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SOCIAL SCIENCES

Childhood cross-ethnic exposure predicts political
behavior seven decades later: Evidence from linked

administrative data

Jacob R. Brown', Ryan D. Enos'*, James Feigenbaum?, Soumyajit Mazumder'

Does contact across social groups influence sociopolitical behavior? This question is among the most studied in
the social sciences with deep implications for the harmony of diverse societies. Yet, despite a voluminous body of
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scholarship, evidence around this question is limited to cross-sectional surveys that only measure short-term
consequences of contact or to panel surveys with small samples covering short time periods. Using advances in
machine learning that enable large-scale linkages across datasets, we examine the long-term determinants of
sociopolitical behavior through an unprecedented individual-level analysis linking contemporary political re-
cords to the 1940 U.S. Census. These linked data allow us to measure the exact residential context of nearly every
person in the United States in 1940 and, for men, connect this with the political behavior of those still alive over
70 years later. We find that, among white Americans, early-life exposure to black neighbors predicts Democratic

partisanship over 70 years later.

INTRODUCTION

The social and behavioral consequences of ethnic diversity are
implicated in the long-term success of diverse societies and, conse-
quently, are among the most important and long-standing topics
across the social sciences. Scholars have argued that ethnic diversity
leads to social inefficiencies, including discriminatory behavior (1-3)
and, in the aggregate, social and political instability (4-6). Intergroup
conflict may have been a crucial selective pressure in human evolution
and is a nearly universal feature of human societies (7, 8), leading to
a “liberal dilemma” (9) of an association between diversity and
social inefficiency in an increasingly diversifying world.

As an antidote to this dilemma, scholars have long argued that
interpersonal relationships across social groups can reduce prejudice
and lead to more aggregate harmony (10-12), especially when this
contact occurs during adolescence. These claims from psychology
and other fields have been implicated in consequential jurisprudence
[e.g., (13)] and public policies (14) and are among the most publicly
influential social scientific theories (15).

Yet, despite the important implications and voluminous research,
there are severe limitations to the evidence on the effect of inter-ethnic
contact on long-term outcomes (16). To date, studies have relied
almost entirely on experiments where the outcome is measured nearly
immediately or a matter of days after the treatment, longitudinal
surveys over short time periods, or cross-sectional surveys where
the persistence of the association cannot be adequately measured
(15, 17, 18), thus limiting the scientific and policy relevance of the
findings, and the long-term association between inter-ethnic contact
and social harmony remains obscured.

To understand the long-term effects of intergroup contact, we
undertake the first large-scale linking of full population, individual-
level administrative data on adolescent inter-ethnic contact with
records of later sociopolitical behavior. In doing so, we are able to
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construct a dataset that captures a number of early-life experiences,
including exact residential context, of nearly every child living in
the United States in 1940 and, for those still living and registered to
vote, to match this context to political behavior over six and, in
many cases, seven decades later. This linking yields a dataset of over
650,000 individuals who were living in nearly every U.S. county in
1940 and for whom we can observe political behavior much later in
life. With these linkages, we are able to observe substantial individual
variation in racial diversity, socioeconomic status, and other social
indicators during childhood and link this variation to later individual
political behavior, allowing us to test for the long-term relationship be-
tween political behavior and having a different race neighbor in 1940.

Using an empirical strategy of increasingly fine-grained geographic
comparisons to account for sorting at small levels of geography, we
show that white men who had a black neighbor in 1940, compared
to white men who did not, are more likely to be associated with
racially liberal politics, as indicated by their registration with the
Democratic Party even as late as 2017. This relationship persists
even when comparing whites living in the same neighborhood but
with different levels of cross-racial exposure. We are further able to
stratify our sample by individuals with like-age neighbors, by resi-
dential history, and by other criteria indicating that the likely mech-
anism for this association is the influence of exposure to a neighbor
of a different race rather than transmission of attitudes through
parents’ political attitudes or other unobserved variables.

In the U.S. context, psychologists have argued that partisanship
and racial attitudes are conditioned early in life and tend to be stable
throughout a person’s life span (19, 20), with attitudes on inter-ethnic
tolerance more strongly predicted by early, rather than later, life
environments (21). Cross-ethnic exposure, including early in life, has
been shown to liberalize short-term sociopolitical attitudes (6, 22-24)
perhaps because contact reduces the salience of group-based
categories (25) or because positive experiences with individuals are
generalized to the out-group (26). The long-term effect of these
early-life experiences on racial liberalism and spillover into other
political attitudes could explain why racial attitudes and partisan-
ship are so highly correlated in the United States (27) and other

10f 14

T20Z ‘g AInC uo /B1o°Bewadusids saoueApe//:dny wolj papeojumoq


mailto:renos@gov.harvard.edu
http://advances.sciencemag.org/

SCIENCE ADVANCES | RESEARCH ARTICLE

countries (28), with members of left-of-center parties consistently
displaying less ethnic and racial prejudice than members of right-
of-center parties (29). In the United States, anti-black prejudice was
a major driver of the sorting of voters into parties in the mid-20th
century (30, 31) and remains among the strongest predictors of vote
choice in recent elections (32-34).

The long-term endurance of these effects has important implica-
tions: If racial exposure is associated with behavior over seven dec-
ades later, especially on a characteristic with as much overtime
stability as partisanship, it may be that the influence of these early-
life experiences is also present in intervening decades, when people
are active in politics and the workforce, and that the influence may
be present in a range of sociopolitical behaviors and attitudes (35).
Partisanship can be characterized as a social identity (36) that is
closely tied to a person’s self-image and, hence, is a powerful predictor
of behavior (37). Party membership has been shown to induce a
range of behaviors, including the type of group-based bias that
characterizes race-based social identities (38). Partisanship in the
United States is among the strongest predictors of nearly every
political attitude (39) and many nonpolitical lifestyle choices (40, 41),
and thus, long-term influences on partisanship have sweeping
implications.

Linking 1940 Census data to contemporary voter files
Census data
We draw data on early-life experiences from the 1940 U.S. Decennial
Census, which attempted to record every person living in the United
States in that year and likely reached around 99% of the population
(42), including noncitizens. Enumerators recorded information on
name, age, gender, race, place of birth, years of education, labor
earnings, employment status, and many other characteristics. Indi-
vidual census records are not available when initially recorded but
are made available for public use in accordance with a statutory
72-year restriction to protect the privacy of respondents. The census
data we draw on have been transcribed and organized into structured
datasets through collaborative efforts of the Integrated Public Use
Microdata Series (IPUMS) at the Minnesota Population Center (MPC),
Ancestry.com, and FamilySearch.org. We access de-anonymized
data through files deposited by MPC at the National Bureau for
Economic Research. For 131,903,910 of the 132,164,569 individuals
enumerated in the 1940 Census, we observe first and last names,
as well as ages and places of birth, which we use to match to con-
temporary voter data.
Voter file data
In most U.S. states, citizens must register to be able to vote. When
doing so, they usually provide basic information, including their
full name, address, and date of birth. In most, but not all, states,
voters also declare a party affiliation when registering. We use party
registration in our analysis to measure psychological association with
a party. Party registration has been shown to accurately measure
self-reported association with a party, as well as policy and other
beliefs (43). Because we can directly observe party registration using
these administrative data, we largely avoid problems of measurement
error associated with the surveys common in this field of study (44).
In three states, California, North Carolina, and Nebraska, citizens
provide their place of birth when registering. This information
facilitates very accurate matches, and so we focus on people currently
living in those states. This population, however, was living in nearly
every county in the United States in 1940 (3088 of 3108 counties,
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99.4%), providing almost blanket coverage of U.S. locations during
the time period. We measure contemporary partisan registration at
two different points in time by pooling data from California and
North Carolina in 2005 and 2009, respectively, and again to these
states and Nebraska in 2017. The 2005/2009 data come directly from
the state governments, while the 2017 data are aggregated by the
commercial vendor L2. The inclusion of samples at two different
points in time allows us to test the robustness of the results to different
datasets and states and across different points in time. Because attrition
via death and other causes will change the composition of the sample
between 2005 and 2017, measurement at different time points also
allows us to understand the influence of attrition on our inferences.
Record linkage

Many of the methods for record linkage rely on methods based on
the matching of available variables, most commonly name, gender,
race, and age. These methods are nonstatistical in the sense that they
do not rely on a probabilistic model. Recent advances in the record
linkage methodology argue for the use of probabilistic algorithms
such as support vector machines (45), regression (46), and Bayesian
inference (47). The core advantage of probabilistic models is that
they allow the researcher to directly control the false-positive rate by
tuning the acceptance threshold for match probabilities.

To construct our linked sample, we use the supervised machine
learning procedure developed by (46). The key strength of this algo-
rithm is that it allows the researcher to take advantage of the value
of human coders by generating a hand-linked training set. Census
data from 1940 were recorded in cursive by enumerators and tran-
scribed 72 years later, introducing many layers of measurement error.
Humans are quite good at comparing lists of names and making
judgments across imperfect links, implicitly weighing differences in
first and last names, as well as differences in year of birth or implied
age. The machine learning approach makes those implicit weights
on various record link features explicit and then replicably applies
those weights to link very large datasets at scale.

We restrict our searches to men since the common practice of
surname changes at marriage during the 20th century makes it quite
difficult to link women accurately. We then further subset the data
to examine possible matches from among those who were similar
on first name, last name, and age, blocking on state of birth by looking
at all men with matching states of birth, born within 5 years of the
record in the voter file, and with a first and last name within 0.3 in
Jaro-Winkler string distance. A research assistant then attempts to
link a random sample of the data by hand. We estimated a statistical
model to predict which records the human linked and which records
the human did not link, using a number of constructed features or
variables based on the first and last name strings and the years of
birth. Last, we tuned a pair of hyperparameters to convert probit
scores into matching rule decisions; the hyperparameters govern how
strong a given match is both absolutely and relative to the next best
alternative match. Trained on a small subset of the data, we then
applied the linking algorithm to the rest of the data, creating matches
from the voter files to the census (see Materials and Methods).

Overall, our linkage method performed quite well. The match
rates—the shares of voter records of adequate age that we are confi-
dent in linking to a record in 1940—for California, Nebraska,
and North Carolina were 52%, 46%, and 65%, respectively, for a
sample of 672,318 individuals in 2005/2009 and 259,762 in 2017
(760,337 unique individuals) who were living across the United States
in 1940 (Fig. 1). Almost half (46.6%) were living in California,
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Fig. 1. Maps of linked sample and neighbors in 1940. Top panel is the counties represented in 1940 in the linked sample, with dots scaled by population represented
in the contemporary sample. Bottom left panel is a neighborhood in Central Los Angeles in 1940. Bottom right panel is a neighborhood in Charlotte, NC in 1940. In these
figures, red squares represent the white households found in the linked sample, with addresses labeled. Black triangles represent black households, and squares represent
all other households. On the left, the subject at 2501 7th Avenue has a black neighbor, while subjects on 8th Avenue do not. On the right, the subject on East Boulevard

has several black neighbors, while the subject on Worthington Avenue has none.

Nebraska, or North Carolina, the states in which we examine con-
temporary behavior, but the mid-century population flows in the
United States are also evident, with the 1940 population also living in
major metropolitan areas in the industrial Midwest and Northeast,
such as Chicago, Detroit, and New York, from which they moved to
California or North Carolina at a later time. We restrict the study to
whites, yielding 618,712 subjects in 2005/2009 and 238,353 in 2017
(699,554 unique individuals).

In 1940, 3.75% of the sample had an immediate black neighbor.
Because we can observe the exact location of individuals in 1940, we
can distinguish between fine-grained differences in cross-ethnic
exposure, even between people with different cross-ethnic exposure
living in the same neighborhood (Fig. 1). The proportion of registered
Democrats in the linked sample, around 42%, is quite close to the
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proportion of individuals today who identify with Democrats from
these two states and were born before 1940 (based on authors’ cal-
culations from the 2016 Cooperative Congressional Election Study;
see the Supplementary Materials). A large majority of the sample
were younger than 10 years of age in 1940, and nearly the entire
sample was younger than 20 years old (fig. S1). In the Supplementary
Materials, we provide further descriptive statistics about our sample,
documenting that our linked sample appears to be quite representa-
tive of the population of white children in 1940.

Measuring cross-ethnic exposure

To measure cross-ethnic exposure, we build on methods for esti-
mating segregation developed by (48), exploiting the ordering of
households on the 1940 U.S. Census enumeration sheets. When
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compiling the census, enumerators in 1940 went door to door down
the street, recording information for each house. As a result, adjacent
households are very likely to appear immediately next to each other
on census pages, and we are able to identify the characteristics of an
individual’s immediate next-door neighbor, as well as the character-
istics of their neighbors two doors down, three doors down, and so
on. With this information, we construct measures of racial exposure
for each individual in our dataset, specifically whether each individual
had a neighbor of another race and their relative proximity to
said neighbor.

The key assumptions for our measures of racial exposure are that
proximity in census enumeration is a proxy for residential proximity
in actual geography, and that geographic proximity serves as a
reasonable proxy for racial exposure. This assumption is supported
by evidence that census enumerators were exhaustive, in that they
visited every recorded household, and that they visited and recorded
households per their geographic ordering (49, 50). Households
geographically next door to each other are very likely to be recorded
next to each other on census manuscript pages. Thus, as we move
up or down the census reel away from an individual in our dataset,
we locate increasingly more distant neighbors. We also assume that
geographic distance moving up and down the census manuscript
page is the same so that, say, three spaces up the page is, on average,
the same relative position as moving three spaces down the page.

By measuring cross-ethnic exposure on the individual level using
administrative records, we avoid having to use survey or aggregate
data that can be subject to measurement error, aggregation error,
and ecological fallacies (9). We construct an indicator variable
representing the 10 most proximate pairs of neighbors for each
individual in our dataset. Each indicator incorporates two variables
because for any given position (closest neighbor, second closest
neighbor, ...) there are two households that are equally proximate
to the individual, depending on whether you look up or down the
census page. Hence, for k € [1,10], each indicator equals 1 if at least
one of the two households located k doors down from the individual
is inhabited by a head of the household who is black. In the Supple-
mentary Materials, we also present analysis with k equal to 0, 1,
or 2 to record the exact number of households with a black head of
household out of the two possible households.

We measure the relationship for each k € [1,10] neighbors in
1940 and 2005/2009 or 2017 party registration by regressing party
registration on indicators for a black neighbor as well as variables
for the age and education [to measure social status not captured
by race (51) and to control for this possible confounding with race]
of both the subject and each neighbor. We estimate the follow-
ing model

10
Yig = a+ kz BkDri+YXi+hg+€ig
=1
where Y; , measures Democratic Party registration in 2005/2009 or
2017 for individual i in geography g; a is the intercept; Dy, ; is a ma-
trix of neighbor characteristics for neighbor k positions away on the
census page—for each of these k neighbors, the matrix includes
whether the neighbor is black and whether the head of the house-
hold for the neighbor has at least a high school education; and X; is
a matrix of individual-level covariates that may affect both residential
location and eventual partisan registration: individual age, family
size, whether their family had resided in the same residence 5 years
previous, and the high school education, income, age, employment
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status, and hours worked on average per week and per week for the
head of the household. A, is the geographic fixed effect, and €; g is
the error term. In the Supplementary Materials, we compare the
balance of these covariates across our sample with and without black
next-door neighbors. At smaller geographic fixed effects, most co-
variates are balanced across groups, but we include these covariates
as controls to account for potential confounding in all specifica-
tions. We also show in the Supplementary Materials that our results
are similar in models not including these covariates.

Using fixed effects, we examine this relationship at increasingly
small geographic levels, beginning with state, county, and enumer-
ation district fixed effects. Thus, all comparisons are between indi-
viduals living in the same geography, allowing us to account for
residential sorting at increasingly fine-grained levels. In the Supple-
mentary Materials, we present power analyses across fixed-effect
specifications. Enumeration districts are subcounty geographic units
defined as the area for which a census enumerator could complete a
count of the area’s population for a given census year. We then
proceed to areas defined by groups of census pages, which capture
geographic proximity because adjacent houses were recorded on con-
secutive page lines by enumerators (49, 50). We define geographies
by 10- and 5-page groups, with the smallest group representing a
very small geography, approximately several city blocks. Thus, when
comparing individuals at these smallest levels of geography, we
have increased confidence that the white individuals with and
without black neighbors are equal on observable characteristics and
the difference in contemporary behavior is a result of exposure to
these black neighbors.

RESULTS

Whites with a black next-door neighbor in 1940 are 1.5 percentage
points (with district fixed effects) to 4.2 percentage points (with no
geographic fixed effects) more likely to be Democrats in 2005/2009,
and 2.8 percentage points (with 10-page fixed effects) to 5.3 per-
centage points (with no geographic fixed effects) more likely in 2017
than whites without a black next-door neighbor (Fig. 2) (results for
neighbors k > 1 are in Materials and Methods). The relationship is
stable within increasingly small geographies and when accounting
for other characteristics of the individuals in 1940, and in the Sup-
plementary Materials, we use sensitivity analysis (52) to show that
the results are very unlikely to be explained by an unobserved con-
founding variable, suggesting that the relationship is the result of
exposure to a black neighbor. In the Supplementary Materials, we
also analyze Republican Party registration as the outcome. A black
next-door neighbor predicts decreased likelihood of being a Repub-
lican in the 2005/2009 and 2017 samples and with the results generally
mirroring the Democratic results in size.

The size of this association is similar to that reported by (53) for
the effect of white children’s exposure to school diversity on down-
stream partisanship and is consistent with recent research showing
that partisanship can change in response to local context even for
adults (54). A growing body of evidence shows that early-life context
can have large effects on economic and other outcomes (55), and long-
standing evidence in political science demonstrates that childhood
is when sociopolitical attitudes are most malleable (20). Given these
baselines, and that previous scholarship has demonstrated that
even fleeting cross-ethnic exposure can alter sociopolitical attitudes
(2, 56), the size of these effects may be within an expected range for
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Fig. 2. Black next-door neighbor and Democratic partisanship association. Points represent the coefficient of a black next-door neighbor on Democratic partisan-
ship. Coefficients are from separate specifications with different geographic fixed effects and are displayed in order of largest to smallest geographic comparison. Stan-
dard errors are clustered at the county level. Controls include individual age, family size, whether their family had resided in the same residence 5 years previous, as well
as the high school education, income, age, employment status, and hours worked on average per week and per week for the head of the household, and whether or not
each neighbor has a head of the household with at least a high school education. Differences between sample size in covariate models and full sample are due to miss-

ingness across covariates.

the treatment on children, given the intense interpersonal contact
possible when interacting with neighbors.

The relationship among nonmovers, non-Southerners,

and urban dwellers

We examine several alternative explanations, other than cross-ethnic
contact, for the association between childhood exposure and long-
term party registration. First, the relationship could be driven by
white people with racially progressive attitudes who selected to live
next to black people. Because we can compare individuals who lived
within the same neighborhood, this geographic sorting is unlikely
to drive the results, but to further investigate this possibility, we
estimate specifications fitted to the subset of our sample that has
lived in their same residence for at least 5 years as recorded in the
1940 Census.

Second, in the first half of the 20th century in the southern United
States, racially conservative whites tended to be Democrats and were
clustered around areas with large black populations (57), and thus,
the results may reflect the persistence of this old-fashioned Demo-
cratic Party identification rather than racial liberalism. Hence, we
subset our data by residents of the South and non-South in the
1940s, where residents of the former may reflect racial conservatism,
while the latter reflects racial liberalism. The expectations for the
direction of the effect among people living in the South in the 1940s
are ambiguous because racially conservative whites may have switched
party registration to Republican later in life (30), while others may
have simply not changed their party affiliation to reflect the realign-
ment of the parties on racial issues. Thus, we examine results for
non-Southerners in 1940, for whom we should expect the association
to more clearly reflect racial liberalism.

Last, because distances between neighbors will vary based on
population density, and this likely influences frequency of contact
between neighbors, we compare individuals in our samples living in

Brown et al., Sci. Adv. 2021; 7 : eabe8432 11 June 2021

urban areas in 1940 to those living in rural areas. The 1940 Census
classifies a household as being in an urban area if it is located in a
city or incorporated place of at least 2500 inhabitants.

For each of these three moderating variables, we estimate speci-
fications on subsets defined by each variable (Fig. 3). Across both
samples, the predictive effect of a black next-door neighbor remains
positive and significant in each of these subsamples.

In addition, in the Supplementary Materials, we also show that
the result is stable if we limit the sample to individuals who live
next door to neighbors with children similar in age to the indi-
vidual, consistent with the mechanism of cross-ethnic interaction
producing durable effects. We find that black neighbors in 1940 are
not predictive of living in neighborhoods with larger black pop-
ulations later in life (fig. S17). This indicates that the connection
between early-life context and future party registration is more
likely a product of the lasting impression left by cross-ethnic con-
tact at a young age rather than a product of greater long-term ex-
posure to diversity.

In the Supplementary Materials, we also show analysis aimed
to further test the potential for parents’ partisanship to confound
the results, wherein more racially liberal white parents are more
likely to move next to black neighbors and more likely to produce
children who will become Democrats. While we cannot measure
parents’ partisanship directly with our data, we obtained summary
data used in (58) detailing the proportion of Democrats in 105 dif-
ferent occupations in California in 1940. We merge these data with
the Census-recorded occupations of the head of the household
for each individual in our dataset and use this within-occupation
proportion Democrat as a control. The results from this alterna-
tive specification are shown in comparison to the main effects in
the Supplementary Materials, demonstrating that the inclusion of
this proxy for parents’ partisanship does not substantively change
the results.
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® Non-South A Urban

Fig. 3. Black next-door neighbor association on subsamples. Points represent the coefficient of the black next-door neighbor on future Democratic partisanship.
Coefficients are from separate specifications with different geographic fixed effects and are displayed in order of largest to smallest geographic comparison. Coefficient
estimates are from models fitted to subset of whites in the data who have either not moved in the past 5 years, lived outside the South in 1940, or lived in an urban area
in 1940, respectively. Standard errors are clustered at the county level. Controls include individual age, family size, whether their family had resided in the same residence
5years previous, as well as the high school education, income, age, employment status, and hours worked on average per week and per week for the head of the household,
and whether or not each neighbor has a head of the household with at least a high school education.

DISCUSSION

We have demonstrated that cross-ethnic contact early in life is asso-
ciated with sociopolitical behavior over 60 and 70 years later and that
this relationship can be observed even when comparing subjects who
lived in the same neighborhood but who had different levels of
exposure. Furthermore, the association is consistent across different
regions of the country and different levels of density and for people
who had and had not recently moved during childhood, and when
controlling for a range of characteristics of households, suggesting
that socialization early in life has a long-term effect on sociopolitical
attitudes.

Most research on contemporary diversity and political behavior
uses aggregate data, such as a measure of county-level demographics,
to estimate ecological correlations with the assumption that local
diversity increases the probability of cross-ethnic contact. There are
reasons to believe that a direct measure of exposure, such as the one
we use here, is superior to or, at least, distinct from measures of
contact taken from aggregate data. Further analysis in the Supple-
mentary Materials supports our finding that one’s closest neighbors,
rather than aggregate racial context, has the strongest relationship
with future party registration. However, the relationship between
direct cross-ethnic exposure, early-life aggregate diversity, and future
political behavior deserves future investigation, especially since
recent research has demonstrated a relationship between racial
diversity in elementary (53) or high school (59) and downstream
sociopolitical attitudes for white Americans. Of course, future re-
search examining the nature and valence of these cross-ethnic con-
tacts will help with our understanding.

The relationship between early-life experiences and party regis-
tration persists over this long period despite the many intervening
life experiences during this period—including the population of
study being one of the more economically and geographically
mobile populations in American history and with a large portion of

Brown et al., Sci. Adv. 2021; 7 : eabe8432 11 June 2021

the men experiencing the social disruption of military service. This
persistence suggests a dominating socializing force of early-life ex-
periences. The long-term persistence of this relationship suggests
that, despite the short-term social inefficiencies associated with di-
versity, there may be long-term positive effects for social harmony.

MATERIALS AND METHODS

The study was reviewed by the Harvard and Boston University
Committees on the Use of Human Subjects and was declared not
human subject research.

Linking 1940 Census and contemporary voter file data

To link records from the voter file to the census, we train a linking
algorithm on hand-coded examples of links. The algorithm uses the
following features to build a linking score for each potential match
from the voter file to the 1940 Census:

1) Jaro-Winkler string distance in first and last names. The
Jaro-Winkler distance metric captures, on a scale from 0 to 1, how
many edits have to be made to the characters in one string to con-
vert it to another string. Edits include substitutions, deletions, and
additions. Differences in strings earlier in the string are more heavily
penalized, leading to larger string distances. Distance in first name and
distance in last name are two key features in our linking procedure.

2) Absolute value difference in age in 1940. The 1940 Census
asked for respondents’ age as of April 1940. We use the dates of birth
in the voter file to estimate how old people in our sample should
have been in 1940. We calculate the number of years different
between a record in the voter file and a record in the 1940 Census.
Age or year of birth can be off for many reasons, including simple
data entry error, misreporting, and age heaping.

3) Soundex agreement in first and last names. Soundex and other
phonex coding schemes attempt to convert strings or words into
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Table 1. Democratic partisanship by a black next-door neighbor, 2005/2009 sample. Table shows the coefficients from the main specifications estimating
the effect of a black next-door neighbor on future Democratic partisanship for the 2005/2009 sample. Models in this table range from no fixed effects (FE) to
district-level fixed effects. Cluster robust standard errors are shown in parentheses, with standard errors clustered at the county level. Models with and without
covariates are shown. Both models include variables for black neighbors at each k € [1,10] position up and down the Census page. Specifications with covariates
control for individual age, family size, whether their family had resided in the same residence 5 years previous, as well as the high school education, income,
age, employment status, and hours worked on average per week and per week for the head of the household (HoH), and whether or not each neighbor has a
head of the household with at least a high school education. Differences between sample size in covariate models and full sample are due to missingness across

covariates. *P < 0.1; **P < 0.05; ***P < 0.01.
(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Age

High school

Income

Mover

HoH age

Homeowner

Family size

Employed

Hours per week

Weeks per year

Black neighbor (k=1) 0.046***

(O 006)

Black neighbor (k= 2) O 01 8***

(0.004)

Black neighbor (k= 3) 0018***

(0 004)
Black neighbor (k=4)

Black neighbor (k=6) 0.017%**

(0.004)

Black neighbor (k=9) 0 023***
(0 004)

continued to next page
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: (0 004)
Black neighbor (k=7) 0.01 1***~
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(0 002)

(0 0001)

(0 002)

(0 001)
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(0.006)

(0.005)

0 013**

0.015%**

(0 005)
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(1) (2) (3) (4) (5) (6) (7) (8)

Black neighbor (k=10) 0 026*** 0 020*** 0 008** 0.004 0.001 -0.003 —0 001 —0 005

(O 004) (0 004) (0 004) (0004) . (0004) o N(O 004)“‘ o (0 004) - (0 005) o
b siost. aducated maianbor (k:” ‘ 0003.‘.‘.......‘. oo ettt oo e o1 . e oot -
b siosi. sducated maianbor (k:2) et _o 001 _0 001 e “_o 001‘.‘ e _0 002. v
b siost sducated raianbor (k:3) et o 0003,‘.‘.......‘.. 0 0004 e “o ooosm e .0.00005. v
b siont sduested raianbor (k:4) et _0 002 T .‘_0.001‘.‘ s
b ol sduesed maiarber (k=5) et _0 002 s
b s sduesied manbor (k:6) T
b s sduenied ranbor (k:7) U 0001 B

High school- educated neighbor (k=8

High school- educated neighbor (k=9) —0.002 —0.002 —0.002 —0.002

Pt — _0 1
- e e e e e e

Controls No Yes No Yes No Yes No Yes
N 609 878 51 2 558 609 878 51 2 558 609 878 51 2 558 609 800 51 2 493
R? 0005 0005 0015 0014 0025 0025 0198 0215
Adjusted R? 0.005 0.005 0.01 5 0.014 0.020 0.01 9 0.021 0.01 9

Table 2. Democratic partisanship by a black next-door neighbor, 2005/2009 sample. Table shows the coefficients from the main specifications estimating
the effect of a black next-door neighbor on future Democratic partisanship for the 2005/2009 sample. Models in this table range from Census reel fixed effects
to 5 Census page fixed effects. Cluster robust standard errors are shown in parentheses, with standard errors clustered at the county level. Models with and
without covariates are shown. Both models include variables for black neighbors at each k € [1,10] position up and down the Census page. Specifications with
covariates control for individual age, family size, whether their family had resided in the same residence 5 years previous, as well as the high school education,
income, age, employment status, and hours worked on average per week and per week for the head of the household, and whether or not each neighbor has a
head of the household with at least a high school education. Differences between sample size in covariate models and full sample are due to missingness across
covariates. *P < 0.1; **P < 0.05; ***P < 0.01.

(1) (2) (3) (4) (5) (6)
Age 0.007%*** 0.007*** 0.0071***

(0 0002) (0 0004) (0 001)

High school —0 003 —O 003 —0 006
(0 004) (0

Income

(0.00000) (0.00000) (0.00000)
Mover —0 0001 0 001 0 001
(0 002) (0 003) (O 003)

continued to next page
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(1) (2) (3) (4) (5) (6)
HoH age . . 0.00005

Homeowner

Family size

Employed

Hours per week

Weeks per year

Black neighbor (k=1)

Black neighbor (k=2)

Black neighbor (k=3)

Black neighbor (k= 4)

Black neighbor (k=5)

Black neighbor (k= 6)

Black neighbor (k=7)

Black neighbor (k=8)

Black neighbor (k=9)

Black neighbor (k=10) 0.002 —-0.002 —-0.003 —-0.006 0.002 —0.003

(0.004) (0.004) (0.006) (0.007) (0.007) (0.009)

High school-educated neighbor (k= 1) 0.001 0.001 0.001
(0.002) (0.004) (0.004)

High school-educated neighbor (k=2) —-0.001 —0.002 —0.004
(0.002) (0.003) (0.003)

High school-educated neighbor (k= 3) 0.0004 0.001 —-0.001
(0.002) (0.003) (0.004)

High school-educated neighbor (k=4) —0.002 0.0003 0.004
(0.002) (0.003) (0.003)

High school- educated neighbor (k=5) —-0.002 —-0.001 —-0.001
(0.002) (0.003) (0.004)

High school- educated neighbor (k= 6) 0.001 —-0.0001 —0.003
(0.002) (0.003) (0.004)

continued to next page
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(1)

(2)

(3)

(4)

(5)

(6)

High school- educated neighbor (k=7)

High school- educated neighbor (k= 8)

High school-educated neighbor (k=9)

High school- educated neighbor (k= 10)

FE Reel

Controls No

N 609,878
R? 0.028
Adjusted R? 0.020

(0.002)
~ (0.002)
-~ (0.002)

Yes

0.019

0.001
(0.002)

Reel

512,558
0.028

Page 10

No

0.023

0.0001

—0.002

—0.001

609,878
0.372

0.001

—0.0001

(0.003)

-0.001

(0.003)
0.001

Page 10

Yes

512,558

0.398

0.021

Page 5

No

0.022

—-0.003

Page 5
609,878
0.495

—0.0005

(0.004)
(0.004)
—0.002
(0.004)

Yes

(0.004)
0.003

512,558

0.520

0.021

Table 3. Democratic partisanship by black next-door neighbor, 2017 sample. Table shows the coefficients from the main specifications estimating the

effect of a black next-door neighbor on future Democratic partisanship for the 2017 sample. Models in this table range from no fixed effects to district-level

fixed effects. Cluster robust standard errors are shown in parentheses, with standard errors clustered at the county level. Models with and without covariates are
shown. Both models include variables for black neighbors at each k € [1,10] position up and down the Census page. Specifications with covariates control for
individual age, family size, whether their family had resided in the same residence 5 years previous, as well as the high school education, income, age,
employment status, and hours worked on average per week and per week for the head of the household, and whether or not each neighbor has a head of the
household with at least a high school education. Differences between sample size in covariate models and full sample are due to missingness across covariates.

*P<0.1; **P < 0.05; ***P < 0.01.
(1)

(3)

(5)

(7)

(8)

continued to next page
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(1) (2)

Black neighbor (k= 2) 0.027%**

Adjusted R? 0.007 0.014

Brown et al., Sci. Adv. 2021; 7 : eabe8432 11 June 2021

110f 14

T20Z ‘g AInC uo /B1o°Bewaduslos saoueApe//:dny Wwolj papeojumoq


http://advances.sciencemag.org/

SCIENCE ADVANCES | RESEARCH ARTICLE

Table 4. Democratic partisanship by black next-door neighbor, 2017 sample. Table shows the coefficients from the main specifications estimating the
effect of a next-door black neighbor on future Democratic partisanship for the 2005/2009 sample. Models in this table range from Census reel fixed effects to

5 Census page fixed effects. Cluster robust standard errors are shown in parentheses, with standard errors clustered at the county level. Models with and without
covariates are shown. Both models include variables for black neighbors at each k € [1,10] position up and down the Census page. Specifications with covariates
control for individual age, family size, whether their family had resided in the same residence 5 years previous, as well as the high school education, income,
age, employment status, and hours worked on average per week and per week for the head of the household, and whether or not each neighbor has a head of
the household with at least a high school education. Differences between sample size in covariate models and full sample are due to missingness across
covariates. *P < 0.1; **P < 0.05; ***P < 0.01.

(1) (2) (3) (5) (6)
0006***
“‘(00003) (0001) (0001)
nghSCho()l _0015** _0012 oo
(0007) (0010) (0013)
L N_O 00000**; [ _0 00000 e .‘_0 00001‘.. e
Mover—o 007*** _0 009 _0 015*
(0003) (0006) (0008)
HOHage oo 00001 e
(0 0002) (0 0003) (0 0004)
L _0 023***. e _0 023*** e .‘_0 021***,. e
(0004) (0005) (0007)
Fam||ys|ze 0009*** 0006*** S
(0001) (0002) (0002)‘.‘....‘.“.
Employed e .‘,_O 021***. e _o 029** e o 027‘.‘.. e
(0006) (0014) (0021)
HoursperWEEk e N_o 0003*** e _0 0004***.... e N_o 0003*‘.. e

““(0.0001) (O 0003) - (00003)
1 T
5
1
)
s e e s e e o
o o e _0009 S o S
N S
oo e e o e o e
) S
e
e S - . SRS o, S o
e
ot o o oms e e

(0.006) (0.007) (0.011) (0.014) (0.016) (0 01 8)
Black neighbor (k= 10) O 001 0.001 —0.002 —0.001 —0.009 —O 007
(0 006) (0.006) (0.010) (0.012) (0.015) (0 01 8)
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(1) (2) (3) (4) (5) (6)

High school- educated neighbor (k= 1) —0.005 —-0.003 0.001

..................................................................................................................... (0003) (0006) JE (0012)
H |gh5choo|_ educatedne,ghbor (k= 2) ................................................. _00003 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 0007 .......................................................... 0007 ..............
..................................................................................................................... (0004) (ooos) JE (0010)
H |gh5choo|_ educatedne,ghbor(kz 3) .................................................. _0005 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ _00003 ...................................................... _0002 ..............
..................................................................................................................... (0003) (0006) JE (0010)
H |gh5choo|_ educatedne.ghbor(k=4) ............................................... _0009* R 0 0002 ........................................................ 0002 ..............
..................................................................................................................... (0003) (0007) JE (0009)
nghSChOOI_ educatedne.ghbor(kzs) ................................................ _0006** _0007 ....................................................... _0008 ..............
..................................................................................................................... (0003) (0007) JE (ooog)
nghscmo'_ educatedne.ghbor(k=6) FE T 0001 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 0003 .......................................................... 0003 ..............
..................................................................................................................... (0003) (0006) JE (0009)
nghSChOOI_ educatedne.ghbor(k: 7) ................................................ _0003** _0004 ....................................................... _0002 ..............
..................................................................................................................... (0003) (0006) JE (0010)
nghSChOOI_ educatednaghbor(k:& e 0001 _0002 ....................................................... _0003 ..............
..................................................................................................................... (0004) (0009) JE (00”)
nghSChOOI_ educatedne.ghbor(k=9) ................................................ _0006** ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 0001 .......................................................... 0002 ..............
..................................................................................................................... (0003) (ooog) JE (0008)
H|ghschoo|_educatedne|ghbor(k:1o) ................................................. _0005* _0002 ........................................................ 0001 ...............
..................................................................................................................... (0003) (0006) JE (ooog)
FE .............................................................................. R ee| ........................... Reel .......................... p agem pagem .................... pages ....................... pages ..............

cOntro|5 ..................................................................... No ............................. Yes ............................... N 0 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ Yes ............................. N 0 ............................ Yes ,,,,,,,,,,,,,,,,

N ............................................................................ 233344 ...................... 20391 5 ,,,,,,,,,,,,,,,,,,,,,,,, 2 33344 203915 .................... 2 33344 ,,,,,,,,,,,,,,,,,,,,, 203915 ,,,,,,,,,,,,,

RZ ............................................................................ 0058 JE—— 0063 ............................ 0524 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 0548 ........................ 064] ,,,,,,,,,,,,,,,,,,,,,,,,,, 0664 ..............

AdJustedRZ ........................................................... 0039 JE— 0042 ............................ 0044 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 0045 ........................ 0043 ,,,,,,,,,,,,,,,,,,,,,,,,, 0052 ..............

codes such that names that sound the same (John and Jon, for
example) get the same coding. Although Soundex is quite brittle—
typos or transcription errors in strings will often “break” Soundex—
it has some predictive power for which records should match,
particularly because enumerators wrote down peoples’ names as they
heard them when recording the 1940 Census. We include two indi-
cator variables for Soundex agreement, one for first names agreeing
and one for last names agreeing.

4) Number of potential census matches (logged). In the first step
of the linking procedure, we identify records that could possibly
match a given person in the voter file, loosely restricting based on
string distance in first and last names, age, sex, and state of birth.
The number of possible hits for a given record is indicative of the
commonness of his or her name, and the more common a name, the
more likely we are to make a false-positive error in making a match.
By including the number of potential or possible links, the algorithm
can adjust matches accordingly.

5) Agreement on specific characters in first and last names can
be a signal that two records are the same. We include four indicator
variables for first letter of first name agreement, first letter of last
name agreement, last letter of first name agreement, and last letter
of last name agreement.

6) Middle initial agreement. Distinguishing between two people
with the same or similar first and last names is often done with middle

Brown et al., Sci. Adv. 2021; 7 : eabe8432 11 June 2021

names or initials. In both the voter file and the 1940 Census, we see
middle initials in some cases and use them when available.

7) Birthplace and sex. Our census links block on birthplace,
requiring two records to have the same reported birthplace (state
for the U.S.-born). We limit our sample to people in the voter file
born in the United States and who are men to facilitate linking over
so many decades.

Main result tables

Tables 1 to 4 are the full results for the model regressing Democratic
partisanship in 2005/2009 and 2017 on characteristics of neighbors
in position k € [1,10]. Cells are ordinary least squares coefficients,
with standard errors (clustered at the county level) in parentheses.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/24/eabe8432/DC1
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