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1 Introduction

What impact do immigrants and their descendants have in their new homes in the short and long

term? The answer depends on the attributes they bring with them, what they pass on to their

children, and how they interact with other groups. When people move to a new place, they leave

behind the complex interactions of institutions, culture, and geography that determine economic

outcomes in their homeland. They bring with them their own human capital and their cultural

values, norms, and knowledge and experience of institutions. These values and experiences help

shape the way they interact with others, the institutions they form in their new home, and their

incentives for investing in human and physical capital. Because immigrants pass on many traits to

their children, the effects of immigration do not end in the first generation and they may become

even more important as new groups change the society around them.1

This paper uses the large and diverse migration to and within the United States over a century

and a half to study the effect of the changing ancestry mix on local economic development. The

United States constitutes an ideal laboratory to address this issue because of the large immigra-

tion flows from many countries that characterize its history (Daniels, 2002, pp. 24-25). These

immigrants came to the United States from different parts of the world with diverse histories and

cultures. Some were brought against their will as slaves; others decided to come for economic rea-

sons, or seeking religious or political freedom. Once here, the immigrants and their descendants

had to negotiate economic, cultural, and institutional relationships with other groups who were

there before them or settled after them.

To perform our analysis, we build two unique new data sets. Using individual records from

the US census going back to 1850, we construct the country-of-ancestry composition of each US

county’s population. Crucially, we produce an objective measure of the ancestry composition of

1A substantial body of research has shown the persistence of cultural traits between the first and second generation
of immigrants. See the reviews by Fernández (2010) and Bisin and Verdier (2011) of the empirical and theoretical
literature on cultural transmission. Among recent theoretical contributions see Doepke and Zilibotti (2017). Beyond
the second generation, the persistence varies across cultural attitudes and countries of origin, but even for faster moving
traits, differences remain by the fourth generation (Giavazzi, Petkov, and Schiantarelli, 2019). See also Abramitzky,
Boustan, and Eriksson (2020) on differences in the pace of name-based assimilation by country of origin.
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the full population, not just of first-generation immigrants, and so we are able to capture the long-

term impact of groups and their descendants as they come to the US and move within it.2 Second,

we create a more comprehensive measure of the GDP of each county going back to 1850 that

includes agriculture, manufacturing, and services. While measures of manufacturing output and

intermediate inputs and agricultural output have been available at the county level, we construct

measures of value added for both sectors. More importantly, focusing only on manufacturing and

agriculture overlooks the large and growing contribution of the service sector, and so undervalues

urban areas and misses the important and changing role played by the transportation, distribution,

and financial sectors.

We address three central questions: Do ancestry groups have different effects on local devel-

opment? If so, which characteristics brought from the country of origin explain why groups have

different effects? As groups come together and interact, what is the impact of ancestry diversity?

Importantly, we focus on whether the mix of ancestries matters, not the impact of increased total

population from immigration or internal population growth. Our work shows that (1) groups have

different economic impacts, (2) these impacts are closely related to characteristics in the origin

country, and (3) that overall diversity has both positive and negative consequences, depending on

the form of diversity.

To help separate the economic effects of people and what they bring with them from the eco-

nomic effects of a place’s characteristics we take several approaches that deal with distinct prob-

lems. First, our long panel allows us to control for unobservable county characteristics and hence

separate out the effects of the evolving ancestry composition from time invariant characteristics of

a county. Doing so removes the endogeneity that arises if certain ancestry groups are attracted to

places with particular characteristics. We show that not controlling for the these fixed characteris-

tics leads to misleading conclusions about the effect of the endowment characteristics brought by

immigrants from the origin country.

This time-invariant type of endogeneity is not the only problem that must be addressed if one

2Note that we do not rely on self-reported ethnicity—available only since 1980—which also reflects the evolving
nature of ethnic identity as a social construct.
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wants to make causal statements about the effect of ancestry composition on local development.

It is also possible that ancestry groups with particular endowments are more willing to move in

response to short-term county-specific economic shocks, creating a form of short-term reverse

causality. We address this potential additional source of endogeneity using three instrumental

variables approaches. The conclusions we arrive at when instrumenting under each approach are

similar to each other. They are also similar to the conclusions basedon estimates obtained without

instrumenting, suggesting that the biases arising from group-specific endogenous migration in re-

sponse to shocks are a lesser concern compared to the importance of controlling for time-invariant

county characteristics.

First, we create an instrument for each county’s share of a given ancestry using the share in the

past and growth in that ancestry nationally, excluding the county’s state.3 Doing so removes any

county-ancestry specific pull factors.

Second, we build an instrument for ancestry share using the the interaction of immigrant ar-

rival times with the development of the railroad and highway transportation network that builds

on Sequeira, Nunn, and Qian (2019). Because immigrant groups arrived at different times, groups

were exposed to different transportation networks, so decided to go to different places for reasons

that depend in large part on when they moved. We discuss how one can isolate from this informa-

tion county-ancestry level variation that can be treated as exogenous, as it is unlikely to be related

to group characteristics that may lead a particular ancestry to move disproportionately to a given

county following a shock to local development opportunities.

Finally, we present dynamic panel GMM results (Holtz-Eakin, Newey, and Rosen, 1988; Arel-

lano and Bond, 1991) that rely on appropriately lagged values of the regressors as instruments

and address the potential issue of the Nickell (1981) bias when the time dimension of the panel is

short. At their core, both the first approach and the GMM approach rely on the past distribution

of ancestries. Because the vast majority of the population does not move from decade to decade,

3The use as an instrument of the past spatial distribution of immigrants, often adjusted for the national growth
rate, has been a common strategy in the immigration literature. See Card (2001) and more recently Peri (2012), among
others. See also Bartik (1991) in the local development literature. For details on our instrumenting strategy see Section
5.3.2.
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the ancestry distribution in one decade is highly predictive of the distribution in the next, so these

instruments have highly predictive first stages. Of course, the validity of these instruments relies

on the past shares being uncorrelated with current shocks. We are thus careful to use this approach

only in dynamic models where we can test for—and reject—the presence of serial correlation in

the error term. The instrument based on the interaction between immigrant arrival time and the

railway and highway network is less dependent on the ancestry shares in the recent past and only

uses the shares in 1870. It is comforting that the basic conclusions remain very similar across the

three approaches.

We first show that ancestry groups have different effects on county GDP per worker, even

after after we control for county-specific fixed effects, race, and other observables. The effects

of different groups are correlated with characteristics of the country of origin. As a summary

measure of what groups bring with them, we construct the average origin GDP per person in each

county by weighting origin country GDP per person by the share of each ancestry in a county.

When internal or external migration results in a county’s residents coming from 1% higher GDP

per person countries on average, county GDP per worker increases by 0.3% in the first decade and

0.6% in the long run. The impact grows over time, reaching its peak only after several decades.

These effects do not seem to be related to origin-country inequality, suggestion that a model of

self-selection, such as Borjas (1987), is not likely to be driving the results.

The relationship between origin GDP and county GDP per worker shows that there must be

something important for economic development that is transportable and inheritable. We examine

possible origin characteristics that might explain the relationship. What appears to matter most

for local economic development are cultural characteristics that capture the ability of people to

productively interact with others (Tabellini, 2010). Moreover, it also matters whether immigrants

came from a country with a long history of a centralized state not subject to foreign domination

(Bockstette, Chanda, and Putterman, 2002; Putterman and Weil, 2010). Origin political institutions

that may change rapidly and may not be deeply embedded in the immigrants beliefs or values, such

as constraints on executive power or political participation, are not important for the impact of
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immigrants once we control for their experience of a strong state. Over the long-term, the human

capital of migrants is not significantly associated with local economic development once other

endowments are controlled for, perhaps because public schooling reduces educational differences

and schooling policies respond endogenously to immigration flows (Bandiera et al., 2019).

Diversity has both positive and negative effects. Immigrants and their descendants must interact

with other groups from different backgrounds, and the full impact of immigration depends on

these interactions. When ancestry diversity increases, so does GDP per worker. Despite the often

negative views that greet new groups, more diversity is actually good for growth. Yet when groups

have important cultural differences that may affect their ability to interact with others, diversity

has a negative effect on local economic development. The results suggest that when groups have

to share a place and work together, diversity is good, as long as there is a degree of agreement

in terms of cultural values that facilitate exchange and production. We provide evidence that the

positive effect of ancestry diversity on development is partly explained by the fact that greater

ancestry fractionalization is associated with a richer menu of locally available skills. More diverse

places can have greater specialization and returns from trade.

The structure of the paper is as follows: after discussing the relationship with the literature

in Section 2, we describe the evolution of ancestry and its construction in Section 3 and describe

the construction of county level GDP in Section 4; Section 5 contains the main results, Section 6

explores possible mechanisms, while Section 7 concludes.

2 Relationship with the literature

Our work focuses on the effect of the ancestry mix on local economic development in the short and

long run and sits at the intersection of several different strands of research on the historical causes

of development, on immigration, and on the effect of diversity on economic outcomes. To begin

with, we contribute to the vast literature on the historical roots of economic development.4 Because

some of the different potential factors evolve endogenously in a place, it is difficult to identify and
4The literature here is vast and cannot be adequately surveyed here. See the reviews by Acemoglu, Johnson, and

Robinson (2005), Nunn (2009), Spolaore and Wacziarg (2013), and Alesina and Giuliano (2015).
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disentangle the fundamental causes of development. To deal with this problem, an important sub-

set of the literature focuses on the impact of immigrants. In particular, we build on Putterman

and Weil (2010) who reconstruct the share of a country’s ancestors in 2000 who migrated from

each origin since 1500. They conclude that adjusting for migration flows greatly enhances the

ability of historical variables, such as the experience of early development or early institutions,

to explain differences in current economic performance. Another strand of this literature exam-

ines the impact of European colonists and of the institutions or human capital they brought with

them (Acemoglu, Johnson, and Robinson, 2001; Glaeser et al., 2004; Albouy, 2012; Easterly and

Levine, 2016). The distinguishing feature in our work is the long panel which allows us to cleanly

distinguish the effects of immigrants and of the attributes they carried with them from those of

the places they move to. In addition, we analyze which endowments brought by immigrants affect

economic performance in the long run, a difficult yet important task (Easterly and Levine, 2016).

Our examination of inherited culture is related to that of Algan and Cahuc (2010), who use the trust

of different cohorts and generation of migrants in the United States to instrument for the changing

trust in the origin country and assess its effect on economic development.5 A distinguishing feature

of our contribution is that we use the change of ancestry composition over time in US counties to

identify the effect on local development of attributes brought from the country of origin. This is

the novel source of variation that our instrumenting strategy uses to identify the effect of culture

and institutions on economic development, accounting for the endogeneity of their evolution.

Our emphasis on the long-run economic effects of immigrants and their descendants distin-

guishes our work from the many contributions that focus on the experience of first-generation im-

migrants and their short-run effect on the labor market.6 In addressing the long term consequences

of migration in the US, our work is complementary to the recent paper by Sequeira, Nunn, and

5On the importance of culture for economic outcomes see Guiso, Sapienza, and Zingales (2006), Guiso, Zingales,
and Sapienza (2008) Tabellini (2010), Fernández (2010), Alesina and Giuliano (2015), and Bisin and Verdier (2011).

6The literature on the effect of immigration is vast; see Borjas (2014) for a review, as well as the work of Borjas
(1994), Card (2001), Ottaviano and Peri (2012), and Peri (2012). See also Hatton and Williamson (1998), who
provide evidence from the Age of Mass Migration and Abramitzky and Boustan (2017), who put more recent work on
immigration into its historical context. Finally, Tabellini (2020) studies the political and economic effects on natives’
employment and wages of variations inimmigration flows to US cities in the period between 1910 and 1930 induced
by WWI and the Immigration Acts of the 1920s.
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Qian (2019), who analyze how immigration to the United States during the Age of Mass Migration

affected the prosperity of counties in 2000 and to We differ fundamentally from their contribution,

because we focus on the effect of changes in the mix of the ancestries rather than the effect of

the total size of historical migratory flows. Our work is also related, albeit less closely, to Bur-

chardi, Chaney, and Hassan (2018), who find that if a county has a larger stock of ancestry from

a given country, it is more likely to have a foreign investment link with that country today. They

focus on explaining bilateral investment links and do not assess the effect this has on county level

development, which is the focus of our investigation.

Finally, our finding that diversity has both positive and negative effects contributes to the grow-

ing literature that examines ethnic diversity. A substantial body of work suggests that various

forms of ethnic diversity hinder economic performance by impeding the diffusion of new ideas

or by harming investment in public goods.7 Yet other work suggests diversity can have positive

consequences.8 Our results support recent work that suggests group diversity by itself may be

good because of the gains from trade and specialization associated with it, but there are negative

consequences if groups differ along important dimensions such as culture (Desmet, Ortuño-Ortín,

and Wacziarg, 2017) or income (Alesina, Michalopoulos, and Papaioannou, 2016). The advan-

tage of our approach is that by using ancestry rather than ethnicity, which may be endogeneous

(Michalopoulos, 2012), and a panel to examine changes in diversity, we can more cleanly sepa-

rate out the positive and negative consequences of diversity. Moreover, we focus on the effects

of changes in the stock of ancestries and not on those induced only by greater diversity of first-

7See Spolaore and Wacziarg (2009) on barriers to diffusion and Alesina, Baqir, and Easterly (1999), Miguel and
Gugerty (2005), and Easterly and Levine (1997) on ethnicity and local public spending.

8Ashraf and Galor (2013) find that the relationship between genetic diversity and country-level economic develop-
ment is nonlinear, first increasing, then decreasing, resulting in an interior optimum level of diversity. In Putterman and
Weil (2010), the standard deviation of state history generated by the post-1500 population flows is positively related
to the income of countries today. Ager and Brückner (2013) show that fractionalization of first-generation immigrants
across counties in the United States from 1870 to 1920 is positively related to economic growth, while polarization is
negatively related. Alesina, Harnoss, and Rapoport (2016), using recent immigration data for 195 countries, present
evidence of a positive relationship between birthplace diversity of immigrants and output, TFP per capita, and inno-
vation. Ottaviano and Peri (2006) find that increased first-generation immigrant diversity is good for wages across US
cities between 1970 and 1990. Docquier et al. (2018), using a state level panel for 1960-2010, provide support for the
existence of positive skill complementarities associated with the birthplace diversity of immigrants, although the gains
depend on the cultural and economic distance of the immigrants.
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generation immigrants, as, for instance, in Ottaviano and Peri (2006), Ager and Brückner (2013),

Alesina, Harnoss, and Rapoport (2016) and Docquier et al. (2018).

3 Ancestry in the United States

There have been immense changes in overall ancestry and its geographic distribution in the United

States since 1850. In this section, we describe how we construct a measure of the geographic

distribution of ancestry over time and briefly discuss its evolution. Our estimates are the first

consistent estimates of the stock of ancestry over time for the United States at both the national

and county level. They are constructed using the census micro-samples and keep track of internal

migration and population growth, in addition to new immigrant flows. While previous work has

examined racial groups and, in recent decades, some ethnic groups, our work is thus the first to

be able to examine the full range of diversity in this nation of immigrants. Finally, our measure

of ancestry is distinct from self-reported ethnicity available in the census since 1980, which also

reflects the evolving nature of ethnic identity as a social construct.

3.1 Constructing an ancestry measure

We build our estimates of the ancestry shares at the county level and of their evolution over time

by aggregating information from questions collected in the decadal census that ask every person to

identify the state or country where he or she was born. For every individual, we use the available

information to form her expected ancestral origin based on her birth place and, when available,

on her parents’ birth place. Aggregating over many individuals in given place forms a population

estimate of the ancestry composition. For first generation immigrants born outside the United

States, the expected ancestry is straightforward since we know exactly where they came from.

This is also true for the children born in the US from first generation immigrants from 1880 to

1970 when we observe the birth place of a person’s parents. If the parents come from two different

countries, we assume that they contribute equally to the ancestry of their children. If the parents

are born in the US, we assign the child the ancestry among the children under five in the parents’
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birth state, or in the child’s residence county if the child has not moved states, in the closest census

year to the child’s birth. This method allows for some groups to have faster population growth

than others past the second generation and keeps track of internal migration. Past the second

generation, the ancestry share depends on the ancestry share in the past, since internal migrants

bring their ancestry with them when they move from state to state and pass it on to their children.

We proceed iteratively, starting with the first available individual census information in 1850 and

using the first census in 1790 updated with immigration records as the initial distribution. The

online appendix A gives the full details on the construction of ancestry and on the sources used.

Accumulating this information over time for a geographic area gives, in expectation, the frac-

tion of the people in a given area whose ancestors come from a given country. We therefore capture

not just the fraction of first-generation immigrants, but keep track of the ancestry of everyone, ac-

counting for internal migration, the age structure of the population, differential population growth

across ancestries, and local variations in the counties where people from different countries origi-

nally settled.

We can construct ancestry at the county level until 1940. Starting in 1950, the census reports

data only for somewhat larger county groups, whose definition changes slightly over time. Because

of this aggregation, our analysis centers on the 1154 county groups that allow us to maintain a

consistent geographical unit of analysis from 1850 to 2010. We continue to use county to refer to

county groups, except where the specific number of groups is important.

The county or county group is the smallest unit for which this sort of demographic accounting

can be done and makes sense. The county is also a useful unit because it is the only consistent

sub-state administrative district. While the exact powers held by counties vary somewhat by state,

counties are generally judicial and police districts with the county sheriff as the top law enforce-

ment official. Many infrastructure and transportation decisions are also made at the county level.

In addition, all local decisions are made at the county level or within the county, because coun-

ties contain cities, towns, and education districts that decide even more local matters.9 Therefore,
9For a description of the role of counties, see the National Association of Counties http://www.naco.org/

sites/default/files/documents/Counties-Matter.pdf, accessed 1 August 2017.
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if ancestry affects individual outcomes, local goods, or has externalities that relate to in-person

interactions an analysis at the county level will allow us to capture them.

Because the contributions of African Americans and the legacy of slavery are so central to

understanding ancestry in the United States, our analysis gives a special treatment to race. The

census has recorded racial characteristics since 1850, and we use it to form separate ancestries for

African Americans and Native Americans. We allow for distinct ancestries within racial groups

when the information is available, and so recent Nigerian immigrants or immigrants from the West

Indies, for instance, are treated as distinct from African Americans who are descendants of former

slaves. We emphasize that any finding we make regarding African Americans cannot distinguish

African culture and institutions from the brutal history of slavery and the cultural, economic, and

political repression that continued for more than a century following the Civil War.

Our approach has many unique advantages, but cannot cleanly answer some questions. While

nativity was a central concern in the early censuses, other distinctions within country of origin,

such as religion or regional origin, were not generally or consistently recorded. Therefore, we

cannot distinguish sub-national groups, even though the distinctions between them may be very

important. For example, many Russian immigrants were Jewish, but since we cannot distinguish

these immigrants, all Russians are recorded as a single group. Similarly, the census does not

identify the African origin countries of the slave population in 1850. In addition, our procedure

does not distinguish between counties with a great deal of intermarriage and those with little if

both have the same overall ancestry share at a county level.

While ancestry, as we define it, is objective, ethnicity and race are to a large extent social

constructs (Nagel, 1994). The concept of ethnicity is continually evolving as groups define them-

selves and are defined by other groups. Ethnicity not only changes over time, but it may not be

the same concept across the country at a given time. The social construction of ethnicity does

not make it any less powerful, but it is necessarily an endogenous and fluid measure that responds

to circumstances. Ancestry appears to be the primary input in forming ethnicity (Waters, 1990),

and so we would expect the two to be highly related. Indeed, our measure of ancestry predicts
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Figure 1: Ancestry share in the United States: 1870, 1920, 1970, and 2010
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Notes: This figure shows aggregate ancestry shares in the United States for ancestries with greater that 0.5% of the
population. Ancestry shares are created by summing the share in each county weighted by county population in each
year. See Section 3 and the online appendix A for the ancestry construction.
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the self-reported ethnicity or ancestry in the 2000 census very well. For instance, the the overall

correlation coefficient for all ancestries across counties in 2000 is 0.966 (see the online appendix

A.5and Table A-1 where we also report the cross county correlation for each ancestry separately).

In Figure A-1 in the the online appendix we report the share of the total population of the US for

each ancestry based on our measure and self-reported ancestry in the 2000 census. We closely

match the shares.10

3.2 Ancestry since 1850

American ancestry has become increasingly diverse over time, and we provide a brief description

here of the overall trends in composition necessary to understand our results. Figure 1 illustrates

this growing diversity by showing the share of the ancestry stock for all groups that make up more

than 0.5% of the population for 1870, 1920, 1970, and 2010. One important finding from our work

is that the United States has not had a single majority group since 1870, when waves of German

and then Irish immigration finally pushed the English below 50%.

Starting in the 1870s, successive waves of immigration rapidly transformed the ancestral makeup

of the United States. Older ancestral groups were still expanding, but not nearly as fast as the newer

groups, and so, in a relative sense, the older groups declined substantially in importance. The share

of descendants from England fell continuously and rapidly until the 1920s. The new immigrants

were diverse, with large groups from coming from Southern Europe (particularly Italy), eastern

Europe (particularly Poland and Russia), northern and central Europe, including the Austrians and

Germans, and from Scandinavian countries.

Immigration restrictions that started in the 1920s severely slowed immigration until the 1960s.

These restrictions were only gradually relaxed, and so changes during this period mostly represent

internal differences in population growth and demographic structure. Beginning in the 1960s,

new groups from Mexico, Central America, and South America started to arrive. The share of

10Even the places where we do not match exactly are illuminating. The dots in the upper left are variations of
“Southern Europe, Not Specified” or “Baltic States, Not Specified.” While these birthplaces have generally been valid
responses, because we built up our ancestry measure from the actual birthplace of a migrant or her parents, we are far
more likely to classify someone to a particular country, so put a smaller share in these generic ancestries.
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Mexican descendants in Figure 1 grew substantially between 1970 and 2010. A large number of

immigrants from Asia arrived as well. By 2010, the United States had become much more diverse

in origin, with substantial populations from countries in Asia, Europe, Africa, and Central and

South America. In 2010, descendants of immigrants from England represented just 25% of the

population, followed by people of German (12.6%), African American (11.4%), Mexican (7.4%),

Irish (6%), and Italian (3.8%) ancestry.

The maps in Figures 2 and 3 show where the largest groups settled and moved over the years.

They indicate a tendency to spread out over time, although the geographical and time dimensions

of the spreading differ by group. For example, the Germans arrived early, started in a few areas

around Milwaukee, Pennsylvania, and Texas, and subsequently spread to the entire Midwest and

West. The Irish, followed, and while initially concentrated in the cities of the Northeast, dispersed

widely throughout the entire United States. Italians came later, initially settled mostly in New

York and Boston, and eventually spread throughout the Northeast but not far beyond, except for a

presence in California and around New Orleans. The Great Migration of African Americans from

the South to the cities throughout the country can be clearly seen by comparing 1920 in Figure 2 to

1970 in Figure 3. Because the maps do not depict cities well, the importance of the Great Migration

is less visually obvious. That said, African Americans are still highly concentrated geographically.

Finally, the maps show the diffusion of people of Mexican ancestry from the border regions of the

Southwest to other areas of the country. The heterogeneity in time and space in the way ancestries

spread provides us with the main source of identification to assess the effect on local development

of immigrant attributes.

4 County GDP from 1850–2010

To understand the impact of ancestry on economic performance, we construct a county-level mea-

sure of GDP per worker. Starting in 1950, the decennial census began measuring income at the

county level. Before then, it recorded county-level information only on manufacturing output and

intermediate inputs and agricultural output. The main challenge is to provide an estimate of county
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Figure 2: Select ancestries in the United States: 1870 and 1920

Notes: This figure shows the geographic distribution of select groups. Scandinavian is the combined Norway and
Swedish ancestries. See Section 3 and the online appendix A for the ancestry construction.
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Figure 3: Select ancestries in the United States: 1970 and 2010

Notes: This figure shows the geographic distribution of select groups. Scandinavian is the combined Norway and
Swedish ancestries. See Section 3 and the online appendix A for the ancestry construction.
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level GDP for services, construction, and mining. It is very important to include these components

to capture both the geographical distribution and time profile of local GDP. The full details for how

we construct our measure of county-level GDP and on the sources used are in the online appendix

B, but we describe our procedure briefly below. The basic idea is to combine the geographic distri-

bution of employment in service industries, as reported by individuals in the census micro-samples,

with historical wages to form an estimate of county services GDP. We then combine these estimates

with estimates of manufacturing value added (equal to the value of output minus intermediate in-

puts) and agricultural value added (constructed using county agricultural output and a time varying

national measure of the value-added-to-output ratio) to form a measure of county GDP.

To obtain county-specific measures of GDP for services, construction and mining, we use the

employment and occupation information collected by the census micro-samples in each decade to

construct employment by broad service category (trade, transportation and public utilities, finance,

professional services, personal services, and government), construction and mining. Using census

level employment and wage data in each county (or an estimate of the latter from other historical

sources), one can then distribute national GDP in an industry according to the wage bill of each

county relative to the national wage bill in that industry. Doing so is equivalent to multiplying

county employment in an industry by a county-specific estimate of value added per worker in

that industry, calculated by adjusting national valued added per worker in each industry by the

local wage relative to the national wage. This adjustment allows the productivity of a worker in

each sector (as proxied by the wage) to vary by location.11 We have the full wage bill for the

1940 census, and we use the same allocation for the adjacent decades of 1950 and 1930, when

there is much sparser wage information. For decades before 1930, we have information on wages

within each sector only at the state level (or for the major city within a state). For these periods, we

combine this historical information with the detailed wage distribution available for the full sample

in 1940 to obtain a wage distribution that is specific to a given state and allows for differences

11We show in the online appendix B that this approach is exactly what one ought to do under the assumption of
perfect competition in output and factor markets and a constant returns to scale Cobb Douglas production function.
This result holds even if the output market is monopolistically competitive, provided the markup is common across
the United States.
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between urban and rural areas.

The census reports personal income at the county level starting in 1950 and no longer reports

manufacturing and agricultural output in the same way. Using the overlap in 1950 between our

measure of nominal GDP by county and income in each county from the census, we construct a

ratio of GDP to income at the county level. We use this county-level ratio to get an estimate of GDP

from 1960 onward. Effectively, we use the growth rate of income at the county level to approximate

the growth rate of county-level GDP. We then calculate GDP for the same county groups used in

constructing the distribution of ancestries. We convert nominal GDP to real GDP using the price

deflator from Sutch (2006). In our analysis, we generally allow for census division specific year

effects that absorb any census division differences in the evolution of the GDP deflator. Then we

divide real GDP by the number of workers in each county, calculated by summing all persons who

indicate an occupation in the census micro-samples.

Ours is the first measure of GDP at the county level that goes beyond a combined measure of

manufacturing value added and agricultural output. By aggregating at the national level and at the

state level, we can compare our measure to other calculations and thus provide some validation

of our approach. Both the level and the growth rate at the national level closely track the GDP

per capita from Sutch (2006) (see Figure A-2 in the online appendix). Our shares of GDP also

closely match the shares calculated in the National Income and Product Accounts starting in 1929,

although without the volatility of the Great Depression (see Figure A-3 in the the online appendix).

When we aggregate at the state level, our state GDP per capita closely compares to estimates of

state income per capita in 1880, 1900, 1920, and 1940, as shown in Figure A-4 in the the online

appendix. Finally, our measure of GDP for county groups has a high cross sectional correlation

(0.74) with Net Retail Sales in 1929 (see Figure A-5 in the online appendix). It goes without saying

that our measure of county level GDP is imperfect. Yet it is a substantial improvement relative to

what was available until now. Our regressions include time invariant county group fixed effects

and census division-decade effects, so we control for missmeasurement that varies along these two

dimensions.
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5 Does ancestry matter and why?

Combining our measure of the ancestry makeup of each county with our measure of county GDP,

we ask whether ancestry matters for local economic development and, if so, which attributes

brought by the immigrants from the country of origin play an important role.

What is crucial about our empirical approach is that, unlike most other studies of ethnicity or

ancestry, we have at our disposal a panel of consistent data. The availability of panel data allows us

to evaluate how important ancestry composition is for economic development, controlling for time-

invariant county characteristics, and examine how changes in the ancestry mix affect outcomes

over time. Throughout the analysis, we limit the sample to 1870–2010 for two reasons: (1) the US

Civil War (1861–1865) changed the economic landscape, making comparisons between the pre-

war and postwar periods difficult; and (2) the iterative construction means that from 1870 onward

the ancestry shares are based on more decades of micro-sample information.

We start by asking whether groups have different effects using an unrestricted linear specifica-

tion in which each ancestry is allowed to have its own effect on county GDP per worker (Section

5.1). We then examine which origin characteristics are correlated with these unrestricted ancestry

effects (Section 5.2). To address additional questions of endogeneity and compare origin charac-

teristics, we next turn to a more parsimonious approach that uses the ancestry-weighted average

origin characteristic in a county (Section 5.3.1). We finally allow for higher order functions of the

ancestry shares to matter to address the role of diversity (Section 5.4).

5.1 Do ancestry groups have different economic effects?

We begin by testing whether ancestries are different along any economically relevant dimension.

Denote with πact the share of the population of county c at time t whose ancestors came from a par-

ticular country-of-origin a out of all possible ancestries A. Note that we examine how composition

matters, not how the size of the population matters. We estimate variations of:

yct = θc + θdt +
A∑
a=1

αaπ
a
ct + γXct + εct, (1)
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Table 1: County GDP per worker and individual ancestries
Dependent variable: Log(County group GDP per worker)

[1] [2] [3] [4] [5] [6] [7]

F(All ancestry =0) 25.32 10.69 13.90 8.192 9.365 5.260 7.592
p-value 0 0 0 0 4.94e-08 0 0

F(non-AA anc. =0) 16.05 8.833 8.624 6.291 3.444 4.026 3.317
p-value 0 0 0 0 0 3.57e-10 1.41e-07

County group fixed effects Yes Yes Yes Yes Yes Yes Yes
Year effects Yes
Division X Year Yes Yes Yes Yes Yes
State X Year Yes
County group trends Yes Yes
Two lags of county GDP Yes Yes Yes
Education and pop. density Yes

R2 (within) 0.938 0.947 0.962 0.963 0.970 0.977 0.969
R2 (between) 0.378 0.424 0.485 0.0148 0.799 0.00332 0.804
Observations 18,447 18,447 18,447 18,447 16,144 16,144 15,916
County groups 1,149 1,149 1,149 1,149 1,146 1,146 1,146

Notes: In this table we test whether ancestries have different effects on log county GDP per worker. Each column
shows the results from a regression including the fraction of every ancestry except the English (the excluded group),
allowing each ancestry to have its own effect on county GDP per worker. The F-tests test the joint hypothesis that
the coefficients on all ancestries are jointly zero and so equal to the English. Education is the fraction literate before
1940 and average years of education after. The Non-AA F-test tests whether the coefficients for all ancestries, except
African Americans and Native Americans, are jointly zero. All regressions contain county-group fixed effects and
different versions of year effects. Standard errors are clustered at the county-group level.

where each ancestry can have its own unrestricted effect on log county GDP per worker (yct) after

controlling for county fixed effects (θc) and census division specific year effects (θdt), or variants

thereof, and other possible controls (Xct). If ancestry composition does not matter, then all of the

αa coefficients will be equal (we use the English as the excluded reference ancestry).

Table 1 shows the results for many variations of equation (1), all of which strongly reject the

hypothesis that ancestry composition does not matter. All estimates include county fixed effects,

so the fixed characteristics of the place of settlement is controlled for. We include different com-

binations of year, year-division, or year-state effects in the first three columns, and then focus on

census-division-year fixed effects. The remaining columns add county trends, two lags of county
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Figure 4: Individual ancestry coefficients
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Notes: This figure shows effects on log county GDP per person for ancestry groups composing more than 0.5% of the
population in 2010 (bars represent 95% confidence intervals). The excluded group is England, which has an implied
coefficient of 0 with a standard error equal to the one of the constant. The regression includes two lags of log county
GDP and division by year fixed effects and is based on the results for column 5 of Table 1.

GDP, and additional controls. The table shows the F-statistic for the joint test that all αa are equal

(each ancestry matters equally for GDP).12 To examine whether the results are purely driven by

race, we also separately test the hypothesis that all ancestries other than African American and

Native American have equal coefficients. Below each F-statistic we report its p-value. They are

all zero to more decimal places than can fit in the table, strongly rejecting the hypothesis of equal

effects.

The last column also includes other possible explanatory variables, such as population density

and county-level education (measured first by literacy and then, after 1940, by average years of

education). These variables represent potential channels through which ancestry may be related

with economic development. The ancestry coefficients continue to be jointly significantly different

from one another, even after including these controls, and so ancestry composition seems to matter

beyond its relationship to education or urbanization.

In Figure 4 we report the actual ancestry coefficients (in deviation from the coefficient on

12Since individual effects for very small ancestry groups cannot be precisely estimated, we include only the ances-
tries that make up at least 0.5% of the population in 2010, which accounts for 93% of the population. In the estimation,
we use people of English origin as the reference point and omit their fraction from the regression. The test, therefore,
is whether the coefficients for the other ancestries are jointly zero.
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English ancestry) from column 5 of Table 1. A coefficient of 0.24 for Norway means that replacing

one percentage point of residents with English ancestry with 1 percentage point of those with

Norwegian ancestry increases GDP per person by 0.24 percent within 10 years and approximately

double that over the long term (the sum of the two lagged GDP coefficients is approximately 0.5).

13 These results raise the obvious question of what can explain such differences, which we turn to

next. Yet these results should be treated with some caution as they do not consider the importance

of diversity which we address later in the paper (see Section 5.4).

5.2 What origin characteristics explain why ancestry groups have different effects?

In this section, we examine which country of origin characteristics help explain why ancestry

groups have different economic effects. We first introduce our origin variables. We then examine

whether the ancestry effects are correlated with origin characteristics.

The main limiting factor in the analysis of origin attributes is the availability of information for

a broad range of countries over long time periods. Unlike our data on ancestry and county GDP,

which we have carefully constructed based on micro data to be as consistent as possible across

time and space, the cross-country data is not always available or reliable, particularly in the distant

past. The full details of the construction of and sources for the origin variables are in the online

appendix D.14

To reflect the changing nature of what immigrants could bring with them, when the character-

istics of the origin country are time varying, we weight them by the time of arrival of immigrant

groups (see the online appendix C for our creation of the conditional arrival density for all groups).

In addition, we measure most origin variables as their difference from the United States at arrival.

As time goes by, differences at arrival are likely to diminish, and so we allow these differences

to depreciate the longer an immigrant group has been in the US. Formally, given a country-of-

13In the online the online appendix, see Figure A-5, we report a similar figure obtained by combining ancestries
from individual countries in larger groupings (for instance: Scandinavia, instead of individual Scandinavian countries).
The results are similar but not as sharp, suggesting that there are important distinctions even between similar countries.

14We only show results for origin variables that cover over 99% of the population in every county. Summary
statistics for these variables appear in the online appendix Table A-2.

22



origin measure ẑaτ for ancestry a at the time τ of arrival and ẑUSτ measure in the US, we form the

arrival-weighted origin attribute Za
t at time t:

Zat =
t∑

τ=0

(ẑaτ − ẑUSτ )(1− δ)t−τF a
t (τ), (2)

where F a
t (τ) is the arrival density of group a up to time τ , which is 0 for τ > t, and δ is the rate of

depreciation of the importance of the origin.

As a summary variable for positive economic attributes, we form the Arrival-Weighted Origin

GDP as the difference in log GDP per person in the country of origin and the log GDP per person in

the United States at the time of immigration, depreciated at 0.5% per year, which implies that 40%

of the difference between the origin country and the US disappears in 100 years. The particular

rate of depreciation does not affect our results. Origin GDP is a useful summary variable, since it

captures whether an ancestry has been exposed to the mix of characteristics that led to economic

development in the ancestral homeland and thus helps understand whether ancestry groups carry a

portion of what matters for economic success with them.

Following Tabellini (2010), we also use the World Values Survey (WVS) to construct a com-

posite measure of cultural values that enhance productive social interactions by taking the first

principal component of these values at the individual level from the WVS.15 In order to obtain a

time-varying measure of culture, we separate the individual WVS answers by birth cohort (born

before 1925, 1925–1949, 1950–1974, after 1975). This procedure allows us to capture, albeit im-

perfectly, the changing cultural values inherited from the country of origin by different waves of

immigrants. We then take differences from the United States depreciated at 0.5% per year to form

the arrival-weighted Principal Component of Culture using equation (2). We obtain similar results

using arrival-weighted Trust constructed in the same way.

For institutions, we use the state history in 1500 from Borcan, Olsson, and Putterman (2018)

15Tabellini (2010) focuses on answers from the WVS that measure: (i) generalized trust; (ii) the respect of others
as a desirable characteristic children should have; (ii) obedience as a desirable children’s characteristic; (iv) feeling of
control of one’s own fortune. The basic idea is that trust, respect, and control are cultural traits that enhance productive
social interaction, while obedience is not a useful trait in a society that values independence.
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(updating Bockstette, Chanda, and Putterman (2002)) that reflects for how long before 1500 a

particular area had a centralized government above the local level and the extent that government

was locally based (State History). Because State History is fixed at a point in time, it does not

vary by time of arrival. Some modern states, such as Canada, are largely composed of migrants, so

we adjust State History to reflect the state history experience of the population living there using

the migration matrix of Putterman and Weil (2010). Other than Canada, few large in-migration

countries also had substantial out-migrations to the United States, so this adjustment does not

affect our results. We also measure the constraints on the executive power in the country of origin

at the time of arrival of various immigrant waves (Executive Constraints at arrival). Finally, we

construct Migrant Education at arrival by using literacy and years of education (after 1930) of

immigrants from the census.

Figure 5 shows how a selection of arrival-weighted origin variables in 2010 relates to the indi-

vidual ancestry effects we estimate in Table 1 column 5. We show 2010 arrival-weighted variables

to capture the full experience of each immigrant group.

Origin variables associated with home-country economic development are positively associated

with the estimated ancestry effects. Ancestry groups from countries that are richer, have longer

state history, have more constraints on executive power, or that arrived with more education tend to

have a large effect in their new homes. Groups from countries with a greater culture of cooperation

(Principal Component of Culture) or more generalized trust (Trust) also have larger effects. We

show the correlation with several other variables in the online appendix Figure A-7.

The ancestry coefficients in Figure 5 capture the many different effects that groups have. These

effects may arise from many factors, including: their cultural endowments, the institutional expe-

rience and human capital they may have brought with them, their interaction with other groups, as

well as the discrimination and oppression they may have faced. Yet the strong correlation between

the individual ancestry coefficients and different origin attributes suggests that the endowments

they brought matter. We first turn to capturing these relationships parsimoniously then consider

the role of group diversity.
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Figure 5: Ancestry and endowments from the country of origin
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Notes: This figure shows the relationship between variables in the country of origin and the coefficients estimated for
large ancestry groups in the log county GDP per worker equation (1), including county group fixed effects, census
division by year effects, and two lags of log county GDP per worker (column 5 in Table 1). Time-varying origin
country measures are constructed as the immigrant arrival-weighted density of that country as in equation (2) (see the
online appendix C for sources and calculation of arrival density and the online appendix D for the sources of the origin
variables).
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5.3 A parsimonious representation of origin characteristics

In this section, we introduce a more parsimonious representation of the origin characteristics by

constructing an ancestry-weighted average of origin endowments. We start by examining origin

country GDP per person in Section 5.3.1, and then we turn to more specific origin characteristics

in Section 5.3.3. We define the county average endowment as:

zct =
A∑
a=1

πactZ
a
t (3)

for arrival-weighted origin characteristic Za
t defined as in equation (2) in the previous section. We

can think of zct as the average or predicted value, across origin countries a, of the endowment

of a given characteristic, Za
t . We use the lowercase italics to help denote the endowment variable

weighted by the ancestry share, and uppercase letters for the endowment characteristic itself. When

the country of origin characteristic is time invariant, the county-level average endowment will

change only because of changes in ancestry composition.

Our typical regression takes the general form:

yct = θc + λdt + βzct + γXct + εct. (4)

In some specifications zct will be a vector of the ancestry-weighted values of the endowment of

several characteristics and in most specifications Xct will include two lagged values of yct. Note

that, implicitly, we are imposing the restriction that the ancestry coefficients in the unrestricted

model of equation (1) are proportional to one or more elements of the immigrant endowment

vector. The basic idea is that such endowments determine the effect of each ancestry group on

local GDP per worker. The inclusion of lagged values of GDP per worker is meant to capture the

fact that the impact of such endowments on local development is distributed over time. There are

multiple reasons for this to be the case, such as the presence of autocorrelated shocks to technology

or learning by doings effects.
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Table 2: County GDP per worker and country-of-origin GDP
Dependent variable: Log(county GDP per worker)

Static Dynamic

FE with FE with IV1 IV2 IV3
FE OLS FE Race Neighbor FE FE GMM

[1] [2] [3] [4] [5] [6] [7] [8]

Origin GDP 0.310*** -0.172*** 0.331*** 0.152*** 0.319*** 0.354*** 0.319*** 0.197***
(ancestry weighted) (0.0431) (0.0409) (0.0253) (0.0290) (0.0340) (0.0172) (0.0426) (0.0357)

Decade lag 0.445*** 0.436*** 0.444*** 0.442*** 0.456*** 0.555***
log county GDP (0.0161) (0.0163) (0.0169) (0.00777) (0.0170) (0.0181)

Two decade lag 0.0286* 0.0270* 0.0281* 0.0307*** 0.0513*** 0.0993***
log county GDP (0.0167) (0.0160) (0.0166) (0.00687) (0.0125) (0.0185)

Division X Year FE Yes Yes Yes Yes Yes Yes Yes Yes
County group FE Yes Yes Yes Yes Yes Yes Yes

Long-run effect 0.310 -0.172 0.629 0.283 0.604 0.671 0.647 0.570
Observations 16,713 16,713 14,415 14,415 14,415 14,415 13,232 14,415
County groups 1149 1146 1146 1146 1146 1023 1146
R2 (within) 0.950 0.887 0.968 0.968 0.968
R2 (between) 0.113 0.472 0.486 0.446
AB test serial corr. 6.01e-07 0.309 0.269 0.370 0.727 0.203

First Stage Dep. var: Origin GDP

proj. Origin GDP 0.849*** 1.217***
(0.00410) (0.0129)

First stage R2 0.887 0.735
Kleibergen-Paap F 5660 1441

Notes: In this table we examine whether Origin GDP (the ancestry-weighted log difference between origin GDP per person and US GDP per person at the time
of arrival, depreciated at a rate of 0.5% per year) matters for log county GDP per worker in variations of equation (4). In the dynamic specification columns, the
long-run effect is the the coefficient on Origin GDP divided by (1 − ρ1 − ρ2), with the ρ’s denoting the coefficients on the lag dependent variable. Column 4
includes the fraction African American and Native American separately (the coefficients are not reported). Column 5 includes the average of the county’s neighbors’
Origin GDP and county GDP in the previous decade. Column 6 instruments for Origin GDP using the Origin GDP constructed using ancestry in the previous
decade (Approach 1; see Section 5.3.2). Column 7 instruments using the interaction between the transportation network and total ancestry migration (Approach
2). Distance to transportation is included in both first and second stages, in addition to lags of log county GDP per worker. Column 8 contains the GMM esimates
(Approach 3), using orthogonal deviations and lags 2 through 4 as instruments. The AB test is the p-value for the Arellano and Bond (1991) test for second order
serial correlation of the errors in difference. All regressions include census division by year fixed effects and standard errors clustered at the county group level.
*** p<0.01, ** p<0.05, * p<0.1.
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5.3.1 Origin development and county development

Table 2 shows a series of estimates of equation (4) for ancestry-weighted Origin GDP per capita

used as a summary measure of the endowment brought by immigrants and partly passed down

to their descendants. We address questions of reverse causality due to endogenous migration fol-

lowing local shocks in the next section. All of the estimates include census-division-specific year

effects. Because much of the variation in the effect of ancestry is likely to be felt across regions,

including census-division-year effects removes some variation but ensures that the estimates are

not driven purely by differential regional trends.16

When we use fixed effects to control for all of the time invariant aspects that may affect eco-

nomic development in column 1 of Table 2, the coefficient on Origin GDP is positive and signifi-

cant at the 1% level. The estimates imply that when the people who make up a county come from

places that are 1% richer, county GDP per worker is 0.3% higher. While the association of Origin

GDP with local GDP is positive and significant in column 1 with fixed effects, the association is

negative and significant in column 2 without county fixed effects. The negative coefficient illus-

trates just how important having a panel is. Cross-sectional regressions, even ones controlling for

regional differences, may deliver severely biased results. The negative coefficient is likely partic-

ular to the settlement of the United States, but the possibility of bias in a cross-section is a more

general problem.17 Allowing for county effects also controls for an arbitrarily complicated spatial

correlation.

Because the effect of changes in ancestry may take some time to be fully felt, in columns

3 through 5 of Table 2 we show a dynamic specification including two lags of county GDP per

16We use census divisions instead of states, since states vary tremendously in size and census divisions are much
more similar in terms of geographic and population size. States such as Rhode Island also have very few county
groups, and so including a fixed effect for them removes almost all variation.

17The primary driving force behind this correlation is the historical legacy of settlement, starting with the English.
While the English are a large portion of the population in much of the United States, they are disproportionately present
in rural areas in the poor South and Appalachian states, which received little immigration after their first settlement.
Later immigrants, such as the Italians or Irish, while poor when they arrived, went to cities and prosperous areas,
especially in the Northeast. Finally, the Great Migration of African Americans shifted them from the poor rural South
to growing urban areas.
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worker.18 There is evidence of severe serial correlation in column 1, according to the Arellano

and Bond (1991) test.19 By including previous periods of the dependent variable county GDP

per worker, we can remove the serial correlation as well as examine how the impact of ancestry

evolves. The dynamic model suggests that the effects of a permanent change in the ancestry mix

are felt about half within a decade, and half over the long term.20 The long-term effect is now quite

large: if the people who make up a county come from places that are 1% richer, county GDP per

worker is 0.6% higher.

Columns 4 and 5 examine possible variations by including race and allowing for neighbors to

have an effect. We permit African Americans and Native Americans to have an unrestricted coef-

ficient, because the information on the “original” level of GDP for African Americans and Native

Americans is necessarily speculative and does not capture fully the legacy of slavery, oppression

and discrimination for these groups.21 The coefficient on Origin GDP in column 4 captures, there-

fore, the endowment effect for groups other than African American or Native American. It remains

very significant, although it is now smaller, suggesting that while race is an important part of ances-

try, it is not the only part. In column 5, we include a one decade-lag of a county group’s neighbors’

average Origin GDP and county GDP.22 Because the fixed effects already allow for an arbitrary

fixed spatial relationship, the standard issue of spatial correlation is small, and adding a spatial lag

18In the the online appendix we show that Nickell (1981) bias due to T being relatively short (around 14) does not
affect these results. Note, moreover, that t indexes decades.

19The test is for second-order serial correlation in the first difference of the errors, which provides information on
first-order serial correlation of the errors in level.

20The coefficient of first lag is highly significant and sizable (.44), while the one for the second lag is smaller and
significant at the 10% level. While the second order lag is only sometimes significant across the different specifications,
excluding it often causes the Arellano and Bond (1991) test of serial correlation to fail to reject the hypothesis of no
serial correlation of εct, and so we standardize on including two lags. The long-run multiplier, in a single equation
context, is β/(1− ρ1 − ρ2), where β is the coefficient of each ancestry-weighted endowment variable, and ρ1 and ρ2
are the coefficients on the lags of county GDP.

21Where available, we assign the values of Ghana, a West African country that was at the heart of the slave trade, to
African Americans, and typically use overall US values for Native Americans. The results are nearly identical if we
also allow those with African ancestries from the West Indies to have their own independent effect.

22We lag the variables one decade to avoid the obvious identification problem of reflection: if neighboring countys
affect each other simultaneously, then it requires an identification assumption to separate a county effect from a neigh-
bor effect. A lag implicitly assumes that it takes a decade for a shock in one county to affect its neighbors, which seems
the most sensible assumption. Note that fixed effects are far more flexible for spatial correlations than the standard
functional form assumptions of spatial lags. The only concern is whether shocks may propagate spatially, which does
not seem to be the case.
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variable has no additional effect.

In the online appendix Table A-6, we examine whether these results are robust to some other

specifications. We first show that our results do not change when we allow the difference on arrival

to depreciate faster or slower. When we allow the effect of ancestry to differ between metropolitan

and non-metropolitan areas, there is some statistically weak evidence that the effect is slightly

smaller in a metropolitan county. When we allow the coefficients to differ before and after 1940,

the coefficient of Origin GDP does not differ economically and statistically between the two sub-

periods. Clustering errors at the state-year level does not affect the significance of our results. The

overall conclusion is that the coefficients appear to be largely stable over time and cross-sectionally.

Finally, a possible concern is that immigrants may be a selected group with specific traits (see,

for example, Abramitzky, Boustan, and Eriksson (2012)). To the extent that such selection is true

of all origins, it does not affect the validity of our results in capturing the effect of origin country

characteristics. Yet immigrants from different countries or times may select themselves differently.

To examine how important this concern might be, we include the value of the ancestry-weighted

Gini coefficients in the origin country at the time of arrival (weighted by arrival density) in our

standard regressions. The idea, motivated by Borjas (1987), is that selection issues may be more

important for origin countries that have a more unequal income distribution. Including the Origin

Gini leaves the coefficient on Origin GDP largely unchanged (see column 6 in appendix Table

A-6), so differential selection does not seem to affect our results.

5.3.2 Endogenous Migration and Reverse Causality

The inclusion of county-specific effects in equation 4 eliminates endogeneity that may arise if cer-

tain ancestries are attracted to places with particular time-invariant characteristics omitted from the

specification. However, it is also possible that a shock to county GDP (not controlled for by our

census regions time effects) may disproportionately attract migrants of a specific type, creating a

form of reverse causality. For example, it could be that a booming county disproportionately at-

tracts immigrants from poorer countries, since, if they are poorer on average, they may be the ones
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with greater incentives to move, in which case the effect of ancestry may be under-estimated. A

counterargument is that the most mobile people may be those from richer countries as they may be

the ones with characteristics that allow them to take advantage of new opportunities, and so the ef-

fect of ancestry may be over-estimated. We introduce three approaches with different identification

assumptions and show that this form of endogeneity does not affect our main conclusions.

Approach 1: Immigrants tend to go where there are already immigrants from their country

(Bartel, 1989). Growth of native groups similarly occurs in places where there are already popu-

lations of that ancestry. We build on these observations to create an instrument for ancestry based

on the past stock of ancestry, in the spirit of Card (2001) and others in the immigration literature,

such as Peri (2012).

We form our instrument starting with the population P a
c,t−1 of ancestry a in county c at time

t− 1. We predict the c’s population at time t as: P̃ a
c,t = P a

c,t−1(1 + ga(−s(c))t), where ga(−s(c))t is the

growth rate of ancestry a from t−1 to t in all states except the state containing county c. Summing

over all the ancestries gives the predicted total population in each county, P̃c,t. The predicted share

of ancestry a’s population in each county is then π̃ac,t = P̃ a
c,t/P̃c,t. We then form predicted ancestry-

weighted variables z̃ct using equation (3) using π̃ac,t instead of πac,t and use z̃ct as an instrument for

zct.

To meet the exclusion restriction, the instrument must be uncorrelated with the error term at

t in equation (4). By construction, z̃ct does not use any county specific information from decade

t and, by using the growth rate excluding a county’s state, does not use any information from

surrounding counties either. However, P a
c,t−1 could potentially be correlated with the error term in

t−1, εct−1. This would invalidate the instrument if there is serial correlation (Cov (εct, εct−1) 6= 0).

We will show that when we include two lags of the dependent variable, there is no evidence of

serial correlation in the errors using the Arellano and Bond (1991) test, so it is legitimate to use z̃ct

as an instrument.

Approach 2: In this approach, we do not use county level information on the distribution of

ancestries in the previous decade. Instead, we build on Sequeira, Nunn, and Qian (2019), who use
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the fact that, because immigrant groups arrived at different times, groups were exposed to different

transportation networks and different geographic opportunities, so tended to go to different places.

When a group is migrating, however, is unlikely to be related to county specific shocks in the des-

tination county. Therefore, using the interaction between the transportation network and migration

time as an instrument for county ancestry captures variation in ancestry not coming from ancestry

characteristics.

More specifically, to form the instrument, we construct a population prediction that allocates

the moving population based on where individuals would decide to go based on the the railway

network and, later, the highway system at the time of migration. Formally, let Iat be the population

of international immigrants from a between t − 1 to t and Ma
t be the population of ancestry

a internal migrants who leave their state of residence between t − 1 and t. Then the national

change in the population of non-movers is ∆PNM
t = Pt − Pt−1 −

∑
a(I

a
t + Ma

t ). We form our

instrument iteratively using the predicted population from the previous decade P̂ a
ct−1 (starting with

P a
c1870 ≡ P̂ a

c1870). In each decade we form the prediction:

P̂ a
ct = P̂ a

ct−1

(
1 +

∆PNM
t

Pt−1

)
+

dct∑
c dct

(Iat +Ma
t ), (5)

where dct is a measure of closeness to the transportation network. We measure dct as a combina-

tion of: (1) an indicator of being part of the railroad or interstate network to capture that ease of

access may be an important part of where migrants locate; and (2) an index of how close to newly

constructed railroad or interstate segments to allow for the fact that newly accessible areas may

be more (or less) desirable. We find the weights to combine these measures together into a single

index using a “zero stage” regression. the online appendix, Section E contains the details. Our

source for the time-varying railroad network is Sequeira, Nunn, and Qian (2019) and the interstate

network is Baum-Snow (2007).

The first term in equation (5) is the national growth in the non-moving population which cap-

tures the overall growth in population not associated with migration. The second term allocates

the entire moving population of a (Iat +Ma
t ) based on county c’s relative access to transportation.
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Using the relative access to transportation means that sum over all counties and ancestries gives

the total population in a given year:
∑

c,a P̂
a
ct = Pt, so that we are allocating every mover to some

county. Then the transportation-predicted ancestry share is:

π̂act =
P̂ a
ct∑
a P̂

a
ct

.

We use the transportation-predicted ancestry share to form ẑct =
∑

a π̂
a
ctZ

a
t and use ẑct as an

instrument for zct. Note that, by construction, the only county specific component of π̂act is from

the relative access to transportation and the only ancestry specific component is from national

time-varying ancestry migration.

A potential concern is that the transportation network is likely related to county shocks, for

example, if a new railroad line is built to access a booming county. This might invalidate using ẑct

as an instrument for zct if, for example, the same local boom that attracts the railway also attracts

ancestries with particular characteristics. Therefore, we control for dct directly in both first and

second stage regressions, along with our standard fixed effects, region-year effects, and once and

twice lagged county GDP. We have also experimented with including the interaction between dct

and yct−1 to both equations in order to allow the transportation network to enter even more flexibly,

but have not found that doing so affects the results (see the online appendix E and Table A-4).

In addition, it is possible that shocks to a county may be so large that they affect national

migration and immigration flows. This issue is only a concern for our cross-ancestry results if the

county-specific shock affects national flows differently across ancestries. In the online appendix

Table A-4, we show results constructing π̂act using Iat and Ma
t that exclude the migration flows

that go to the county’s state. Doing so removes any county-specific impact on the flow, as well as

shocks that affect a set of counties within the state or even the state as a whole. The results are

nearly identical.

After controlling for all these factors, using the interaction between the total number of people

on the move of each ancestry at a given time and the transportation network to construct ancestry

shares isolates county-ancestry variation that is unlikely to be related to group characteristics that
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may lead a particular ancestry to move disproportionately to a given county in response to shocks

to local development opportunities.

Approach 3: Both approach 1 and 2 instrument the weighted endowments after applying the

within transformation. A well developed literature starting with Holtz-Eakin, Newey, and Rosen

(1988) and Arellano and Bond (1991) provides GMM estimates of dynamic panels containing en-

dogenous variables using alternative transformations, such as first differencing or deviations from

the forward mean (orthogonal deviations). Similar to Approach 1, appropriately lagged values of

endogenous variables are used as instruments, so the GMM approach also requires the error term

not to be autocorrelated, although there could be low order moving average components. This

approach also deals with the potential for Nickell (1981) bias, which can arise when including

fixed effects and lagged dependent variable (or other predetermined and endogenous variables)

when T is short. Moreover, this methodology can be used to estimate the reduced form of a vector

auto-regression to allow ancestry and county GDP to co-evolve.

At their core, both the GMM approach 3 and approach 1 (past shares augmented by the national

growth rate of all immigrants) rely on the past distribution of ancestries. As the ancestry distribu-

tion in one decade is highly predictive of the distribution in the next, these instruments have highly

predictive first stages. Of course, the validity of these instruments relies on the past shares being

uncorrelated with current shocks. One therefore needs to be careful to use this approach only in

dynamic models where we can test for—and reject—the presence of serial correlation in the error

term. The instrument based on the interaction between immigrant arrival time and the railway

and highway network is less dependent on the ancestry shares in the recent past and only uses the

shares in 1870, but also in this case it makes sense to use dynamic models as the effect of ancestry

is likely to be felt over time. It is comforting, as we show next,that the basic conclusions remain

very similar across the three approaches.

IV and GMM Results: The results for all three instrumenting strategies are reported in Table

2. Both Approach 1 and 2 yield results that are very similar qualitatively and quantitatively to

the result when we do not instrument, and so we can conclude that our results are not driven by
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short-term endogenous migration. The first stage regression reported at the bottom of the Table 2

suggests that both instruments are highly correlated with Origin GDP (the p value of the t statistic

is 0 to at least five decimal places and the same is true for the Kleibergen-Paap F statistics). In all

cases, the Arellano and Bond (1991) test rejects the presence of serial correlation in the residuals.

Note that when using Approach 2 we also include our index of closeness to the transportation

network in the first and second stage, besides the other usual regressors. Doing so removes the

concern that transportation-predicted ancestry is just picking up the importance of transportation,

rather than ancestry.

The conclusions obtained when using GMM for dynamic panels are also similar and lead to

the same general conclusions.23 In column 8, the sum of the coefficients of the lagged dependent

variables is somewhat larger as we would expect in the presence of a Nickell (1981) bias, but

the difference is relatively small. The impact effect of ancestry is smaller, but it remains highly

significant and the long run effect is similar. Again, there is no evidence of serial correlation in the

residuals according to the Arellano and Bond test. Moreover the test of over-identifying restrictions

(Hansen test) does not suggest model mis-specification. In the online appendix E and Table A-5,

we show additional variations using GMM.

We can go further and estimate the reduced form of a bivariate vector autoregression in which

we allow ancestry to affect county GDP and county GDP to affect Origin GDP. The results are

reported in Figure 6 under two opposite identification assumptions: either county-level GDP per

worker affects Origin GDP with a lag, or the converse is true (see the online appendix Table A-

5for the coefficients). Either assumption generates a recursive system and allows one to recover the

impulse response function to structural shocks. Innovations in Origin GDP have a significant and

sizable initial effect on county GDP, which grows until about the third decade. County GDP has

an inconsequentially small effect on Origin GDP, suggesting that differential ancestry migration

because of shocks is not a concern, as our instrumental results suggested. These results suggest

some of the ancestry effect must be relatively immediate, but more than half of the effect shows up

23We have used the Roodman (2009) Stata routine xtabond2 for single equation GMM estimation and the Abrigo
and Love (2015) routine for VAR GMM estimation.
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Figure 6: Impulse responses from VAR for log county GDP per worker and ancestry-weighted
Origin GDP
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Notes: This figure shows impulse responses of a panel vector autoregression examining the co-evolution of ancestry
weighted Origin GDP and county GDP. See the online appendix E and Table A-5 for the VAR coefficients. The
impulses are calculated using two different identification assumptions: (1) No immediate effect of shocks to log
county GDP per worker on ancestry weighted Origin GDP, but shocks to Origin GDP can immediately affect county
GDP, (2) No immediate effect of shocks to Origin GDP on log county GDP per worker, but county GDP shocks can
immediately affect Origin GDP. The size of the impulse is the standard deviations of the residuals in each equation.
Shaded areas are the 95% confidence intervals based on Monte Carlo simulation.
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only after several decades.

5.3.3 Origin characteristics and county development

Which specific attributes and characteristics brought from the origin country help explain the asso-

ciation between ancestry and development? Table 3 takes a selection of the endowment measures

and examines which measures are significant by themselves and in combination with each other.

Given the significance of lagged values of county GDP, we focus only on the dynamic specifica-

tion and always include county fixed effects and census-division-year effects. Each of the culture,

institution, and human-capital variables are significant when included one at the time in Table 3

(columns 1 through 6). When we include the ancestry-weighted measures of culture, institutions,

and human capital together, the coefficients on Principal component of culture and State history in

1500 remain highly significant, while the Migrant education coefficient is not significant (column

7). This may be because public schooling reduces educational differences and schooling policies

respond endogenously to immigration flows (Bandiera et al., 2019). When we include the fraction

of African American and of Native Americans as additional controls the coefficient of the Principal

component of culture is not significant, but the one for State History in 1500 remains significant,

although its size its now smaller (column 8). The coefficients of Executive constraint at arrival

and Political Participation have small and not significant coefficients when added to the specifi-

cation with State history in 1500. These variables represent political institutions that may change

more rapidly and with which immigrants may have more limited experience, and so it makes sense

that they have little effect in the United States. The importance of early political centralization for

development is consistent with the results obtained by Michalopoulos and Papaioannou (2013) and

Gennaioli and Rainer (2007).24

These results suggest that multiple endowments play a role in development, although we should

24We obtained very similar results using Trust instead of Principal Component of Culture, but we prefer the speci-
fication with Principal Component, as it is based on multiple complementary cultural traits that denote the ability to
interact with others. Thrift did not play a significant role when included.
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Table 3: County GDP per worker and ancestry-weighted origin characteristics
Dependent variable: Log(County group income per worker)

FE FE FE FE FE FE FE FE+Race FE FE IV1-FE

[1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11]

Principal Component 0.818*** 0.362*** 0.214 0.358** 0.262 0.308*
of culture (0.0645) (0.139) (0.149) (0.157) (0.175) (0.176)

State history 3.022*** 1.945*** 1.021*** 1.958*** 1.867*** 1.526***
(0.235) (0.260) (0.380) (0.264) (0.272) (0.383)

Migrant education 0.132*** 0.0149 0.0225 0.0154 0.0113 0.0456
at arrival (0.0117) (0.0251) (0.0254) (0.0247) (0.0246) (0.0301)

Executive constraint 0.117*** -0.00582
at arrival (0.0125) (0.0160)

Political participation 0.0329*** 0.00120
at arrival (0.00282) (0.00511)

Trust 2.039***
(0.164)

Origin GDP 0.0591
(0.0490)

Decade lag 0.444*** 0.443*** 0.448*** 0.453*** 0.450*** 0.445*** 0.439*** 0.436*** 0.440*** 0.440*** 0.439***
log county GDP (0.0162) (0.0163) (0.0162) (0.0163) (0.0159) (0.0161) (0.0163) (0.0164) (0.0163) (0.0163) (0.0165)

Two decade lag 0.0302* 0.0279* 0.0308* 0.0301* 0.0297* 0.0304* 0.0290* 0.0274* 0.0292* 0.0294* 0.0318**
log county GDP (0.0167) (0.0162) (0.0169) (0.0168) (0.0170) (0.0167) (0.0162) (0.0160) (0.0163) (0.0163) (0.0160)

Observations 14,415 14,415 14,415 14,415 14,415 14,415 14,415 14,415 14,415 14,415 14,398
County groups 1146 1146 1146 1146 1146 1146 1146 1146 1146 1146 1146
R2 (within) 0.968 0.968 0.967 0.967 0.967 0.968 0.968 0.968 0.968 0.968
R2 (between) 0.492 0.532 0.529 0.495 0.506 0.494 0.501 0.502 0.502 0.495
AB test serial corr. 0.322 0.312 0.416 0.540 0.573 0.317 0.695 0.679 0.321 0.695 0.227
Kleibergen-Paap F 307.7

Notes: This table examines which of multiple possible endowments from the origin country matter for county GDP. Column 8 includes the fraction African
American and Native American separately (the coefficients are not reported). IV1-FE in column 10 uses instruments constructed using ancestry in the previous
decade growing at the national growth rate excluding the county’s state (Approach 1 in Section 5.3.2). The AB test is the p-value for the Arellano and Bond
(1991) test for second order serial correlation of the errors in difference. All regressions include census division by year fixed effects, county-group fixed effects,
and standard errors are clustered at the county group level. Sources for origin variables are in the online appendix D. *** p<0.01, ** p<0.05, * p<0.1.
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not over-interpret them to conclude that these are the only endowments that matter. Still, when our

summary measure, Origin GDP, is included with measures of culture, human capital and insti-

tutions in column 10, it is not significant and small, and the results do not change for Principal

component of culture and State history in 1500. It appears that these measures of endowments,

albeit imperfect, capture the different dimensions of economically significant endowments fairly

well.

When we instrument using Approach 1, we obtain very similar results (compare column 11

with 7) and both the coefficients of Principal component of culture and State history remain signif-

icant. When using Approach 2 (not shown in table) only the coefficient of the Principal component

of culture is significant in the general equation (all instrumented endowments are significant when

included one at the time). When using GMM (Approach 3, not shown), none of the variables is

significant, but the coefficients on Principal component of culture and State history are significant

when included one at a time.

5.4 The positive and negative impact of diversity

Until now we have examined the effect on county-level GDP per worker of the ancestry-weighted

average of the attributes people in a county brought from their respective origin countries. How-

ever, the diversity of ancestries may be as important for local development as the average of those

attributes. We use several measures of diversity. One is the standard fractionalization index that

measures the probability that any two individuals chosen from a population will not be of the same

group:

fracc,t = 1−
A∑
a=1

(πact)
2. (6)

(Recent work has generalized this index by allowing it to incorporate measures of distance be-

tween groups (Bossert, D’Ambrosio, and La Ferrara, 2011). Weighted fractionalization measures

how far groups are from each other on average along a particular dimension. The generalized

fractionalization index is:
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fracwc,t = 1−
A∑
j=1

A∑
k=1

πjctπ
k
cts

jk
t , (7)

where thew stands for a “weighted” fractionalization and sjk is a measure of similarity between

countries of origin. 25 The standard fractionalization index is just the weighted fractionalization

index when members of different groups are assumed to be completely dissimilar (sjk = 0 for

i 6= j). While race is part of ancestry, race may have an independent effect. We emphasize again

that while ancestry has an objective definition, race is a social construct, so the appropriate way to

include race is not obvious. We create two variables that capture the racial component of fraction-

alization from African American and Native American ancestries.26 Because of the additive nature

of fractionalization and its generalization, these variables allow the fractionalization coming from

race to have an effect that is different from the overall effect of ancestry fractionalization.

Table 4 reports the results when we include measures of fractionalization. Column 1 shows

the fixed-effects estimates, including fractionalization, origin-GDP-weighted fractionalization, and

Origin GDP. The coefficient of Origin GDP remains significant. The coefficient of fractionaliza-

tion is positive and significant, while the coefficient of origin-GDP-weighted fractionalization is

negative and significant.27 Going from the 25th to the 75th percentile for fractionalization is associ-

ated with a rise in GDP per worker on impact of almost 10% while going from the 25th to the 75th

percentile of origin-GDP-weighted fractionalization reduces GDP per worker by almost 5% (see

the summary statistics in the online appendix Table A-2). The long run effects are approximately

twice as large. The results are essentially unaltered when we instrument for the weighted endow-

25The definition of sjk is based on the difference of some country-of-origin measure z between group j and group
k as sjkt = 1 − |zj − zk|/r, where r = maxj∈{1...A} z

j −minj∈{1...A} z
j is the range of values that z can take. As

two groups become more similar along the z dimension, their similarity approaches 1.
26One is simply racial fractionalization: fracRc,t = 1 −

∑
a∈{AA,NA}(π

a
ct)

2. The other is weighted frac-
tionalization which is the difference of the racial ancestries from all other ancestries: fracwR

c,t = 1 −∑
r∈{AA,NA}

(∑A
k=1 π

r
ctπ

k
cts

r,k
t +

∑A
j=1 π

j
ctπ

r
cts

j,r
t

)
. Note that both fracRc,t and fracwR

c,t are just the elements of

regular fractionalization fracc,t and weighted fractionalization fracwR
c,t that have an African American or Native

American ancestry.
27We have explored allowing for a quadratic term in fractionalization and weighted fractionalization. In our pre-

ferred dynamic specification, the quadratic term is not significant, and we have not found an internal optimum in any
specification and so do not report these results.
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Table 4: County GDP per worker and diversity

Dep. Variable: Log(County group income per worker)

FE IV1-FE IV2-FE FE FE+Race IV1-FE

[1] [2] [3] [4] [5] [6]

Fractionalization 0.435*** 0.426*** 1.649*** 0.438*** 0.457*** 0.409***
(0.0777) (0.102) (0.255) (0.0940) (0.105) (0.127)

Race Fractionalization -0.0829
(0.449)

Origin GDP weighted -0.477** -0.589** -2.777***
fractionalization (0.191) (0.233) (0.477)

Origin GDP 0.283*** 0.288*** 0.0427
(0.0342) (0.0424) (0.0692)

Migrant education 0.0394 0.0267 0.0698**
at arrival (0.0286) (0.0354) (0.0334)

Principal Component 0.298** 0.283* 0.205
of culture (0.135) (0.148) (0.177)

State history 1.012*** 0.750* 0.771*
(0.322) (0.445) (0.465)

Education weighted 0.944** 0.551 0.725
fractionalization (0.411) (0.464) (0.491)

P.C culture weighted -1.058*** -0.808** -0.950**
fractionalization (0.323) (0.348) (0.440)

State history weighted -0.495*** -0.546*** -0.360*
fractionalization (0.162) (0.159) (0.200)

Race Education weighted 5.420***
fractionalization (2.064)

Race P.C culture weighted -5.024***
fractionalization (1.943)

Race State history weighted 0.729
fractionalization (1.436)

Observations 14,415 14,398 13,232 14,415 14,408 14,398
County groups 1146 1146 1023 1146 1146 1146
R2 (within) 0.968 0.968 0.968
R2 (between) 0.539 0.548 0.548
AB test serial corr. 0.500 0.758 0.968 0.724 0.628 0.613
Kleibergen-Paap F 823.1 78.09 118.1

Notes: This table examines whether diversity of ancestry or ancestry attributes matters for log county GDP per worker.
The creation of fractionalization and weighted fractionalization is described in Section 5.4. All regressions include
Division-Year, county fixed effects and two lags of log GDP per worker (sum of lags approximately .46 in all cases).
The column with race (column 5) includes the fraction African American and Native American (coefficients not shown
and not significant), racial fractionalization, attribute-weighted racial fractionalization (see footnote 26) IV1-FE uses
Approaches 1 described in Section 5.3.2.The AB test is the p-value for the Arellano and Bond (1991) test for second
order serial correlation of the errors in difference. All regressions include census division by year fixed effects, and
standard errors cluster at the county group level. *** p<0.01, ** p<0.05, * p<0.1.
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ment variable, fractionalization, and origin-GDP-weighted fractionalization using either Approach

1 or 2 (see columns 2 and 3). Fractionalization seems to be the relevant measure of diversity. When

we include polarization, it does not seem to have an independent effect, so we do not show this

regression separately.28

We replace ancestry-weighted Origin GDP with our deep endowment variables and Origin-

GDP-weighted fractionalization with attribute-weighted fractionalization created from the distinct

endowment variables in Table 4 columns 4 through 6. The Principal component of culture and

State history remain positive and significant. The coefficients on culture-weighted fractionaliza-

tion and State history fractionalization are negative and significant at the 1% level. The negative

sign suggests that fractionalization of these attributes is particularly problematic. Ancestry frac-

tionalization continues to have a positive effect on local development, and its coefficient is highly

significant. Education-weighted fractionalization is also positive. We explore whether these effects

are capturing skill diversity in the next section.

In column 5 of Table 4, we include as additional regressors the fraction of African Americans

and the fraction of Native Americans, as well as racial fractionalization and attribute-weighted

race fractionalization for our three origin attributes. The additional fractionalization variables rep-

resents the extra effect of diversity that comes along these two racial lines (see footnote 26). The

results suggest that our main results still largely hold. The ancestry fractionalization coefficient

is still positive, significant, and nearly the same size. Meanwhile, the extra component of race

fractionalization is not significant or large. The coefficient on the ancestry-weighted culture and

State history remain positive and significantat the 10% level. Similarly, the coefficients on culture-

weighted fractionalization and State history-weighted fractionalization are negative, significant,

and the same size. The additional racial fractionalization component for education is positive and

significant, and the racial component of cultural fractionalization is negative and significant, sug-

28Polarization measures how far a county is from being composed of only two equally sized groups. Ager and
Brückner (2013) found that polarization was negatively related to economic growth across counties in the US from
1870 to 1920, while fractionalization was positively related to growth. Their measures of polarization and fraction-
alization are calculated by dividing the population into first-generation immigrants from different countries, African
Americans, and all second- or higher- generation whites together. Our calculations treat ancestry groups as distinct
even past the first generation.
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gesting that an important component of education and culture fractionalization is coming through

race. This suggests that the diversity due to race has an additional impact on local development

beyond differences in ancestry, but that the effect of racial diversity as well as of ancestry diversity

is not necessarily negative.

Instrumenting the separate endowments and their diversity when they are all included together

leads to much less precise results, especially for Approach 2. Approach 1, still yields significant co-

efficients for fractionalization culture-weighted fractionalization and State history-weighted frac-

tionalization, as well as for weighted migrant education, that for the first time is significant when

included with all the other endowments. It is not a surprise that the instruments do not capture

second moments well. Even small differences between the instrument and the actual ancestry are

magnified by squaring to form fractionalization, so the instrument caries far less information about

the second moment.

These results capture different effects of diversity. The positive effect of fractionalization is

consistent with the notion that it is beneficial for people with new skills, knowledge, and ideas

to come into a county. Moreover, if they bring different tastes, the newcomers may open up

new opportunities for trade. Yet, if those new groups are substantially different along important

dimensions, such as level of development of the country of origin or culture, these differences may

create conflict and prevent agreement on growth enhancing policies at the local level. Our results

suggest that the effect of diversity depends on the dimension one emphasizes and thus help account

for the different results obtained by the rich literature on diversity we discussed in the introduction.

6 Mechanisms

In this section, we explore some of the mechanisms through which ancestry endowments may

affect county GDP. This investigation is hampered by the limited availability of panel data over

long periods of time, so we consider this investigation as primarily suggesting directions for fu-

ture research. We focus on three variables that are available at the county level for our sample

period and capture possible mechanisms: county education, to understand whether ancestry works
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through human capital formation; voter participation as a proxy for social capital; and an index of

occupational variety that gives us insight into the diversity of skills present in a county.

The results in Table 5 suggest that origin characteristics, summarized by Origin GDP, are

strongly positively related to county education (see column 1, which shows the results for the basic

dynamic model estimated with fixed effects). Before 1940 the census provides only information

about literacy, whereas information on years of education is available from 1940. We use literacy

rates to extend backwards the series for average years of education in a county. The effect of

origin characteristics on local education is likely to be both direct and indirect: people from richer

countries are likely both to be more educated and more likely to be interested in and willing to

support local education. Having a more educated population is associated with higher county GDP

per worker (column 2). Including both Origin GDP and education at the county level in the same

regression helps us understand how much ancestry operates through the mechanism of improving

education. If ancestry, summarized by Origin GDP, operates through improved education, then its

coefficient should be smaller since we are controlling for the education channel. The estimated

effect of Origin GDP remains significant and is only marginally smaller when county education

is included, while the effect of county education is significant at the 10% level with a t statistics

of 1.89 (column 3). When we enter literacy rates and average years of education separately in

the equation (column 4), the coefficient of literacy rates is highly significant, while the one for

average years of education is not significant. The Origin GDP coefficient now decreases by 16%.

These results suggest that while Origin GDP does indeed improve county education, education is

probably not the main channel through which it affects county GDP, although there is evidence

that literacy rates were an important contributor to early local development.29

Increases in Origin GDP are also positively related to county voter participation which may be

a proxy for social capital or civic engagement. Yet voter participation may also reflect de jure or

de facto limitations to the voting process. Origin GDP is positively and significantly associated

with voter participation (Table 5, column 5). Voter turnout, in turn, is positively and significantly

29On the importance of human capital for regional development see Gennaioli et al. (2014).
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related to county GDP per worker (column 6), although the decrease in the coefficient of Origin

GDP when both are included is small (column 7). Therefore, this particular proxy for social capital

appears to play a relatively minor role in the transmission of the origin country attributes.

Finally, we explore one possible explanation for the positive effect of fractionalization: that

greater ancestry fractionalization might bring with it a richer skill mix. We construct a measure

of skill variety by using the occupational data from the individual census records. We divide

occupations into either 10 or 82 categories. To capture the variety of skills available in a county,

we construct a Constant Elasticity of Substitution (CES) aggregate of the occupations in each

county. We impute the distributional share parameter and the elasticity of substitution between

different skills using the full distribution of wages in 1940. We discuss our construction of the

index in the online appendix F.

45



Table 5: Ancestry and county GDP per worker: Mechanisms
Dependent variable: County Log(county GDP County voter Log(county GDP

Education per worker) participation per worker)

FE FE FE FE FE FE FE

[1] [2] [3] [4] [5] [6] [7]

Origin GDP 0.727*** 0.309*** 0.285*** 0.0736*** 0.309***
(0.0550) (0.0272) (0.0444) (0.00452) (0.0241)

County education 0.0302*** 0.00973*
(0.00750) (0.00514)

County literacy 0.280***
(before 1940) (0.0984)

County years educ. -0.00644
(1940 and after) (0.00780)

Decade lag County voter 0.237*** 0.153***
participation (0.0406) (0.0389)

Decade lag 0.698*** 0.454*** 0.443*** 0.442*** 0.647*** 0.458*** 0.438***
dependent variable (0.0121) (0.0165) (0.0164) (0.0164) (0.0184) (0.0167) (0.0168)

Two Decade lag -0.0441*** 0.0274 0.0279* 0.0284* 0.0284** 0.0501*** 0.0484***
dependent variable (0.0105) (0.0184) (0.0166) (0.0165) (0.0138) (0.0133) (0.0127)

Observations 14,549 14,422 14,415 14,415 14,179 14,253 14,250
County groups 1149 1146 1146 1145 1145 1145
R2 (within) 0.985 0.967 0.968 0.968 0.903 0.968 0.969
R2 (between) 0.633 0.678 0.501 0.376 0.695 0.650 0.515
AB test serial corr. 0.00276 0.524 0.304 0.226 0 0.697 0.821

Notes: This table shows other possible outcomes that may explain the relationship between ancestry and log county GDP per worker. County education is a variable
constructed from county literacy before 1940 and years of education after. We use a regression of county literacy in 1930 on years of education in 1940 to convert
pre-1940 literacy into projected years of education, so county education is in units of years of education. Voter participation is the share of vote in the most recent
presidential election relative to the entire population (including women and African Americans who were disenfranchised for much of the period). County voter
participation is compiled from IPUMS study 1 and 13, and CQ Press Voting and Elections Data. All regressions are estimated using county-group fixed effects,
have census division X year fixed effects, and allow the standard errors to be clustered at the county-group level.
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As shown in Table 6, for a reasonable range of elasticities of substitution and for both the broad and

narrow occupational classifications, ancestry fractionalization is positively correlated with occu-

pational variety and negatively correlated with origin-GDP-weighted fractionalization, controlling

for Origin GDP (columns 1 and 3). Moreover, the index of occupational variety is positively and

significantly related to county GDP when we include it in our standard equation containing Ori-

gin GDP and fractionalization (columns 2 and 4). The coefficient of ancestry fractionalization is

smaller and less significant relative to its value in the basic specification of Table 4, column 1.

The results suggest that the positive effect of ancestry fractionalization reflects, at least in part, the

richer mix of skills associated with a county’s increasing degree of ancestry diversity. The positive

sign of the coefficient of education weighted fractionalization may also capture this effect.

7 Conclusion

The endowments brought by immigrants matter for economic development. Over the long term,

counties with ancestry groups coming from countries at a higher level of development are more

productive. The effects build over several decades, suggesting that new immigrants take some

time to make their mark on their new homes. Cultural traits that enhance immigrant’s ability to

interact with others (such as trust) and coming from a country with a long history of centralized and

independent government appear to be the most important explanations for the impact of ancestry.

Ancestry diversity also improves productivity, while diversity in the cultural values reduces it. It

seems that when groups have to share a place and work together, diversity is good, as long as there

is a degree of agreement in terms of cultural attitudes that facilitate exchange, production, and the

ability to agree in the public sphere.

The complex mosaic of ancestry in the United States has changed profoundly over time, and

it is still evolving as new immigrants come and people move internally. Our results provide novel

evidence also on the fundamental and recurring question of whether the United States acts as a

“melting pot,” quickly absorbing new immigrant groups, or whether immigrant groups maintain
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Table 6: Ancestry, occupational mix, and county GDP per worker
Dependent variable: Occ. Mix Log(GDP Occ. Mix Log(GDP

(broad, σ = 1.5) p.w.) (narrow, σ = 2) p.w.)

[1] [2] [3] [4]

Origin GDP 0.00488*** 0.274*** 0.00101*** 0.260***
(0.00123) (0.0478) (0.000222) (0.0376)

Fractionalization 0.00864** 0.179** 0.00212*** 0.0761
(0.00356) (0.0823) (0.000787) (0.0787)

Origin GDP weighted -0.0203** 0.251 -0.00509** 0.427*
fractionalization (0.00963) (0.210) (0.00190) (0.235)

Occupation Mix 5.370***
(broad, σ = 1.5 (0.412)

Occupation Mix 27.22***
(narrow, σ = 2) (2.436)

Decade lag 0.741*** 0.397*** 0.707*** 0.390***
dependent variable (0.0252) (0.0251) (0.0225) (0.0283)

Two Decade lag 0.0285 0.0369* 0.0487** 0.0345
dependent variable (0.0206) (0.0207) (0.0183) (0.0212)

Observations 14,179 14,250 14,250 14,216
Division X Year Yes Yes Yes Yes
County group FE Yes Yes Yes Yes
County groups 1145 1145 1145 1145
R2 (within) 0.835 0.968 0.969 0.968
R2 (between) 0.625 0.324 0.139 0.259
AB test serial corr. 0.332 0.514 0.166 0.144

Notes: This table shows the relationship between log county GDP per worker, the county occupation mix, and ancestry-
weighted Origin GDP. The occupational mix in a county is measured as the Constant Elasticity of Substitution Ag-
gregator with the elasticity σ and weights determined by the relative wages within occupations in 1940 (see the online
appendix F for the creation of the CES aggregator). Broad occupations are the first digit of the IPUMS codes, resulting
in 10 categories, while narrow occupations are more detailed, resulting in 82 occupational categories after dropping
the non-occupational response. All regressions include county group fixed effects and division-by-year effects, and
they cluster standard errors at the county-group level.
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distinct identities in at least some dimensions. The significance and persistence of our ancestry

measure’s effect are difficult to explain in a pure assimilationist view and are more consistent with

approaches that emphasize a degree of persistence of traits across generations. Our results show

that this process generates important long-run consequences for local economic development.
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