above restrictions, we
require that:

e Middle initials, when non-missing, do not conflict.
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Table C3: Infutor De-Duplication

Step Num. unique Prop. of original
Start (unique IDs) 644,033,829 1.000
De-duplicate by f4, last name, address, birth yr. 623,140,262 0.968
De-duplicate by first name, last name, address 571,289,316 0.887

Notes: We describe the results of our procedure to de-duplicate records that correspond to the
same person within the Infutor data. The pipeline proceeds sequentially through each row of the
table. “Num. unique” refers to the number of unique individuals at each step, and “prop. of
original” refers to the ratio between the number of unique individuals at each step and the original
number of unique individuals. “f4” refers to the first four letters of the individual’s first name.

e The difference between the maximum and minimum years of birth is no more than five
years.

Appendix Table C3 summarizes the results of this procedure.

C.3 Linking children to parents

To link children (individuals who are ever 18 to 24 years old in the TargetSmart data over
our sample period, 2012 through 2021) to their parents, we employ two methods, using
respectively (1) residential addresses from TargetSmart and Infutor, and (2) TargetSmart’s
household identifier field. We proceed as follows:

Method 1: Address
1. We stack the TargetSmart and Infutor addresses.

2. We merge children (18 to 24 years old in the TargetSmart data) with potential parents
(25 years or older in either the TargetSmart or Infutor data) by address (but not
including unit or apartment number) and first four letters of the last name. We keep
these matches only if:

e Parents are at least 16 years older than their children.®®

e Either there are fewer than 15 people who ever live at that address, or (1) the
child and parent’s last names match exactly, (2) the child and parent’s addresses
have the same unit number, and (3) fewer than 15 people share that address, unit
number, and last name combination.

Method 2: Household identifier

1. We merge children (18 to 24 years old in the TargetSmart data) with potential parents
(25 years or older in the TargetSmart data) by TargetSmart’s household ID. We keep

C8 According to ACS data, this is the age difference at which it becomes more likely that two individuals
in the same household have a parent-child relationship as opposed to a sibling relationship. See Appendix
Figure C1.
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Figure C1: Probability of Family Relationship vs. Age Difference

Likelihood Other Person is
Likely Parent or Likely Sibling

|
|
|
|
|
|
|
|
|
|
(]
|
|
|
|
|
|
|
|
| L.
I

T T T T T T
-50 -40 -30 -20 -10 0 10 20
Age Difference Between Child and Another Person in same HH
Dashed line indicates age at which difference between respective likelihoods is smallest (age = -16).

® | ikely Parent Likely Sibling

Notes: We use data from the 2021 ACS to show the probability that an individual living in the
same household as a child is a “likely parent” or “likely sibling” by age difference between the
child and the other person. Specifically, we subset the full ACS to individuals who are citizens,
at most 21 years old, and who are classified as children. We then interact these individuals with
all other people in the same household who are either classified as household head or spouse — i.e.,
individuals whom we refer to as “likely parents” — or children, whom we refer to as “likely siblings.”
For a given age difference between two individuals, we then calculate the probability that these two
individuals have either a parent-child relationship or a child-child relationship.

these matches only if:
e Parents are at least 16 years older than their children.
e Fewer than 15 people share that household ID.

Appendix Table C4 summarizes the results of these linking processes. Overall, 62.4% of
children are linked to at least one parent. We explain later how, in cases where a child is
linked to multiple parents, we choose which parent from whom we infer the child’s location
history.

C.4 Creating the ZIP code panel
C.4.1 Merging Infutor and TargetSmart data

Next, we use the Infutor data to reconstruct young voters’ residential histories by assembling
residential histories for their parents. To do this, for children whom we link to a parent in
TargetSmart (and not Infutor directly), we need to identify the parent’s Infutor address
history. We do this as follows:

1. As previously, in TargetSmart, if the date of birth ends in 0101, we set the month of
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Table C4: Linking Children to Parents

Num. Prop. of total
Total number of children 47,094,767 1.000
Linked using TargetSmart only 4,880,170 0.104
Linked using TargetSmart only, by address 4,224,870 0.090
Linked using TargetSmart only, by HH 1D 4,594,408 0.098
Linked using Infutor only 1,826,565 0.039
Linked using TargetSmart and Infutor 22,699,996 0.482
Linked using TargetSmart or Infutor 29,406,731 0.624

Notes: We describe the results of our procedure to link children to their parents. “Num.” refers to
the number of unique individuals in each category, and “prop. of total” refers to the ratio between
the number of individuals in each category and the total number of children, i.e., those who are ever
18 to 24 years old in the TargetSmart data over our sample period, 2012 through 2021. The groups
are not mutually exclusive — that is, an individual can be linked using more than one method. “HH
ID” refers to the household identifier assigned by TargetSmart.

birth to missing. In Infutor, if the date of birth ends in 01, we set the month of birth
to missing.“?

2. We merge the set of records identified as parents in the TargetSmart data with the full
Infutor address history by first name, last name, address, and month and year of birth.

3. We repeat the previous step using the following sets of merging variables. In each
round, all rows are candidates to be merged (not only previously un-merged rows). We
keep all the unique Infutor PIDs matched to a given parent in the TargetSmart data

in any of the merge rounds.

C10

First name, last name, address, and month and year of birth.
First name, last name, address, and year of birth.
First four letters of first name, first four letters of last name, and address.

First four letters of first name, first four letters of last name, month and year of
birth, and ZIP code.

First four letters of first name, first four letters of last name, year of birth, and
ZIP code.

First name, last name, and ZIP code.

4. We remove TargetSmart-Infutor matches with conflicting dates of birth. Specifically,
we drop matches if the Infutor date of birth falls outside a 12-month window around

C9Remember that the Infutor data only report month and year of birth.

Cl0For each merge round, the eligible TargetSmart rows must be uniquely identified by the merging variables.
However, we allow one TargetSmart ID to be merged to multiple Infutor PIDs. We require that middle
initials, when non-missing, do not conflict, except if the set of grouping variables includes exact address and
year of birth.
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Table C5: Merging TargetSmart and Infutor

Num. Prop. of total
Total number of TS parents 33,273,138 1.000
Merged using first, last, birth yr./mo., address 19,936,173 0.599
Merged using first, last, birth yr., address 23,979,063 0.721
Merged using f4, 14, address 26,892,125 0.808
Merged using 4, 14, birth yr./mo., ZIP 21,159,157 0.636
Merged using f4, 14, birth yr., ZIP 25,440,464 0.765
Merged using first, last, ZIP 27,275,598 0.820
Merged using any method 29,057,091 0.873

Notes: We describe the results of our procedure to merge parents identified in the TargetSmart
data to Infutor. “Num.” refers to the number of unique individuals merged using that set of
variables, and “prop. of total” refers to the ratio between the number of individuals in that group
and the total number of parents we identify in the TargetSmart data. The groups are not mutually
exclusive — that is, an individual can be merged using more than one set of variables. “f4” refers
to the first four letters of the individual’s first name and “l4” refers to the first four letters of the
last name.

the TargetSmart date of birth.“!!

Appendix Table C5 summarizes the results of these merges. Overall, 87.3% of TargetSmart
UIDs are successfully merged to an Infutor PID.

C.4.2 Creating ZIP code histories for parents

Our analysis uses location information from the Infutor data alone, not TargetSmart. There-
fore, we drop the 1.6% of children whose parents were identified only in the TargetSmart data
and not linked to the Infutor data. The remaining children — who constitute 60.7% of the
total number of 18 to 24 year olds in the TargetSmart data — have at least one parent either
identified directly in the Infutor data or identified in the TargetSmart data and successfully
linked to the Infutor data.®!?

We define moves at the ZIP code or county level: We do not analyze moves to different
addresses in the same ZIP code. Thus, we build a panel of parents’ residential histories at
the ZIP code level by stacking all ZIP codes associated with all Infutor records linked to a

Cl1Tike for TargetSmart, Infutor dates of birth are sometimes approximate (e.g., January of the birth year).
Thus, using the exact month and year of birth to resolve conflicts may lead to incorrectly dropping too many
matches. We treat such records differently depending on whether there are other matched Infutor records
with a non-missing date of birth that conflicts with TargetSmart’s. Specifically, if all non-missing Infutor
dates of birth are within £+12 months of TargetSmart’s, we also keep Infutor records with missing date of
birth; otherwise, we drop them (along with Infutor records with non-missing dates of birth conflicting with
the TargetSmart date of birth).

CI2If a young voter is linked to the same parent in the Infutor data both directly and indirectly through
the TargetSmart-Infutor merge, we prioritize the latter, so we preserve information from the voter file data
about parent demographics and political behavior. We also require that each Infutor PID is matched to no
more than one TargetSmart UID.
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parent. We require that each parent is observed at only one ZIP code within a month. Since
Infutor combines multiple sources of address information, the data may contain duplicate
address observations with slightly different dates or variants of the way the address was
recorded. Thus, for each parent, we de-duplicate the ZIP code history as follows:

1. If a person is observed first in ZIP code A and then in ZIP code B in the same month,
and they are next observed in ZIP code A, we drop the observation in ZIP code B.

2. For remaining duplicates by month, we keep the ZIP code that appears more often in
the future. For example, if a person is observed in ZIP codes A and B in the same
month and is later observed three times in ZIP code A but only once in ZIP code B,
we drop the first, conflicting observation in ZIP code B.

3. For remaining duplicates by month, we keep the ZIP code that is geographically closer
to the future modal ZIP code, that is, the one that has the smaller centroid-to-centroid
geodesic distance to the ZIP code that appears most often in the list of ZIP codes after
that month.

Finally, we drop return moves that happen suspiciously close — within one year — to earlier
observations. That is, if an individual moves from ZIP code A to ZIP code B and relocates

back to the exact same address in ZIP code within one year, we drop this return move from
B to A.

Ultimately, our analysis uses a location panel measured yearly, not monthly. Thus, if a
person is associated with two or more ZIP codes in the same year, we keep the one closest
to November (the month in which elections occur). If there are two ZIP codes in a given
year, one in October or November and one in December, we keep the former ZIP code for
the current year and the December ZIP code for following years, until the next move.

C.4.3 Creating ZIP code histories for children

Finally, we use the processed Infutor ZIP code histories for parents to infer children’s resi-
dential histories. Since a child may have been matched to multiple parents, for each child, we
choose one parent from whom to infer the address history using the following lexicographic
rules: (1) the parent with the longest address history (time between the first and last Infutor
address observations), (2) the parent who was most recently observed, (3) the female parent,
and (4) the younger parent.®!?

Here, we also create a family ID: we say that children are in the same family if they share
the same “primary” parent (from whom we infer the address history), except if this would
imply that more than 12 children are part of the same family.

Cl3We first standardize identifying information for each parent by choosing the modal value of name, date
of birth, and gender. We prioritize information from TargetSmart over Infutor.
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