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This paper empirically revisits the impact of multiculturalism (as proxied by indices of birthplace diversity and polarization among immigrants, or by epidemiological terms) on the macroeconomic performance of US states over the 1960-2010 period. We test for skillspecific effects of multiculturalism, controlling for standard growth regressors and a variety of fixed effects, and accounting for the age of entry and legal status of immigrants. To identify causation, we compare various instrumentation strategies used in the existing literature. We provide converging and robust evidence of a positive and significant effect of diversity among college-educated immigrants on GDP per capita. Overall, a 10% increase in high-skilled diversity raises GDP per capita by 6.2%. On the contrary, diversity among less educated immigrants has insignificant effects. Also, we find no evidence of a quadratic effect or a contamination by economic conditions in poor countries.

Introduction

Patterns of international migration to industrialized countries have drastically changed since World War II (WW2). On average, the share of foreigners in the population of high-income countries increased from 4.9 to 11.7% between 1960 and 2010 (Özden et al., 2011). 1 This phenomenon has similarly affected the United States (from 5.4 to 13.6%), the members of the European Union (from 3.9 to 12.2%), Canada and Australia (from 15 to 22%). In addition, this change has been predominantly driven by immigration from developing countries; the share of South-North immigrants in the population of high-income countries increased from 2.0 to 8.7% in half a century. 2 This growing inflow of people coming from geographically, economically and culturally distant countries raises specific issues, as it has conceivably brought different skills and abilities, but also different social values and norms, or different ways of thinking. Although a large body of literature has focused on the size and skill structure of immigration flows, the macroeconomic effects of multiculturalism, as well as the channels through which they materialize, are still uncertain. This paper empirically revisits the impact of multiculturalism on the macroeconomic performance of US states (proxied by their level of GDP per capita) in the aftermath of WW2.

Our analysis combines three distinctive features. First, we rely on panel data available for a large number of regions over a long period. Our sample covers all US states over the 1960-2010 period in ten-year intervals. The use of panel data allows us to better deal with unobserved heterogeneity and endogeneity issues. This is crucial because economic prosperity and the degree of diversification of production are likely to attract people from different cultural origins. Multiculturalism is thus likely to respond to changes in the economic environment (see [START_REF] Alesina | Ethnic diversity and economic performance[END_REF]), implying that causation is hard to establish in a cross-sectional setting. To control for unobserved heterogeneity and reverse causation biases, our paper uses a great variety of geographic and time fixed effects, and combines various instrumentation strategies that have been used in the existing literature. Second, we systematically investigate whether the economic effect of multiculturalism is heterogeneous across skill groups. The costs and benefits from multiculturalism are likely to vary with the levels of task complexity and interaction between workers; meanwhile, high-skilled and low-skilled immigrants are likely to heterogeneously propagate social values and norms across borders.

We account for this by using skill-specific measures of multiculturalism. In addition, taking advantage of the availability of microdata, we compute our indices of multiculturalism for different groups of immigrants (by age of entry or by legal status). Third, we jointly test for different technologies and/or channels of transmission. We follow [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF] and proxy multiculturalism with indices of birthplace diversity, measuring the probability that two randomly-drawn individuals from a particular state have different countries of birth.

In alternative specifications, we allow for non-linear effects, and include epidemiological (or contamination) forces, as well as an index of birthplace polarization of the workforce.

Our paper belongs to a recent and increasing strand of literature which considers that culture can be a feature which differentiates individuals in terms of their attributes, that this differentiation may have positive or negative effects on people's productivity, and that culture is affected by the country of birth (which determines the language and social norms individuals were exposed to in their youth, the education system, etc.). On the one hand, homogenous people are more likely to get along well, which implies that multiculturalism may reduce trust or increase communication, cooperation and coordination costs. Moreover, birthplace diversity can also be the source of epidemiological effects, as argued by [START_REF] Collier | Exodus: How migration is changing our World[END_REF] and [START_REF] Borjas | Immigration and Globalization: A review Essay[END_REF]: by importing their "bad" cultural, social and institutional models, migrants from developing countries may contaminate the entire set of institutions in their country of adoption, levelling the world distribution of technological capacity downwards.

On the other hand, cultural diversity also enhances complementarities across diverse productive traits, stimulating innovations and the collective capacity to solve problems; a more diverse group is likely to spawn different cultures with various solutions to the same problem.

Evidence of such costs and benefits has been found in micro studies. For example, [START_REF] Parrotta | Does labor diversity affect firm productivity?[END_REF] investigate the effect of different forms of diversity (by education, age group, and nationality) on the productivity of Danish firms, using a matched employer-employee database. They find a negative effect of workers' diversity by nationality on productivity.

On the contrary, [START_REF] Ozgen | Does cultural diversity of migrants employees affect innovation?[END_REF] find that birthplace diversity increases the likelihood of innovations using Dutch firm-level survey data, and [START_REF] Boeheim | Birthplace diversity of the workforce and productivity spill-overs in firms[END_REF] find a positive effect of diversity on productivity using Austrian data. Finally, [START_REF] Kahane | The effects of coworker heterogeneity on firm-level output: Assessing the impacts of cultural and language diversity in the national hockey league[END_REF] find a positive effect of diversity on hockey team performance using data from the NHL (the North American National Hockey League).

Contrary to the firm-level approach, the analyses conducted at the macro level account for interdependencies between firms, industries, and/or regions. Existing studies have identified significant and positive effects of multiculturalism on comparative development and on disparities in economic performance across modern societies. 3 [START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF] use US data by metropolitan area over the 1970-1990 period. In their (log of) wage regressions, the coefficient of diversity varies between 0.7 and 1.5. [START_REF] Ager | Cultural diversity and economic growth: Evidence form the US during the age of mass migration[END_REF] use US data by county during the 1870-1920 period: the coefficient of diversity in the output per capita regressions varies between 0.9 and 2.0. In these two studies, endogeneity issues are solved by using a shift-share method, i.e. computing the diversity index on the basis of predicted immigrant stocks. More precisely, the change in immigration to a region is predicted as the product of the global change in immigration to the US by the regional share in total immigration in the initial year. A more recent study accounting for the education level of immigrants is that of [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF]; it is the most similar to ours. They use cross-sectional data on immigration stocks by education level for a large set of countries in the year 2000, and develop a pseudo-gravity first-stage model to predict migration stocks and birthplace diversity indices. They also identify a positive effect of birthplace diversity in countries with GDP per capita above the median, and a stronger effect for diversity among college-educated workers. The effect of diversity on the log of GDP per capita is around 0.1 when computed on low-skilled workers, while the effect of diversity among the highly skilled varies between 0.2 and 0.3. Similarly, [START_REF] Suedekum | Cultural diversity and local labour markets[END_REF] use annual German data by region from 1995 to 2006. Over this short period, they find a lower effect of diversity on the log of German wages (about 0.1 for diversity among high-skilled foreigners, and 0.04 for diversity among the low skilled) when fixed effects and IV methods are used.

Our empirical analysis relies on high-quality US census data by state over the 1960-2010 period. The choice of this period is guided by the 1965 amendments to the Immigration and Nationality Act, which led to an upward surge in U.S. immigration and diversity (as in [START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF]). Birthplace diversity is almost perfectly correlated with the state-wide proportion of immigrants, which has increased threefold since 1960 in all skill groups. It is thus statistically impossible to disentangle the effects of birthplace diversity from those of the size of immigration. For this reason, we opt for a benchmark model that includes the immigration rate and a birthplace diversity index pertaining to the immigrant population. In line with [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF] and [START_REF] Suedekum | Cultural diversity and local labour markets[END_REF], we find that diversity among college-educated immigrants is positively associated with the level of GDP per capita; however, diversity among less educated immigrants has insignificant (or weakly significant) effects. Another remarkable result is that the estimated coefficient is divided by four when geographic and year fixed effects are included. Overall, a 10% increase in diversity among college-educated immigrants raises GDP per capita by 6.2%. These results are robust to the exclusion of some census years, to the set of US states included in the sample, and to the measurement of diversity. The results hold true when we eliminate states with the greatest or smallest levels of immigration share, states located on the Mexican border, and states with the lowest proportions of immigrants. They are also valid when we exclude undocumented immigrants and those who arrived in the US at a young age. Importantly, we find no evidence of an inverted-U shaped relationship a la [START_REF] Ashraf | The Out of Africa hypothesis, Human genetic diversity, and comparative economic development[END_REF], or of a negative epidemiological effect a la [START_REF] Collier | Exodus: How migration is changing our World[END_REF] and [START_REF] Borjas | Immigration and Globalization: A review Essay[END_REF]. On the contrary, we find that immigrants from richer countries have a smaller effect on GDP per capita than those from poorer countries; we interpret this as a confirmation that diversity among college-educated immigrants matters more than the economic conditions at origin. Finally, birthplace diversity is negatively correlated with the index of polarization in the immigrant population. If, instead of diversity, a high-skilled polarization index is used, we obtain a highly significant and negative effect on GDP per capita.

To address endogeneity issues, we consider two instrumentation strategies that have been used in the related literature. The first one is a shift-share strategy a la [START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF] which includes the predicted diversity indices based on total US immigration stocks by country of origin, and the bilateral state shares observed in 1960. The second strategy consists in instrumenting diversity indices, using the immigration predictions of a pseudo-gravity regression that include interactions between year dummies and the geographic distance between each country of origin and each state of destination (in line with [START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF] or [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF]). In both cases, diversity among college-educated migrants remains highly significant, while diversity among the less educated is insignificant or weakly significant. In the preferred specification, the coefficient of high-skilled diversity is equal to 0.616. At first glance, this seems important because the average diversity index among college-educated immigrants equals 0.937 in 2010; hence, increasing diversity from zero to 0.937 increases GDP per capita by 58%. However, in 2010, the high-skilled diversity index ranges from 0.797 to 0.976. If all US states had the same level of diversity as the District of Columbia (0.976), the average GDP per capita of the US would be 2.33% larger, the coefficient of variation across states would be 2.37% smaller, and the Theil index would decrease by 3.45%, only. By comparison, if all US states had the same average level of human capital as the District of Columbia, the average GDP per capita of the US would be 8.32% larger, the coefficient of variation across states would be 9.77% smaller, and the Theil index would decrease by 16.06%. Although diversity has non-negligible effects on cross-state disparities, its macroeconomic implications are rather limited. 4 We reach the same conclusion when using the longitudinal dimension of the data. The US-state average level of diversity among college-educated migrants increased by 7 percentage points between 1960 and 2010; this explains a 3.5% increase in macroeconomic performance (i.e. only one fiftieth of the total change in the US level of GDP per capita).

The remainder of the paper is organized as follows. Section 2 describes our main diversity measures and documents the global trends in cultural diversity in the aftermath of WW2.

Section 3 describes our empirical strategy. The results are discussed in Section 4. Finally, Section 5 concludes.

Diversity in the Aftermath of WW2

Following [START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF], [START_REF] Ager | Cultural diversity and economic growth: Evidence form the US during the age of mass migration[END_REF], [START_REF] Suedekum | Cultural diversity and local labour markets[END_REF] and [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF], we consider that the cultural identity of individuals is mainly determined by their country of birth. The rationale is that the competitiveness of modern-day economies is closely linked to the average level of human capital of workers and to the complementarity between their skills. Workers originating from different countries were trained in different school systems and are more likely to bring complementary skills, cognitive abilities and productive traits. In our benchmark model, our key explanatory variable is an index of birthplace diversity (or birthplace fractionalization), which can be computed for each US state and for the high-skilled and low-skilled populations separately. In subsection 2.1, we first define various measures of birthplace diversity, establish links between them, and discuss their statistical correlation with the average immigration rate. In subsection 2.2, we then document the global US trends in cultural diversity observed in the aftermath of WW2.

The Birthplace Diversity Index

In line with existing studies, we first define a Herfindahl-Hirschmann index of birthplace diversity, T D S r,t , which can be computed for the skill group S = (L, H, A) (L for the low skilled, H for the high skilled, and A for both groups), for each region r = (1, ..., R) and for each year t = (1, ..., T ). Our index measures the probability that two randomly-drawn individuals from the type-S population of a particular region originate from two different countries of birth. As shown by [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF] in a cross-country setting, the birthplace diversity index is poorly correlated with genetic or ethnolinguistic fractionalization indices.

The index is written:

T D S r,t = I X i=1 k S i,r,t (1 k S i,r,t ) = 1 I X i=1 (k S i,r,t ) 2 , (1) 
where k S i,r,t is the share of individuals of type S, born in country i, and living in region r, in the type-S resident population of the region at year t. Computing the birthplace diversity index requires collecting panel data on the structure of the population by region of destination, by country of origin, and by education level. Our sample includes all US states (including the District of Columbia) between 1960 and 2010 in ten-year intervals, i.e. r = (1, ..., 51) and t = (1960, ..., 2010). Our choice to conduct the analysis at the state level is guided by the availability of long-term data series on macroeconomic performance, and by the comparability with cross-country results. We identify a common set of 195 countries of origin, including the US as a whole.5 

Building on [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF], the additive decomposition of the diversity index allows to distinguish between the Between and the Within components of the diversity index, T D S r,t = BD S r,t + W D S r,t . On the one hand, the Between component BD S r,t measures the probability that a randomly-drawn pair of type-S residents includes a native and an immigrant, irrespective of where the immigrant comes from:

BD S r,t = 2k S r,r,t (1 k S r,r,t ).
On the other hand, the residual Within component W D S r,t measures the probability that a randomly-drawn pair of type-S residents includes two immigrants born in two different countries:

W D S r,t = I X i6 =r k S i,r,t (1 k S i,r,t k S r,r,t ).
In the US context, the evolution of the birthplace diversity index among residents is almost totally driven by the change in the Between component of diversity, BD S r,t , which only depends on the proportion of immigrants. The median share of the Between component in total diversity, BD A r,t /T D A r,t , equals 0.98% and its quartiles are equal to 0.92% and 0.97%. Similar findings are found for the low-skilled and high-skilled populations. Consequently, birthplace diversity in group S is almost perfectly correlated with the region-wide proportion of immigrants.6 On average, the Pearson correlation between T D S r,t and the total share of immigrants in the population, m S r,t = (1 k S r,r,t ), equals 0.99 for all S. It is thus impossible to statistically disentangle the effects of diversity from those of immigration. For this reason and in line with existing works, our empirical specification distinguishes between the size of immigration and the variety of immigrants.

To capture the variety effect, we start from the Within component of the diversity index.

The Within component can be expressed as the product of the square of the immigration rate (the probability that two randomly-drawn individuals are immigrants) by an index of diversity among immigrants, MD S r,t . The latter measures the probability that two randomlydrawn immigrants from region r originate from two different countries of birth. We have:

W D S r,t = (1 k S r,r,t ) 2 MD S r,t (2) 
= (1 k S r,r,t ) 2 X i6 =r b k S i,r,t (1 b k S i,r,t ),
where b k S i,r,t = k S i,r,t /(1 k S r,r,t ) is the share of immigrants from origin country i in the total immigrant population of region r. Contrary to the total index of diversity and to its Between and Within components, the correlation between MD S r,t and the total immigration rate, m S r,t , is small (on average, -0.19). This allows us to simultaneously include these two variables in the same regression without fearing collinearity problems.

Diversity in US States

Population data at the state level for the US are available from the Integrated Public Use Microdata Series (IPUMS). IPUMS data are drawn from the federal census of the American Community Surveys. For each census year, they allow characterizing the evolution of the American population by country of birth, age, level of education, and year of arrival in the US, among others. We extracted the data from 1960 to 2010 in ten-year intervals, using the 1% census sample for the years 1960 and 1970, the 5% census sample for the years 1980, 1990 and 2000, and the American Community Survey (ACS-1%) sample for the year 2010. Regarding the origin countries of immigrants, we consider the full set of countries available in 2010, although some of them had no legal existence in the previous census years. Hence, for the years 1960 to 1990, data for the former USSR, former Yugoslavia and former Czechoslovakia are split using the country shares observed in the year 2000. In addition, we treat five pairs of countries as a single entity; this is the case of East and West Germany, Kosovo, Serbia and Montenegro, North and South Korea, North and South Yemen, and Sudan and South Sudan.

Finally, we allocate individuals with a non-specified (or an imperfectly specified, respectively) country of birth proportionately to the country shares in the US population (or to the country shares in the US population originating from the reported region, respectively).

In our benchmark regressions, we restrict our micro sample to all individuals aged 16 to 64, who are likely to affect the macroeconomic performance of their state of residence.

We distinguish between two skill groups. Individuals with at least one year of college are classified as highly skilled, whereas the rest of the population is considered as low skilled.

We define as US natives all individuals born in the US or in US-dependent territories such as American Samoa, Guam, Puerto Rico, the US Virgin Islands and other US possessions.

Other foreign-born individuals are referred to as immigrants.

In alternative regressions, we only consider immigrants who arrived in the US after a certain age, or immigrants who are likely to have a legal status. As for the age-of-entry correction, we sequentially eliminate immigrants who arrived before the age of 5, 6, ... , 25.

In order to proxy the number of undocumented immigrants, we follow the "residual methodology" described in [START_REF] Borjas | The labor supply of undocumented immigrants[END_REF], and use information on the respondents' characteristics (such as citizenship, working sector, occupation, whether they receive public assistance, etc.). Notes: Diversity among residents is defined as in Eq. ( 1), whereas diversity among immigrants is defined as in Eq. ( 2). Source: Authors' elaboration on IPUMS data.

We use IPUMS data to identify the bilateral stocks and shares of international migrants, k S i,r,t , in the population of each state r, by country of origin i and by education level S in the year t. We thus construct comprehensive matrices of "Origin ⇥ State ⇥ Skill" stocks and shares from 1960 to 2010 in ten-year intervals. 7 Missing observations are considered as zeroes, even if a positive number of immigrants is identified for an adjacent year. 8 The evolution of the average index of cultural diversity is described in Figure 1, whereas Figure 2 represents differences in the average level of diversity across US states.

Figure 1(a) describes the evolution of the birthplace diversity index computed for the resident population, T D S r,t for all S, between 1960 and 2010. Looking at the average of all US states, the birthplace diversity index among residents increased from about 0.09 in 1960 to 0.21 in 2010, reflecting the general rise in immigration to the US. A large portion of this change occurred after 1990. Nevertheless, this average trend conceals important differences between US states and between skill groups. As far as cross-state differences are concerned, the number of immigrants drastically increased in states such as California 7 We distinguish between 195 countries of birth and 50 US states plus the District of Columbia. The list of countries and states are provided in the Appendix A2, as well as descriptive statistics by state (see Table A3).

8 The number of zeroes equals 33,145 out of a sample of 59,670 observations (55.5%). The missing values are mostly concentrated in the years 1960 and 1970.

(+195%) or New York (+91%); on the contrary, the number of foreign-born individuals remained small and stable in other states such as Montana or Maine. Regarding differences between skill groups, changes in immigration rates were larger for the low skilled than for college graduates, particularly after the year 1980. This is mainly due to the large inflows of low-skilled Mexicans observed during the last three decades, which drastically affected the level of diversity in states located on the West Coast and along the US-Mexican border, as illustrated by Figure 2(a).

Second, Figure 1(b) describes the evolution of the diversity index computed for the immigrant population, MD S r,t for all S. It shows that on average, the level of diversity in the immigrant population varies across skill groups. Diversity among college-educated immigrants has always been greater than diversity among the less educated. This might be due to the fact that college-educated migrants are less prone to concentrate in regions where large migration networks exist; they consider moving to more (geographically) diversified locations. Differences between skill groups drastically increased after 1960. On the one hand, diversity among high-skilled immigrants increased during the sixties and seventies, possibly due to the the Immigration and Nationality Act of 1965. Changes have been smaller since 1980 despite the Immigration Act of 1990, which allocated 50,000 additional visas (in the form of a lottery) to people from non-typical origin countries. On the other hand, diversity among low-skilled immigrants has fallen since 1980. Again, the latter decline is mainly explained by the large inflows of low-skilled Mexicans. Along the Mexican border and on the West Coast, the probability that two randomly-drawn immigrants were born in two different countries decreased as the share of Mexicans increased. This is also illustrated in Figure 2(b), which reveals important cross-state differences in the long-run average level of diversity among immigrants.

In sum, the evolution of diversity among immigrants varies across US states and over time. Figure A2 in the Appendix reveals that diversity among immigrants decreased in states located along the US-Mexican border and on the West Coast. A rise in diversity was observed in other states (such as Maine or Vermont). Our panel data analysis takes advantage of these intra-state and inter-state variations to identify a causal effect of diversity on macroeconomic performance. Notes: Diversity among residents is defined as in Eq. (1), whereas diversity among immigrants is defined as in Eq. ( 2). The two maps present the average birthplace diversity observed between 1960 and 2010. Alaska and Hawaii are not represented. Source: Authors' elaboration on IPUMS data.

Empirical Strategy

Our goal is to identify the effect of multiculturalism on the macroeconomic performance of US states. 9 The level of macroeconomic performance is measured by the log of the Gross Domestic Product (GDP) per capita. In subsection 3.1, we present the benchmark specification in which multiculturalism is proxied by the skill-specific indices of birthplace diversity described in Section 2. In subsection 3.2, we consider alternative specifications for the transmission of cultural shocks, which can be tested jointly with birthplace diversity or separately. Subsection 3.3 discusses the two instrumentation strategies that we use to deal with endogeneity issues. Finally, subsection 3.4 presents the data sources used to construct our control variables and instruments.

Benchmark Specification

Our benchmark empirical model features the log of GDP per capita as the dependent variable.

In line with [START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF], [START_REF] Ager | Cultural diversity and economic growth: Evidence form the US during the age of mass migration[END_REF], [START_REF] Suedekum | Cultural diversity and local labour markets[END_REF] and [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF], our specification is written:

log(y r,t ) = 1 MD S r,t + 2 m S r,t + 0 X r,t + r + t + " r,t , (3) 
where log(y r,t ) is the log of GDP per capita in region r at year t, MD S r,t is the type-S birthplace diversity among immigrants (proxy for the variety of immigrants), and m S r,t is the proportion of immigrants in the working-age population of type S. The latter variable captures the other channels through which the level of immigration affects macroeconomic performance (e.g. labor market, fiscal or market-size effects). We opt for a static specification and assume that changes in diversity fully materialize within 10 years. This spares us from dealing with the endogeneity of the lagged dependent, an important issue in dynamic models with a short-panel dimension [START_REF] Nickel | Biases in dynamic models with fixed effects[END_REF]. 10 The coefficient 1 is our coefficient of interest. It captures the effect of multiculturalism on macroeconomic performance. Using skill-specific measures of cultural diversity and immigration, S = (L, H, A), we can identify whether the level and significance of 1 vary across skill groups. We first estimate Eq. (3) using pooled OLS regressions, bearing in mind that such regressions raise a number of econometric issues that might generate inconsistent estimates. The key issue when using pooled OLS regressions is the endogeneity of the main not report the educational structure of migration stocks. To capture skill-specific effects, we combine it with the 1990-2000 estimates of the bilateral proportion of college graduates provided in [START_REF] Artuc | A Global Assessment of Human Capital Mobility: The Role of Non-OECD Destinations[END_REF]. The second drawback is that it relies on imputation techniques to fill the missing bilateral cells. Despite the lower quality of the data, our fixed-effect analysis globally confirms the results obtained for US states.

10 Nevertheless, in Appendix Tables A9 andA10, we provide the results of dynamic GMM regressions with internal or external instruments, and with different lag structures. In these regressions, the lagged dependent is insignificant or weakly significant, which reinforces the credibility of our static benchmark specification. In addition, the effect of diversity is similar to that obtained in the static model.

variable of interest, the index of diversity. Endogeneity can be due to a number of reasons.

These reasons include the existence of uncontrolled confounding variables causing both dependent and independent variables, the existence of a two-way causal relationship between these variables, or a measurement problem.

To mitigate the possibility of an omitted variable bias, the benchmark model includes a vector X i,t of time-varying covariates. It includes the log of population, the log of the region-wide average educational attainment of the working-age population (as measured by the years of schooling or highest degree completed), and the log of the urbanization rate.

In addition, our specification includes a full set of region and year fixed effects, r and t , which allows us to better account for unobserved heterogeneity (including initial conditions in 1960). To solve the reverse causation and measurement problems, we combine two methods of instrumental variables described in subsection 3.3.

Alternative Specifications

Our benchmark specification Eq. ( 3) assumes linear effects of the level of immigration and of the variety of immigrants on the log of GDP per capita. The literature on multiculturalism suggests that the technology of transmission of cultural shocks can be different. Three alternative specifications are considered in the robustness analysis.11 

First, looking at the effect of genetic diversity on economic development, [START_REF] Ashraf | The Out of Africa hypothesis, Human genetic diversity, and comparative economic development[END_REF] and [START_REF] Ashraf | The Out of Africa hypothesis of comparative development reflected by nighttime light intensity[END_REF] consider a quadratic specification, which allows them to identify an optimal level of diversity. In our context, cultural diversity may also induce costs and benefits, implying that its effect on macroeconomic performance could be better captured by an inverted-U shape relationship. We thus naturally extend our benchmark specification by adding the square of the birthplace diversity index.

Second, [START_REF] Ager | Cultural diversity and economic growth: Evidence form the US during the age of mass migration[END_REF] consider two measures of cultural diversity. The first one is our standard index of fractionalization; the second one is a measure of cultural polarization. The rationale is that a more polarized population can be associated with increased social conflict and a reduction in the quality and quantity of public good provision.

In line with [START_REF] Montalvo | Religious polarization and economic development[END_REF] and [START_REF] Montalvo | Ethnic polarization, potential conflict, and civil wars[END_REF], the polarization index captures how far the distribution of a population is from the bimodal distribution. It is written:

T P S r,t = 1 I X i=1 0.5 k S i,r,t 0.5 ! 2 k S i,r,t . (4) 
Applied to the immigrant population, the index is maximized when there are two groups of immigrants which are of equal size (i.e. 50%). For US states, the polarization index exhibits a correlation of -0.89 with the fractionalization index. Hence, including these two variables in the same regression is risky. In our robustness checks, we thus consider alternative specifications in which the birthplace diversity index is replaced by a polarization index (MP S r,t ) computed for the type-S immigrant population (i.e. using b k S i,r,t instead of k S i,r,t in Eq. ( 4)).

Third, another strand of the literature focuses on migration-induced transfers of norms, and tests for potential epidemiological or contamination effects. Transfers of norms from origin to destination countries have been examined by a limited set of studies.12 Comparing the economic performance of US counties from 1850 to 2010, [START_REF] Fulford | Does it matter where you came from? Ancestry composition and economic performance of U.S. counties[END_REF] show that the country-of-ancestry distribution of the population matters, and that the estimated effect of ancestry is governed by the sending country's level of economic development, as well as by measures of social capital at origin (such as trust and thrift). Putterman and Weil (2010) study the effect of ancestry in a cross-country setting, and find that the ancestry effect is governed by a measure of state centralization in 1500. More recently, debates about the societal implications of diversity have been revived in the migration literature. [START_REF] Collier | Exodus: How migration is changing our World[END_REF] and [START_REF] Borjas | Immigration and Globalization: A review Essay[END_REF] emphasize the social and cultural challenges that movements of people may induce. Their reasoning is the following: by importing their "bad" cultural, social and institutional models, migrants may contaminate the set of institutions in their country of adoption, levelling the world distribution of technological capacity downwards. To account for such epidemiological effects, we supplement our benchmark specification with MY S r,t , the weighted average of the log of GDP per capita in the origin countries of type-S immigrants to region r (weights are equal to the bilateral shares of immigrants). The epidemiological term is defined as:

MY S r,t = I X i6 =r b k S i,r,t log(y i,t ).
(5)

On average, the correlation between this term and the diversity index is small (around -0.17 across US states), so that both variables can be tested jointly. Similarly, the correlation with the immigration rate is rather small (-0.26). [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF] control for such epidemiological terms and find insignificant effects. Compared to what they do, we will consider several variants of ( 5) and instrument them.

Identification Strategy

Although our benchmark specification includes time-varying covariates and a full range of fixed effects, the positive association between diversity and macroeconomic performance can be driven by reverse causality. As argued by [START_REF] Alesina | Ethnic diversity and economic performance[END_REF], diversity is likely to respond to changes in the economic environment. In particular, economic prosperity and the degree of diversification of production are likely to attract people from different cultural origins. Causation is hard to establish with cross-sectional data. Two methods are used in this paper. First, we augment our benchmark specification with natives' migration rates (denoted by n S r,t ), and measures of diversity computed for the native population (denoted by ND S r,t ). More precisely, we use the IPUMS data to identify the state of birth and the state of residence of each American citizen, and we compute internal migration rates and indices of diversity by state of birth for both skill groups. The latter index measures the probability that two randomly-drawn Americans from the type-S population of a particular state originate from two different states of birth. If diversity responds to economic prosperity, we expect a positive correlation between ND S r,t and GDP per capita. The results from these placebo regressions are provided in Table A11 in the Appendix. Although internal immigration rates are positively correlated with GDP per capita, the internal diversity index is usually insignificant. While mitigating the risk of reverse causation, these placebo tests do not necessarily imply that diversity among foreign immigrants is not affected by macroeconomic performance. Hence, our second strategy consists in using a two-stage least-square estimation method, comparing the results obtained under alternative sets of instruments, and showing that our IV results are robust to the instrumentation strategy. We consider two different sets of instruments that have been used in the existing literature.

Our first IV strategy is a shift-share strategy a la [START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF] or [START_REF] Ager | Cultural diversity and economic growth: Evidence form the US during the age of mass migration[END_REF]. The set of instruments includes an index of remoteness, as well as predicted diversity indices based on total US immigration stocks by country of origin, and bilateral shares observed in 1960. Following the shift-share methodology, we predict the skill-specific bilateral migration stocks for each state using the residence shares of natives and immigrants observed in 1960. Then, we use these shares to allocate the new immigrants by state of destination. The predicted stock of migrants at time t is:

\ Stock S i,r,t = Stock S i,r,1960 + S i,r (Stock S i,t Stock S i,1960 ), (6) 
where Stock S i,r,t is the type-S stock of immigrants from country i residing in region r at year t. The term S i,r is the time-invariant share that we use to allocate the variation in the bilateral migration stocks observed between the years 1960 and t. More precisely, we allocate changes in bilateral migration stocks using the 1960 skill-specific shares of US natives and immigrants from the same origin country. These shares capture both origin-and skill-specific network effects, and the concentration of type-S workers in 1960. We have:

S i,r = N at S r,1960 + Stock S i,r,1960 P r (N at S r,1960 + Stock S i,r,1960 ) , (7) 
where N at S r,1960 is the number of US natives residing in region r at year 1960. Using the predicted stock of migrants ( who are less likely to be affected by the economic performance of each state), we compute the predicted diversity indices.

In line with [START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF] or [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF], our second IV strategy consists in instrumenting diversity indices using the predicted migration stocks obtained from a "zerostage", pseudo-gravity regression. The latter regression includes interactions between year dummies and the geographic distance between each country of origin and each US state.

In line with the shift-share strategy, the identification thus comes from the time-varying effect of geographic distance on migration, reflecting gradual changes in transportation and communication costs. The pseudo-gravity model is written:

log(Stock i,r,t ) = t log(Dist i,r ) + Bord i,r + Lang i,r + r + i + t + " i,r,t , (8) 
where Bord i,r is a dummy equal to one if country i and region r share a common border, Lang i,r is a dummy equal to one if at least 9% of the populations of i and r speak a common language, r , i , and t are the destination, origin and year fixed effects. In the pseudogravity stage, the high prevalence of zero values in bilateral migration stocks gives rise to econometric concerns about possible inconsistent OLS estimates. To address this problem, we use the Poisson regression by pseudo-maximum likelihood (see Santos [START_REF] Silva | The Log of Gravity[END_REF]). Standard errors are robust and clustered by country-state pairs.

Although commonly used in the literature, each of these IV strategies has some drawbacks.

The augmented shift-share and internal methods are imperfect if potential regressors exhibit strong persistence. In addition, the relative geography variables used in the strategy a la [START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF] can affect macroeconomic performance through other channels such as trade, foreign direct investments or technology diffusion. Nevertheless, we can reasonably support a careful causal interpretation of our results if these strategies yield consistent and converging results. The sources of our migration data were described in Section 2. In this subsection, we describe the data sources used to construct our dependent variables, the set of control variables, and the set of instruments. 

Data Sources

Results

Our empirical analysis follows the structure explained in Section 3. In subsection 4.1, we investigate the effect of birthplace diversity among immigrants using pooled OLS regressions, producing separate results for the three skill groups of immigrants. Then, we control for unobserved heterogeneity and include a full range of state and year fixed effects (FE). In subsection 4.2, we show that the FE estimates are robust to the exclusion of states with the greatest or smallest immigration rates, or states sharing a common border with Mexico. In 

Pooled OLS and FE Regressions

Table 2 describes the pooled OLS and FE estimates. We produce separate results for the three skill groups, S = (A, L, H), under the same set of control variables, including the skill- 3). Pooled OLS results are provided in col. 1, 3 and 5; FE results are provided in col. 2, 4 and 6. Results for all immigrants are provided in col. 1 and 2; results for low-skilled immigrants are provided in col. 3 and 4; results for college-educated immigrants are provided in col. 5 and 6. The sample includes the 50 US states and the District of Columbia from 1960 to 2010. The set of control variables includes the immigration rate (m S r,t ), the log of population (log(P op r,t )), the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age population (log(Hum r,t )). specific immigration rate, m S r,t , the log of population, log(P op r,t ), the log of urbanization, log(Urb r,t ), and the log of the average educational attainment of the working-age population, log(Hum r,t ). In all cases, our standard errors are clustered at the state level in order to correct for heteroskedasticity and serial correlation.

The pooled OLS estimates are reported in col. 1, 3 and 5. We find that the effect of birthplace diversity on GDP per capita is skill specific. Insignificant effects are obtained when diversity is computed using the low-skilled or the total immigrant populations; on the contrary, the association between GDP per capita and birthplace diversity among collegeeducated immigrants is positive and significant at the 1% level. The coefficient is large, implying that a 10% increase in high-skilled diversity is associated with a 27.2% increase in GDP per capita.

In columns 2, 4 and 6, we introduce state and year fixed effects in order to mitigate the omitted variable bias. The state fixed effects account for all time-invariant state characteristics that could jointly affect productivity and diversity; the year fixed effects account for time-varying sources of change in GDP per capita that are common to all US states.

In the FE regressions, the R-squared is above 0.99. The effect of diversity remains highly significant for college-educated immigrants, and remains insignificant for the less educated. 14Interestingly, the inclusion of fixed effects leads to a drop in our estimated diversity coefficient. The coefficient of high-skilled diversity is divided by four compared to the pooled OLS regression. This demonstrates that accounting for unobserved heterogeneity is crucial when addressing such an issue. As for our control variables, human capital and urbanization rates are significantly and positively associated with GDP per capita. On the contrary, the correlation between GDP and population size is negative. More interestingly, immigration rates are always positively associated with GDP per capita, and the correlation is always greater for college graduates.

In sum, we find that diversity is positively associated with the level of GDP per capita, but only when diversity is computed on workers performing complex or skill-intensive tasks. On the contrary, diversity among less educated immigrants is neither positively nor negatively correlated with macroeconomic performance. According to our fixed-effect estimates, a 10% increase in high-skilled diversity (i.e. in the probability that two randomly-drawn, collegeeducated immigrants originate from two different countries of birth) is now associated with a 6.2% increase in GDP per capita. Expressed differently, a one-standard-deviation increase in high-skilled diversity is associated with a 3.2% increase in GDP per capita. This implies that, if all US states had the same level of diversity as the most diverse state in 2010, i.e. the District of Columbia (0.976), the average GDP per capita of the US would be 2.3% larger, the coefficient of variation across states would be 2.4% smaller, and the Theil index would decrease by 3.5%. By comparison, if all US states had the same average level of human capital as the District of Columbia, the average GDP per capita of the US would be 8.3% larger, the coefficient of variation across states would be 9.8% smaller, the Theil index would decrease by 16.1% and the GDP per capita of Hawaii, the least diverse state in 2010 (0.797), would be 11.7% larger. In addition, the US-state average level of diversity among collegeeducated migrants increased by 7 percentage points between 1960 and 2010; this explains a 3.5% increase in macroeconomic performance (i.e. only one fiftieth of the total change in the US level of GDP per capita). Although diversity has significant effects on cross-state disparities, its macroeconomic implications are rather limited.

Robustness by Sub-Sample

In this section, we investigate whether the relationship between diversity and GDP per capita is robust to the exclusion of extreme observations and to the measurement of diversity. Tables 3 and4 have exactly the same structure, and illustrate the robustness of our FE results by sub-sample. Table 3 reports the results for high-skilled diversity, whereas Table 4 focuses on low-skilled diversity.

In Tables 3 and4, the benchmark results of Table 2 are reported in col. 1. In col. 2, we limit our sample to the 1970-2000 period, eliminating possible sources of variation prior to the 1965 amendments to the Immigration and Nationality Act, as well as variations driven by the recent evolution of diversity. 15 Then, in col. 3 and 4, we examine whether the impact of diversity is driven by the size of the immigrant population; we drop the five US states with the greatest or the smallest immigration rates in 2010, respectively. 16 In col. 5, we investigate whether our results are driven by the Mexican diaspora, which represented 30% of the whole immigrant population of the US in 2010. We drop the states located on the US-Mexican border which host 62% of all Mexican immigrants in the US. 17 Remember that these states have experienced a drastic decrease in their diversity index (-40% in low-skilled diversity between 1960 and 2010), which is totally due to the rising inflows from Mexico.

Finally, in col. 6, we exclude the states in the first quartile (i.e. below Q1) of the 2010 distribution by immigrant population size.

Overall, Tables 3 and4 show that our FE results are robust to sample selection. In Table 3, the coefficient of high-skilled diversity is always positive, significant, and of the same order of magnitude as the benchmark estimates in col. 1. The positive impact becomes even larger when reducing the time span (0.87) or after excluding the states with the highest immigration rates (0.73). This suggests that high-skilled diversity could generate non-linear effects on macroeconomic performance (e.g. a decreasing marginal impact); we will explore this hypothesis in the next section. As for Table 4, it shows that low-skilled diversity is 15 Remember that Figure 1(b) shows that the average high-skilled diversity index slightly decreased between 2000 and 2010 16 The states with the greatest immigration rates are California, New York, Hawaii, New Jersey, and Florida. The states with the smallest rates are West Virginia, Mississippi, Kentucky, South Dakota, and Alabama.

17 They include California, Texas, New Mexico, and Arizona. 3) and includes all fixed effects. Col. 1 reports the results from Table 2. In col. 2, we exclude observations for the years 1960 and 2010. In col. 3 and 4, we exclude the five US states with the greatest or smallest immigration shares. In col. 5, we exclude US states located on the US-Mexican border. In col. 6, we exclude the lowest quartile in terms of immigrant population. The set of control variables includes the immigration rate (m S r,t ), the log of population (log(P op r,t )), the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age population (log(Hum r,t )). insignificant in all specifications but one. It only becomes significant in col. 3, when the most diverse states are excluded, but only at the 5% level. 3) and includes all fixed effects. Col. 1 reports the results from Table 2. In col. 2, we exclude observations for the years 1960 and 2010. In col. 3 and 4, we exclude the five US states with the greatest or smallest immigration shares. In col. 5, we exclude US states located on the US-Mexican border. In col. 6, we exclude the lowest quartile in terms of immigration rate. The set of control variables includes the immigration rate (m S r,t ), the log of population (log(P op r,t )), the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age population (log(Hum r,t )).

Alternative Measures of Diversity

This subsection investigates the robustness of our results to the measurement of diversity.

Figure 3 and Table 5 report the results obtained for alternative diversity indices, accounting for the age of entry and for the legal status of immigrants.

The diversity indices used in our benchmark regressions are computed for the total population of working-age immigrants, whatever their age of entry in the US. As birthplace diversity conceivably reflects complementarities between individuals trained in different countries, it can be argued that immigrants who arrived in the US at different ages generate different levels of complementarity in skills and ideas with the native workforce. However, the role of the age of entry is unclear. On the one hand, immigrants with a longer foreign education are likely to bring more complementarities. On the other hand, immigrants who were partly educated in the US may have more transferable skills and a greater potential to interact with natives. To investigate this issue, we compute the diversity index using various samples of immigrants, and we include these alternative indices in Eq. ( 3). More precisely, we exclude from the immigrant population the individuals who arrived in the US before a given age threshold, which ranges from 5 to 25 in one-year intervals.

For each skill group, Figure 3 reports the marginal effect of diversity and its confidence interval as a function of the age-of-entry threshold. 18 As information on age of entry is not available in the 1960 census, our sample covers the 1970-2010 period. For this time span, the coefficients of the benchmark FE regressions (without controlling for age of entry) are equal to 0.835 for high-skilled diversity (significant at the 1% level), and to 0.088 for low-skilled diversity (insignificant). Whatever the age-of-entry threshold, the effect of lowskilled diversity is insignificant. Nevertheless, the age of entry matters for college graduates.

Although the coefficient of high-skilled diversity is always positive and significant, the largest effects are obtained when the immigrant population includes individuals who arrived before age 20. [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF] consider three age thresholds (12, 18, and 22). They show that the positive effect of birthplace diversity slightly decreases when eliminating children immigrants, but always remains large and significant. Conversely, our results suggest that the greatest levels of complementarity are obtained when immigrants acquired part of their secondary education abroad and their college education in the US.

We now investigate the role of undocumented migration in governing the skill-specific effects of diversity. The US census counts every person regardless of immigration status.

Hence, undocumented immigrants influence our diversity index. This can be a source of concern as undocumented migrants are likely to be less educated than the legal ones and to contribute differently to GDP, either because their productive activities are not recorded in the official GDP or because they are employed in jobs/sectors where skill complementarities are smaller. This could explain why the effect of low-skilled diversity is insignificant in most of our regressions. To explore this hypothesis, we follow on the "residual methodology" proposed by [START_REF] Borjas | The labor supply of undocumented immigrants[END_REF] to identify the number of legal and undocumented immigrants by skill group. It consists in using individual characteristics to proxy the legal status of on log(y r,t ) when the immigrant population is restricted to individuals who arrived in the US after age X. Marginal effects are obtained using our main specification Eq. ( 3) which includes state and year fixed effects, as well as the immigration rate (m S r,t ), the log of population (log(P op r,t )), the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age population (log(Hum r,t )).

US immigrants. In this work, we use five characteristics (citizenship, employment industry, occupation, whether the individual receives any assistance, and the spouse's legal status ) and, due to data availability, we apply the residual methodology to the census years 1980 to 2010. We obtain similar results as in [START_REF] Borjas | The labor supply of undocumented immigrants[END_REF]. For the year 2010, our estimated proportions of undocumented immigrants are equal to 23% in California, 7% in New York, and 15% in Texas; for the same states in the year 2012, Borjas (2016) also obtains 23%, 7%, and 15%. Moreover, the observable characteristics of our undocumented population are also similar. We identify 50% of males and 36% of college graduates; Borjas (2016) obtains 55% and 40%, respectively.

As a robustness check, we thus compute the diversity indices on the legal and undocumented immigrant populations, and include them separately in our FE regressions. Table 5 shows the results for the two skill groups. Col. 1 and 4 give the results of the benchmark specification for the 1980-2010 period. We still observe a positive and significant effect of high-skilled diversity (although the significance of the coefficient is smaller over this period) and an insignificant effect of low-skilled diversity. As far as high-skilled immigrants are concerned, distinguishing between legal and undocumented immigrants yields different effects (see col. 2 and 3). Diversity among undocumented immigrants has no significant effect, while diversity among legal immigrants has a positive and significant effect at the five percent level.

On the contrary, controlling for the legal status of low-skilled immigrants does not modify our conclusions. Col. 5 and 6 confirm that the insignificant effect of low-skilled diversity cannot be attributed to the greater proportion of undocumented migrants in this group (on average, 17% for the US in 2010). Col. 1 and 4 report the coefficient of the benchmark sample over the 1980-2010 period and for high-skilled and low-skilled immigrants, respectively. In col. 2 and 5, the diversity indices are computed for the legal immigrant population only. In col. 3 and 6, we use the undocumented immigrant population only.

Alternative Specifications

In Tables 6 and7, we report the results obtained under three alternative specifications detailed in Section 3.2. First, we consider a quadratic specification a la [START_REF] Ashraf | The Out of Africa hypothesis, Human genetic diversity, and comparative economic development[END_REF], and supplement the benchmark model in Eq. ( 3) with the squared index of birthplace diversity. If an optimal level of diversity exists, we should find a positive coefficient for the linear term, and a negative coefficient for the squared term. The results for high-skilled and low-skilled diversity are presented in col. 1 of the two different tables, respectively. Second, we replace the diversity index by a polarization index a la [START_REF] Montalvo | Religious polarization and economic development[END_REF]; the latter is denoted by (MP S r,t ) and is computed for the immigrant population only.

that increasing diversity among college-educated immigrants (i.e. reducing polarization) is good for economic growth. Finally, we find no clear evidence of contamination effects driven by high-skilled immigration. In col. 3 to 5, the epidemiological effects are insignificant, whereas the coefficient of birthplace diversity is hardly affected. In col. 6, we account for the economic conditions at origin when immigrants arrived in the US. The epidemiological effect becomes negative and significant. This suggests that high-skilled immigrants from richer countries generate fewer complementarities with US natives than immigrants from poorer countries, and/or that greater economic growth in a state attracts more immigrants from poorer countries. Overall, we find no evidence of a contamination effect a la Collier-Borjas. 20 As far as low-skilled immigrants are concerned, the coefficient for the quadratic term is negative and significant, but only at the 10% level. The linear term is significant at the 5% level in col. 1. We cannot reject the possibility of an inverted-U-shaped relationship, with an optimal level of diversity equal to MD L r,t = 0.90, but the interval of confidence of the quadratic effect is large. 21 The coefficient for polarization in col. 2 remains insignificant, in line with our previous results. Finally, when we control for epidemiological effects in col. 3, we find a negative and significant coefficient (at the 5% level). Comparing the results in col.

4 and 5, we suspect that the negative relationship between the epidemiological term and US state level of GDP per capita is mainly driven by reverse causality. The same decreasing relationship is observed when we control for the economic conditions in the year of arrival. 3) and includes all fixed effects. Col. 1 tests for a quadratic specification in birthplace diversity with MD H r,t and (MD H r,t ) 2 . In col. 2, we replace birthplace diversity by a polarization index (MP H r,t ). From col. 3 to 6, we supplement our benchmark specification with the epidemiological effect (MY H r,t ). The sample includes the 50 US states and the District of Columbia from 1960 to 2010. The set of control variables includes the immigration rate (m S r,t ), the log of population (log(P op r,t )), the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age population (log(Hum r,t )). 3) and includes all fixed effects. Col. 1 tests for a quadratic specification in birthplace diversity with MD L r,t and (MD L r,t ) 2 . In col. 2, we replace birthplace diversity by a polarization index (MP L r,t ). From col. 3 to 6, we supplement our benchmark specification with the epidemiological effect (MY L r,t ). The sample includes the 50 US states and the District of Columbia from 1960 to 2010. The set of control variables includes the immigration rate (m S r,t ), the log of population (log(P op r,t )), the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age population (log(Hum r,t )).

IV Regressions

In this section, we use IV regressions to deal with the endogeneity of birthplace diversity, the immigration rate and the benchmark version of the epidemiological term. In col. 1, 2, 6 and 7 of Table 8, first we only instrument our main variable of interest, MD S r,t , and use the two IV strategies detailed in Section 3.3. The first one is a shift-share strategy, which uses the predicted diversity index based on the 1960 geographic structure of each bilateral diaspora. The second one is the gravity-like strategy a la [START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF]. First-stage estimates are provided in Tables A6 andA7 in the Appendix. Then in the remaining columns, we deal with the endogeneity of two other important regressors, the immigration rate (m S r,t ) and the epidemiological term (MY S r,t ). To do so, we only use the gravity-like strategy a la Feyrer (2009).

Table 8 confirms our previous findings for diversity among high-skilled migrants when only MD H r,t is instrumented in col. 1 and 2. The effect of MD H r,t is always positive and highly significant. When using the shift-share strategy in col.1 , the magnitude of the coefficient is close to that of our FE regressions. The coefficient becomes larger under the gravity-like strategy a la [START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF] in col. 2 even if both are not significantly different from the FE estimates. It is worth noticing that the instruments used in our IV regressions are valid. In particular, the Kleibergen-Paap F-stat of our second stage is always very large, and satisfies the Stock-Yogo critical values related to 10% maximal IV size. In addition, the F-test of the first stage is always above the critical value of 10. After instrumenting with the shiftshare strategy, a 10% change in diversity induces a 5.1% change in GDP; equivalently, a one-standard-deviation change in high-skilled diversity increases GDP per capita by 2.8%, which is close to our benchmark results. As for low-skilled diversity, we find insignificant or weakly significant effects in col. 6 and 7.

We conduct additional IV regressions to deal with the endogeneity of the immigration rate and of the epidemiological term in the remaining columns of Table 8. As the shift-share strategy does a poor job at predicting the immigration rate, 22 we only use the gravity-like strategy a la [START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF]. Different combinations of endogenous regressors are considered and give rise to similar conclusions. In all specifications, the instrumental variables are strong. Our estimates for MD H r,t are robust, and the magnitude of the coefficient is similar to the FE estimates. The effect of low-skilled diversity is always insignificant from col. 8 to 10. Under some specifications, we obtain a negative and significant epidemiological effect for both college-educated and low-skilled immigrants. Again, we find no evidence of a 22 The same problem arises in [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF]. contamination effect. On the contrary, our epidemiological results are more in line with the effect of diversity; attracting immigrants from economically and culturally distant countries is beneficial for growth. Overall, our IV regressions support the view that increasing birthplace diversity among college-educated immigrants causes a rise in GDP per capita at destination.

Conclusions

This paper empirically investigates the impact of multiculturalism (as measured by birthplace diversity among immigrants, birthplace polarization indices or immigration-driven epidemiological norms) on GDP per capita. To do so, we use a large sample of US states and take advantage of the availability of panel data. Compared to existing studies, our analysis relies on panel data available for a long period of fifty years, and systematically tests for skillspecific effects of cultural diversity. Using a full range of fixed effects and combining various instrumentation strategies, we find that diversity among college-educated immigrants positively affects macroeconomic performance. On the contrary, diversity among less educated immigrants has insignificant effects (neither positive nor negative), and this is not due to the higher fraction of undocumented migrants in this group. We find no evidence of a quadratic effect, or of a contamination by the bad economic conditions in poor countries.

Overall, a 10% increase in diversity among college-educated immigrants raises GDP per capita by 6.2%. Albeit non-negligible, the macroeconomic implications of diversity are limited. High-skilled diversity only explains 3.5% of the output rise between 1960 and 2010 in the US, and about 4% of the current output gap between the least and most diverse states. Diversity among immigrants is defined as in Eq. ( 2). 
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 1 Figure 1: Trends in birthplace diversity in US states, 1960-2010

Figure 2 :

 2 Figure 2: Cross-state differences in birthplace diversity, 1960-2010 average index

  subsection 4.3, we use alternative diversity indices computed for different samples of immigrants; our alternative samples exclude undocumented immigrants and those who arrived in the US before a given age. In subsection 4.4, we consider alternative specifications, and test for possible non-linear effects of birthplace diversity, or polarization and epidemiological effects. Finally, in subsection 4.5, we address endogeneity issues using two different instrumentation strategies present in the literature, i.e a shift-share strategy a la[START_REF] Ottaviano | The economic value of cultural diversity: Evidence from U.S. cities[END_REF] and a gravity-like strategy a la[START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF].
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 3 Figure 3: Marginal effect of MD S r,t on log(y r,t ) Results for different age-of-entry thresholds 

  *** -0.349*** 0.972*** 0.246*** 0.178*** -0.303*** 1.000 Notes: *** p<0.01, ** p<0.05. Source: Authors' elaboration on IPUMS data.A4: Gravity models a la[START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF] 
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 A2 Figure A2: Diversity among immigrants (MD A r,t ) in the US states

  's calculations on IPUMS-US data. Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses adjusted for clustering at the state level. 52 A9: Dynamic panel regressions

Table 1 :

 1 Summary statistics 1960Summary statistics -2010 

		Mean Std. D	Min	Max
	T D A r,t	0.126	0.105	0.006	0.548
	MD A r,t	0.879	0.099	0.342	0.974
	m A r,t	0.068	0.061	0.003	0.347
	T D H r,t	0.116	0.087	0.007	0.478
	MD H r,t	0.921	0.054	0.610	0.976
	m H r,t	0.061	0.049	0.003	0.281
	T D L r,t	0.134	0.121	0.006	0.592
	MD L r,t	0.827	0.141	0.293	0.967
	m L r,t	0.074	0.073	0.003	0.417
	MP A r,t	0.322	0.139	0.100	0.763
	MP H r,t	0.256	0.126	0.092	0.768
	MP L r,t	0.389	0.144	0.126	0.792
	log(y r,t )	9.534	1.018	7.587	12.058
	log(P op r,t )	14.390 1.068 11.831	17.042
	log(Urb r,t )	4.201	0.245	3.472	4.605
	log(Hum r,t ) 1.806	0.156	1.360	2.072
	Source: Authors' elaboration on IPUMS-US data.

  The data for GDP (y r,t ) are provided by the Bureau of Economic Analysis for US states. The population data by age are taken from the IPUMS database. We consider the population aged 15 to 64 (P op r,t ) in the regressions. The US Bureau of Census also provides the data on urbanization rates for US states (Urb r,t ); the urbanization rate measures the percentage of the population living in urbanized areas, and urban clusters are defined in terms of population size and density. As for human capital (Hum r,t ), we computed the average educational attainment of the working-age population using the IPUMS database.As far as the set of instruments is concerned, the data on geographic distance between origin countries and US states are computed using the latitude and the longitude of the capital city of each US state and each country. Such data are available from the Infoplease and Realestate3d websites which have allowed us to compute a bilateral matrix of great-circle distances between US state capital cities and countries.13 

Table 1 summarizes the descriptive statistics of our main variables. More details on our data sources and variable definitions are available in Table A1 in the 20 Appendix.

Table 2 :

 2 Pooled OLS and FE regressions. Results by skill group (Dep= log(y r,t )) Standard errors in parentheses are clustered at the state level. The specification is described in Eq. (

		(1)	(2)	(3)	(4)	(5)	(6)
		OLS	Fixed-effects	OLS	Fixed-effects	OLS	Fixed-effects
		S = A	S= A	S= L	S= L	S= H	S= H
	MD S r,t	0.416	0.318***	0.019	0.141	2.719***	0.616***
		(0.329)	(0.114)	(0.184)	(0.086)	(0.719)	(0.160)
	m S r,t	2.632***	0.582*	1.901***	0.481*	4.383***	0.614*
		(0.615)	(0.341)	(0.485)	(0.282)	(1.018)	(0.315)
	log(P op r,t )	0.070	-0.172**	0.079*	-0.166**	0.011	-0.155**
		(0.047)	(0.079)	(0.047)	(0.081)	(0.044)	(0.075)
	log(Urb r,t )	-0.407*	0.385**	-0.367	0.329**	-0.563**	0.285**
		(0.238)	(0.156)	(0.254)	(0.163)	(0.229)	(0.135)
	log(Hum r,t )	5.752***	0.695***	5.817***	0.807***	5.288***	0.759***
		(0.157)	(0.197)	(0.147)	(0.205)	(0.182)	(0.197)
	Constant	-0.697	7.529***	-0.728	7.662***	-0.584	7.348***
		(0.890)	(1.254)	(0.914)	(1.263)	(0.890)	(1.262)
	Observations	306	306	306	306	306	306
	Nb. states	51	51	51	51	51	51
	R-squared	0.879	0.993	0.878	0.993	0.889	0.993
	Time fixed effects	No	Yes	No	Yes	No	Yes
	States fixed effects	No	Yes	No	Yes	No	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1.				

Table 3 :

 3 Robustness of FE regressions for high-skilled diversity. Alternative sub-samples (Dep= log(y r,t ))

		(1)	(2)	(3)	(4)	(5)	(6)
		Full Sample 1970-2000 No Top5 No Bot5 No Mex	No Q1
	MD H r,t	0.616***	0.870*** 0.725*** 0.672*** 0.630*** 0.596**
		(0.160)	(0.321)	(0.174)	(0.170)	(0.170)	(0.288)
	m H r,t	0.614*	1.140**	1.317**	0.613*	0.541	0.765**
		(0.315)	(0.459)	(0.529)	(0.323)	(0.397)	(0.365)
	log(P op r,t )	-0.155**	0.002	-0.187** -0.160** -0.158* -0.182**
		(0.075)	(0.075)	(0.082)	(0.073)	(0.088)	(0.074)
	log(Urb r,t )	0.285**	0.290	0.260*	0.300** 0.295**	0.198
		(0.135)	(0.187)	(0.140)	(0.147)	(0.138)	(0.151)
	log(Hum r,t )	0.759***	1.251*** 0.692*** 0.945*** 0.731*** 0.797***
		(0.197)	(0.310)	(0.213)	(0.183)	(0.224)	(0.233)
	Constant	7.348***	4.309*** 7.870*** 7.030*** 7.373*** 8.107***
		(1.262)	(1.584)	(1.387)	(1.250)	(1.398)	(1.313)
	Observations	306	204	276	276	282	228
	Nb. states	51	51	46	46	47	38
	R-squared	0.993	0.990	0.993	0.993	0.993	0.995
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses are clustered at
	the state level. The specification is described in Eq.(			

Table 4 :

 4 Robustness of FE regressions for low-skilled diversity. Alternative sub-samples (Dep= log(y r,t ))

		(1)	(2)	(3)	(4)	(5)	(6)
		Full Sample 1970-2000 No Top5 No Bot5 No Mex	No Q1
	MD L r,t	0.141	0.130	0.228**	0.128	0.109	0.015
		(0.086)	(0.097)	(0.093)	(0.092)	(0.091)	(0.115)
	m L r,t	0.481*	0.691**	0.938**	0.448	0.474	0.647**
		(0.282)	(0.272)	(0.418)	(0.288)	(0.392)	(0.276)
	log(P op r,t )	-0.166**	0.004	-0.200** -0.169**	-0.157	-0.197**
		(0.081)	(0.086)	(0.090)	(0.080)	(0.095)	(0.076)
	log(Urb r,t )	0.329**	0.323	0.315*	0.341*	0.313*	0.360**
		(0.163)	(0.200)	(0.165)	(0.182)	(0.168)	(0.166)
	log(Hum r,t )	0.807***	1.309*** 0.743*** 0.964*** 0.785*** 0.919***
		(0.205)	(0.343)	(0.212)	(0.204)	(0.215)	(0.264)
	Constant	7.662***	4.738*** 8.183*** 7.439*** 7.660*** 7.971***
		(1.263)	(1.514)	(1.370)	(1.259)	(1.429)	(1.158)
	Observations	306	204	276	276	282	228
	Nb. states	51	51	46	46	47	38
	R-squared	0.993	0.989	0.993	0.993	0.993	0.996
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses are clustered at
	the state level. The specification is described in Eq.(			

Table 5 :

 5 Robustness of FE regressions. Results by legal status and skill group (Dep= log(y r,t ))

		(1)	(2)	(3)	(4)	(5)	(6)
		S = H	S = H	S = H	S = L	S = L	S= L
		All	Legal	Undoc.	All	Legal	Undoc.
	MD S r,t	0.813*	1.009**	-0.153	0.038	0.043	-0.017
		(0.438)	(0.473)	(0.127)	(0.100)	(0.112)	(0.045)
	m S r,t	0.842*	0.959*	4.426** 0.957** 1.107**	3.482*
		(0.431)	(0.535)	(2.140)	(0.377)	(0.424)	(1.795)
	ln(P opulation s,t )	-0.029	-0.028	0.013	-0.074	-0.057	-0.088
		(0.092)	(0.094)	(0.088)	(0.105)	(0.099)	(0.112)
	ln(U rban s,t )	0.129	0.129	0.050	0.093	0.090	0.079
		(0.164)	(0.166)	(0.172)	(0.167)	(0.166)	(0.180)
	ln(College s,t )	2.043*** 1.997*** 2.296*** 2.508*** 2.418***	2.671***
		(0.633)	(0.622)	(0.611)	(0.690)	(0.676)	(0.724)
	Constant	4.762*** 4.650** 4.839*** 5.450*** 5.366***	5.497***
		(1.723)	(1.758)	(1.647)	(1.630)	(1.634)	(1.706)
	Observations	204	204	204	204	204	204
	Nb. states	51	51	51	51	51	51
	R-squared	0.979	0.979	0.979	0.979	0.979	0.979
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses adjusted for
	clustering at the state level.					

Table 6 :

 6 Robustness of FE regressions for high-skilled diversity. Alternative specifications (Dep= log(y r,t )) Standard errors in parentheses are clustered at the state level. The specification is described in Eq. (

		(1)	(2)	(3)	(4)	(5)	(6)
		Quadr.	Polariz. Epidem. Epidem. Epidem.	Epidem.
	MD H r,t	-0.131		0.531*** 0.618*** 0.538*** 0.725***
		(1.954)		(0.159)	(0.162)	(0.157)	(0.249)
	(MD H r,t ) 2	0.453					
		(1.202)					
	MP H r,t		-0.291***				
			(0.090)				
	MY H r,t			-0.133*			
				(0.069)			
	MY H r,t (Const. b k H i,r,t )				-0 . 1 2 0		
					(0.255)		
	MY H r,t (Const. y i,t )					-0 . 1 1 0	
						(0.075)	
	MY H r,t (y i,Entry )						-0 . 1 1 1 * * *
							(0.039)
	m H r,t	0.622*	0.596*	0.388	0.582*	0.441	0.539
		(0.314)	(0.306)	(0.366)	(0.300)	(0.368)	(0.328)
	log(P op r,t )	-0.154** -0.154**	-0.144* -0.157** -0.143*	-0.080
		(0.075)	(0.074)	(0.080)	(0.077)	(0.082)	(0.065)
	log(Urb r,t )	0.279*	0.254*	0.282** 0.295** 0.273**	0.156
		(0.143)	(0.142)	(0.135)	(0.130)	(0.134)	(0.138)
	log(Hum r,t )	0.758*** 0.748*** 0.744*** 0.740*** 0.762*** 1.007***
		(0.197)	(0.196)	(0.189)	(0.215)	(0.192)	(0.299)
	Constant	7.666*** 8.121*** 8.455*** 8.341*** 8.299*** 7.492***
		(1.571)	(1.224)	(1.229)	(3.006)	(1.164)	(1.273)
	Observations	306	306	306	306	306	255
	Nb. states	51	51	51	51	51	51
	R-squared	0.993	0.993	0.993	0.993	0.993	0.991
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1.				

Table 7 :

 7 Robustness of FE regressions for low-skilled diversity. Alternative specifications (Dep= log(y r,t )) Standard errors in parentheses are clustered at the state level. The specification is described in Eq. (

		(1)	(2)	(3)	(4)	(5)	(6)
		Quadr.	Polariz. Epidem. Epidem. Epidem.	Epidem.
	MD L r,t	0.705**		0.104	0.141	0.101	0.006
		(0.293)		(0.085)	(0.085)	(0.086)	(0.085)
	(MD L r,t ) 2	-0.391*					
		(0.218)					
	MP L r,t		-0.025				
			(0.072)				
	MY L r,t			-0.104**			
				(0.042)			
	MY L r,t (Const. b k L i,r,t )				0 . 0 0 1		
					(0.234)		
	MY L r,t (Const. y i,t )					-0 . 0 9 2 * *	
						(0.044)	
	MY L r,t (y i,Entry )						-0 . 1 4 6 * *
							(0.057)
	m L r,t	0.504*	0.352	0.412	0.481*	0.443	0.530**
		(0.281)	(0.271)	(0.283)	(0.273)	(0.285)	(0.241)
	log(P op r,t )	-0.164** -0.159*	-0.146* -0.166** -0.151*	-0.071
		(0.081)	(0.082)	(0.082)	(0.078)	(0.084)	(0.075)
	log(Urb r,t )	0.347**	0.282	0.312*	0.329**	0.317*	0.194
		(0.159)	(0.170)	(0.173)	(0.163)	(0.172)	(0.169)
	log(Hum r,t )	0.799*** 0.894*** 0.802*** 0.807*** 0.801***	1.108***
		(0.206)	(0.202)	(0.196)	(0.203)	(0.199)	(0.281)
	Constant	7.388*** 7.762*** 8.379*** 7.651*** 8.384***	8.032***
		(1.284)	(1.271)	(1.317)	(2.708)	(1.316)	(1.320)
	Observations	306	306	306	306	306	255
	Nb. states	51	51	51	51	51	51
	R-squared	0.993	0.993	0.993	0.993	0.993	0.991
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1.				

Table 8 :

 8 2SLS regressions under different IV strategies.

(Dep= log(y

  Standard errors in parentheses are clustered at the state level. The specification is described in Eq. (3) and includes all fixed effects. We estimate it with 2SLS and rely on three IV strategies (the augmented shift-share, the gravity-like strategy a la[START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF], and first lag) to instrument the birthplace diversity index. Col. 1, 2 and 3 report estimates for high-skilled diversity; col. 4, 5 and 6 report estimates for low-skilled diversity. †Kleinbergenn-Paap F-statistic tests for weak identification (critical values from Stock-Yogo (2005) are given for 10%/15% maximal IV size). First-stage results are reported in Table A6 and A7in the Appendix. Zero-stage regressions with instrumentation a la Feyrer (2009) are provided in Table A5 in the Appendix. The sample includes the 50 US states and the District of Columbia from 1960 to 2010. The set of control variables includes the immigration rate (m S

	993 0.993 0.993 0.993 0.993 0.993	Time fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes	States fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes	K-P F-T est † 439.9 103.9 43.65 69.68 48.14 91.14 70.12 33.89 75.88 18.11	Stock Yogo 29.18/16.23 16.38/8.96 7.03/4.58 7.03/4.58 N.A 29.18/16.23 16.38/8.96 7.03/4.58 7.03/4.58 N.A	Notes: *** p<0.01, ** p<0.05, * p<0.1. r,t ), the	the log of urbanization (log(Urb r,t )) and the log of the average educational attainment of the working-age r,t )), log of population (log(P op	population (log(Hum r,t )).

Table A3 :

 A3 List of US States (51) and descriptives statistics

	States	log(y r,t ) MD A r,t	MD H r,t	MD L r,t	m A r,t	log(P op r,t ) log(Urb r,t ) log(Hum r,t )
	Alabama	9,256	0,900 0,923 0,846 0,021	14,715	4,060	1,722
	Alaska	10,053	0,894 0,880 0,882 0,064	12,561	4,071	1,855
	Arizona	9,484	0,690 0,906 0,554 0,107	14,440	4,428	1,806
	Arkansas	9,209	0,871 0,914 0,811 0,024	14,154	3,930	1,706
	California	9,731	0,845 0,941 0,734 0,221	16,618	4,519	1,839
	Colorado	9,616	0,872 0,934 0,778 0,071	14,490	4,393	1,888
	Connecticut	9,759	0,940 0,952 0,928 0,116	14,518	4,402	1,856
	Delaware	9,847	0,930 0,932 0,889 0,055	12,919	4,303	1,827
	District of Columbia 10,564	0,960 0,968 0,903 0,106	13,016	4,605	1,893
	Florida	9,424	0,869 0,889 0,856 0,143	15,675	4,431	1,794
	Georgia	9,458	0,909 0,939 0,854 0,052	15,174	4,164	1,741
	Hawaii	9,657	0,745 0,828 0,711 0,172	13,347	4,457	1,846
	Idaho	9,336	0,811 0,869 0,714 0,046	13,299	4,057	1,824
	Illinois	9,675	0,883 0,947 0,792 0,109	15,807	4,438	1,816
	Indiana	9,501	0,917 0,950 0,852 0,032	15,066	4,197	1,784
	Iowa	9,476	0,909 0,945 0,856 0,029	14,379	4,077	1,826
	Kansas	9,470	0,878 0,940 0,791 0,044	14,237	4,219	1,849
	Kentucky	9,369	0,905 0,930 0,859 0,019	14,640	3,953	1,690
	Louisiana	9,501	0,948 0,958 0,925 0,028	14,728	4,229	1,721
	Maine	9,319	0,656 0,796 0,590 0,047	13,481	3,812	1,802
	Maryland	9,592	0,955 0,960 0,938 0,088	14,872	4,389	1,836
	Massachusetts	9,700	0,930 0,951 0,911 0,122	15,148	4,461	1,873
	Michigan	9,561	0,927 0,928 0,910 0,060	15,568	4,290	1,809
	Minnesota	9,580	0,938 0,950 0,907 0,046	14,789	4,222	1,855
	Mississippi	9,119	0,917 0,898 0,879 0,015	14,242	3,820	1,701
	Missouri	9,490	0,939 0,950 0,913 0,028	14,969	4,232	1,785
	Montana	9,344	0,873 0,877 0,859 0,029	13,113	3,973	1,845
	Nebraska	9,510	0,895 0,937 0,838 0,039	13,792	4,164	1,846
	Nevada	9,759	0,863 0,923 0,802 0,125	13,342	4,439	1,818
	New Hampshire	9,470	0,809 0,887 0,772 0,057	13,315	4,028	1,843
	New Jersey	9,717	0,949 0,951 0,941 0,159	15,394	4,509	1,832
	New Mexico	9,477	0,660 0,893 0,509 0,071	13,655	4,278	1,796
	New York	9,805	0,954 0,964 0,944 0,189	16,276	4,453	1,827
	North Carolina	9,475	0,905 0,948 0,845 0,039	15,232	3,929	1,737
	North Dakota	9,362	0,873 0,834 0,857 0,029	12,886	3,889	1,817
	Ohio	9,531	0,951 0,951 0,940 0,037	15,732	4,320	1,799
	Oklahoma	9,360	0,883 0,942 0,796 0,036	14,445	4,193	1,798
	Oregon	9,511	0,866 0,920 0,788 0,072	14,342	4,262	1,852
	Pennsylvania	9,505	0,945 0,952 0,933 0,046	15,844	4,287	1,796
	Rhode Island	9,478	0,888 0,931 0,858 0,109	13,346	4,477	1,790
	South Carolina	9,273	0,903 0,924 0,857 0,028	14,548	3,981	1,716
	South Dakota	9,326	0,911 0,901 0,893 0,021	12,971	3,868	1,809
	Tennessee	9,375	0,916 0,943 0,863 0,025	14,920	4,099	1,720
	Texas	9,569	0,610 0,917 0,452 0,113	16,091	4,385	1,764
	Utah	9,450	0,883 0,925 0,822 0,066	13,739	4,432	1,880
	Vermont	9,387	0,754 0,852 0,679 0,053	12,690	3,570	1,839
	Virginia	9,560	0,953 0,952 0,940 0,070	15,132	4,201	1,802
	Washington	9,709	0,897 0,912 0,853 0,098	14,862	4,331	1,870
	West Virginia	9,248	0,933 0,915 0,910 0,013	13,958	3,700	1,700
	Wisconsin	9,504	0,909 0,946 0,849 0,038	14,910	4,194	1,818
	Wyoming	9,755	0,885 0,894 0,818 0,033	12,513	4,134	1,844
	Note: Average from 1960 to 2010. Source: Authors' elaboration on IPUMS-US data.

Table A4 :

 A4 Pearson correlations between diversity measures

	Variables	T D A r,t	MD A r,t	T P A r,t	MP A r,t	MD A,G r,t	MY A r,t	m A r,t
	T D A r,t MD A r,t T P A r,t MP A r,t MD A,G r,t MY A r,t m A r,t Variables	1.000 -0.194*** 0.987*** -0.244*** 1.000 0.146*** -0.892*** 0.190*** 1.000 0.314*** 0.393*** 0.298*** -0.449*** 1.000 -0.261*** -0.166*** -0.253*** 0.189*** -0.182*** 1.000 0.998*** -0.196*** 0.977*** 0.152*** 0.306*** -0.256** 1.000 T D H r,t MD H r,t T P H r,t MP H r,t MD H,G r,t MY H r,t	1.000 m H r,t
	T D H r,t MD H r,t T P H r,t MP H r,t MD H,G r,t MY H r,t m H r,t Variables	1.000 0.169*** 0.990*** 0.178*** 1.000 -0.237*** -0.968*** -0.253*** 1.000 0.430*** 0.685*** 0.439*** -0.733*** 1.000 -0.128** -0.189*** -0.116** 0.186*** 0.999*** 0.158*** 0.984*** -0.224*** 0.422*** -0.130** 1.000 -0.094 1.000 T D L r,t MD L r,t T P L r,t MP L r,t MD L,G r,t MY L r,t	1.000 m L r,t
	T D L r,t MD L r,t T P L r,t MP L r,t MD L,G r,t MY L r,t	1.000 -0.340*** 0.986*** -0.413*** 1.000 0.238*** -0.828*** 0.297*** 1.000 0.194*** 0.377*** 0.156*** -0.364*** 1.000	1.000		

Table A5 :

 A5 Zero-stage estimates (PPML): gravity model a la[START_REF] Feyrer | Trade and income: Exploiting time series in geography[END_REF] 

		(1)	(2)	(3)
		S = A	S= H	S= L
		log(Stock i,r,t ) log(Stock i,r,t ) log(Stock i,r,t )
	log(Dist i,r ) ⇥ I 1960	-1.666*** (0.32)	-1.480*** (0.31)	-1.741*** (0.34)
	log(Dist i,r ) ⇥ I 1970	-1.786*** (0.33)	-1.463*** (0.33)	-1.954*** (0.35)
	log(Dist i,r ) ⇥ I 1980	-1.760*** (0.35)	-1.349*** (0.35)	-2.033*** (0.36)
	log(Dist i,r ) ⇥ I 1990	-1.733*** (0.35)	-1.280*** (0.35)	-2.112*** (0.36)
	log(Dist i,r ) ⇥ I 2000	-1.821*** (0.35)	-1.241*** (0.35)	-2.250*** (0.36)
	log(Dist i,r ) ⇥ I 2010	-1.827*** (0.35)	-1.276*** (0.35)	-2.309*** (0.36)
	Bord Canada,r	3.605***	2.710***	4.352***
		(0.84)	(0.70)	(0.95)
	Bord Mexico,r	1.153***	0.999***	1.240***
		(0.20)	(0.24)	(0.21)
	Constant	18.808***	15.445***	19.162***
		(2.96)	(2.89)	(3.13)
	Observations	59364	59364	59364
	R-squared	0.884	0.777	0.907
	Year dummies	Yes	Yes	Yes
	Origin dummies	Yes	Yes	Yes
	Destination dummies	Yes	Yes	Yes
	Notes: *** p<0.01, ** p<0.05, * p<0.1. Col.1 shows the results of
	the stocks of all migrants. Columns 2 and 3 illustrate the results for
	the college and low educated immigrants respectively. Standard errors
	in parentheses adjusted for clustering at the state/country-pair level.
	Source: Authors' elaboration on IPUMS data.	

A6: Trends in birthplace diversity by US state

Table A6 :

 A6 First-Stage regressions High-skilled (Alternative IV Strategies)

  Standard errors in parentheses. Source: Authors' elaboration on IPUMS-US data. This table provides the results of the first-stage regressions under different IV (Shift share and Feyrer).

	5)	MD H r,t MD H r,t MD H r,t m H r,t MY H r,t m H r,t MD H r,t MY H r,t m H r,t MD H r,t (Shift-share) 0.751***	0.036	MD H r,t (Feyrer) 0.318*** -0.236* -0.002 0.304*** 0.302*** -0.003	0.032 0.013 0.027 0.093 0.014 0.030	1.483*** -0.678*** 0.513 1.528*** -0.921*** 1.600*** -0.189 m H r,t (Feyrer)	0.660 0.141 0.155 0.709 0.143 0.188 0.141	0.349*** -0.013*** 0.031*** 0.323*** -0.014*** MY H r,t (Feyrer)	0.008 0.020 0.004 0.020 0.004	-0.919*** -0.043 MD H r,t	0.027 0.237	m H r,t -0.266 -0.524***	0.137 0.108	0.007 -0.020* MY H r,t	0.021 0.009	0.010 -0.011 -0.013 -0.012 0.002 0.020 -0.016 log(P op r,t ) -0.004 0.009	0.016 0.039 0.010 0.009 0.035 0.017 0.010 0.012 0.015	-0.008 0.059 -0.036* -0.035* 0.058 -0.007 -0.035* log(Urb r,t ) 0.005 -0.027	0.075 0.071 0.015 0.014 0.068 0.081 0.017 0.022 0.078	0.130 -0.175 -0.111 -0.103 -0.044 0.148 -0.119 log(Hum r,t ) 0.067 0.081	0.075 0.204 0.058 0.055 0.171 0.084 0.062 0.047 0.072	306 306 306 306 306 306 306 Observations 306 306	0.680 0.719 0.860 0.862 0.748 0.642 0.853 R-squared 0.717 0.660	138.18 237.69 95.81 108.93 233.71 87.26 99.19 Angrist-Pischke F-test 439.93 103.94	Notes: *** p<0.01, ** p<0.05, * p<0.1.

Table A7 :

 A7 First-Stage regressions Low-skilled (Alternative IV Strategies)

  Standard errors in parentheses. Source: Authors' elaboration on IPUMS-US data. This table provides the results of the first-stage regressions under different IV (Shift share and Feyrer).

	MY L r,t m L r,t MD L r,t (Shift-Share) 0.788***	0.083	MD L r,t (Feyrer) 0.393*** -0.177** 0.014 0.416*** 0.390*** 0.022	0.048 0.016 0.047 0.058 0.013 0.050	1.346*** 1.337*** -1.150*** -0.608 -1.166*** 1.379*** -0.592 m L r,t (Feyrer)	0.300 0.446 0.119 0.428 0.120 0.304 0.129	0.008 0.371*** -0.005 0.385*** -0.006 MY L r,t (Feyrer)	0.013 0.027 0.004 0.027 0.004	-0.213 0.014 MD L r,t	0.109 0.022	m L r,t -0.863*** -0.603*	0.229 0.232	0.006 0.010 MY L r,t	0.039 0.014	-0.029 0.219*** -0.003 0.180** 0.000 -0.028 -0.008 log(P op r,t ) -0.024 -0.052	0.012 0.039 0.061 0.010 0.059 0.041 0.013 0.048 0.040	-0.050* -0.166 -0.137 -0.050* -0.151 -0.164 -0.049* log(Urb r,t ) -0.043 -0.206	0.022 0.138 0.100 0.022 0.111 0.138 0.021 0.091 0.141	-0.139 0.306 -0.070 -0.133* -0.114 0.311 -0.145 log(Hum r,t ) 0.639** 0.232	0.077 0.212 0.310 0.064 0.272 0.213 0.079 0.192 0.215	306 306 306 306 306 306 306 Observations 306 306	0.881 0.618 0.769 0.880 0.762 0.617 0.881 R-squared 0.519 0.604	85.90 76.08 183.86 120.62 198.22 73.14 75.92 Angrist-Pischke F-test 91.14 70.12	Notes: *** p<0.01, ** p<0.05, * p<0.1.

Table A8 :

 A8 Robustness of FE regressions to age of entry, 1970-2010.

	S = H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H S= H	5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25	0.733** 0.739** 0.703** 0.676** 0.694** 0.655** 0.645** 0.638** 0.564** 0.550** 0.548** 0.535** 0.545** 0.526** 0.414** 0.218*** 0.210*** 0.226** 0.244** 0.231** 0.216**	(0.308) (0.310) (0.307) (0.305) (0.326) (0.322) (0.307) (0.308) (0.222) (0.225) (0.222) (0.218) (0.222) (0.215) (0.160) (0.079) (0.078) (0.090) (0.103) (0.094) (0.087)	0.633 0.641 0.647 0.652 0.677 0.659 0.681 0.690 0.699 0.695 0.714 0.736 0.735 0.771 0.752 0.660 0.665 0.682 0.745 0.762 0.765	(0.385) (0.395) (0.408) (0.414) (0.433) (0.433) (0.445) (0.449) (0.441) (0.444) (0.454) (0.462) (0.470) (0.494) (0.498) (0.487) (0.522) (0.547) (0.591) (0.649) (0.733)	-0.087 -0.090 -0.090 -0.092 -0.094 -0.091 -0.092 -0.093 -0.086 -0.085 -0.085 -0.085 -0.085 -0.086 -0.080 -0.068 -0.067 -0.066 -0.066 -0.066 -0.065	(0.066) (0.067) (0.067) (0.067) (0.067) (0.067) (0.068) (0.068) (0.067) (0.067) (0.067) (0.067) (0.067) (0.068) (0.068) (0.068) (0.068) (0.068) (0.067) (0.067) (0.067)	0.226 0.229 0.218 0.225 0.216 0.218 0.217 0.219 0.204 0.205 0.215 0.221 0.213 0.211 0.207 0.190 0.196 0.190 0.183 0.184 0.181	(0.154) (0.154) (0.152) (0.154) (0.152) (0.154) (0.150) (0.151) (0.148) (0.149) (0.149) (0.150) (0.149) (0.148) (0.149) (0.157) (0.157) (0.157) (0.155) (0.158) (0.158)	0.887*** 0.881*** 0.906*** 0.910*** 0.915*** 0.921*** 0.924*** 0.924*** 0.951*** 0.956*** 0.948*** 0.940*** 0.946*** 0.958*** 0.970*** 1.001*** 0.996*** 0.997*** 1.000*** 0.999*** 1.001***	(0.278) (0.278) (0.283) (0.283) (0.286) (0.286) (0.288) (0.288) (0.289) (0.289) (0.289) (0.288) (0.289) (0.293) (0.292) (0.291) (0.289) (0.292) (0.296) (0.295) (0.297)	6.589*** 6.618*** 6.661*** 6.673*** 6.721*** 6.702*** 6.724*** 6.726*** 6.712*** 6.704*** 6.682*** 6.681*** 6.691*** 6.706*** 6.732*** 6.749*** 6.726*** 6.727*** 6.743*** 6.751*** 6.756***	(1.315) (1.313) (1.295) (1.294) (1.281) (1.288) (1.271) (1.269) (1.272) (1.276) (1.280) (1.283) (1.280) (1.268) (1.270) (1.280) (1.284) (1.284) (1.275) (1.283) (1.285)	0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.990 0.990 0.990 0.991 0.990 0.990
		Age of entry >	MD H r,t		m H s,t		ln(P opulations,t)		ln(U rbans,t)		ln(Colleges,t)		Constant		R-squared

  ** 6.857*** 6.850*** 6.848*** 6.857*** 6.853*** 6.848*** 6.847*** 6.841*** 6.843*** 6.840*** 6.841*** 6.850*** 6.851*** 6.849*** 6.847*** 6.850*** 6.852*** 6.851*** 6.854*** 6.845*** (1.278)

	0.062 0.059 0.060 0.057 0.044 0.043 0.039 0.037 0.037 0.029 0.027 0.029 0.022 0.018 0.020 0.027 0.027 0.022 0.022 0.030 0.026	(0.071) (0.071) (0.072) (0.071) (0.073) (0.072) (0.071) (0.072) (0.071) (0.073) (0.073) (0.075) (0.077) (0.077) (0.077) (0.077) (0.078) (0.078) (0.075) (0.080) (0.082)	0.462* 0.459* 0.457* 0.458* 0.443 0.444 0.437 0.441 0.452 0.444 0.439 0.457 0.470 0.482 0.520 0.534 0.570 0.601 0.637 0.683 0.733	(0.258) (0.258) (0.259) (0.262) (0.268) (0.270) (0.272) (0.275) (0.280) (0.284) (0.288) (0.300) (0.313) (0.330) (0.353) (0.379) (0.409) (0.443) (0.479) (0.518) (0.570)	-0.085 -0.085 -0.084 -0.083 -0.083 -0.082 -0.081 -0.081 -0.081 -0.080 -0.079 -0.079 -0.079 -0.078 -0.078 -0.077 -0.077 -0.076 -0.076 -0.076 -0.075	(0.075) (0.075) (0.075) (0.075) (0.075) (0.075) (0.075) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074) (0.074)	0.242 0.242 0.241 0.240 0.233 0.233 0.232 0.232 0.232 0.229 0.228 0.228 0.226 0.225 0.226 0.228 0.229 0.228 0.229 0.230 0.231	(0.174) (0.174) (0.174) (0.174) (0.175) (0.175) (0.175) (0.175) (0.175) (0.176) (0.176) (0.176) (0.177) (0.177) (0.176) (0.176) (0.178) (0.178) (0.176) (0.175) (0.175)	1.038*** 1.037*** 1.036*** 1.038*** 1.049*** 1.047*** 1.049*** 1.052*** 1.053*** 1.057*** 1.055*** 1.051*** 1.054*** 1.051*** 1.045*** 1.027*** 1.023*** 1.025*** 1.019*** 1.010*** 1.010***	(0.308) (0.310) (0.309) (0.312) (0.311) (0.311) (0.312) (0.311) (0.313) (0.312) (0.312) (0.313) (0.311) (0.310) (0.307) (0.306) (0.307) (0.306) (0.308) (0.309) (0.307)	6.858*
			m L s,t		ln(P opulations,t)		ln(U rbans,t)		ln(Colleges,t)		Constant

Table A9 :

 A9 System GMM. Internal instruments. Results by skill group (Dep= log(y r,t )) Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses are clustered at the state level. Source: Authors' elaboration on

		(1)	(2)	(3)	(4)	(5)	(6)	(7)	(8)	(9)	(10)
		S = H	S = H	S = H	S = H	S = H	S = L	S = L	S = L	S = L	S= L
	log(y r,t 10 )	0.546***	0.269	0.307*	0.314*	0.309* 0.555*** 0.293*	0.338*	0.339*	0.370*
		(0.116)	(0.190)	(0.179)	(0.168)	(0.174)	(0.189)	(0.172)	(0.188)	(0.185)	(0.188)
	MD S r,t	1.792*** 1.295** 1.173** 1.088** 1.231*** 0.238* 0.371*** 0.358*** 0.362***	0.385***
		(0.527)	(0.580)	(0.467)	(0.448)	(0.374)	(0.119)	(0.103)	(0.102)	(0.103)	(0.104)
	m S r,t	1.325***	0.892	0.896*	0.862	0.953*	0.313	0.147	0.357	0.541*	0.574*
		(0.483)	(0.563)	(0.485)	(0.519)	(0.509)	(0.324)	(0.363)	(0.401)	(0.318)	(0.321)
	log(P op r,t )	-0.065	-0.101	-0.082	-0.082	-0.083	-0.039	-0.093*	-0.067	-0.074	-0.062
		(0.046)	(0.072)	(0.061)	(0.051)	(0.059)	(0.044)	(0.053)	(0.054)	(0.049)	(0.050)
	log(Urb r,t )	0.017	0.416	0.304	0.323	0.306	0.204	0.593**	0.397	0.358	0.280
		(0.125)	(0.431)	(0.316)	(0.309)	(0.255)	(0.145)	(0.277)	(0.266)	(0.258)	(0.203)
	log(Hum r,t )	0.563**	0.356	0.439	0.395	0.465	0.359	-0.148	0.095	0.315	0.302
		(0.260)	(0.436)	(0.344)	(0.321)	(0.334)	(0.266)	(0.442)	(0.416)	(0.287)	(0.324)
	Constant	2.979** 5.498*** 5.261*** 5.280*** 5.133*** 2.888* 4.895*** 4.567*** 4.445***	4.364**
		(1.184)	(1.897)	(1.794)	(1.514)	(1.748)	(1.583)	(1.173)	(1.365)	(1.184)	(1.650)
	Observations	255	255	255	255	255	255	255	255	255	255
	Nb. states	51	51	51	51	51	51	51	51	51	51
	Nb. instruments	56	26	31	36	41	56	26	31	36	41
	Nb. lags (endogenous var.)	2	2	3	4	5	2	2	3	4	5
	Collapsed matrix	No	Yes	Yes	Yes	Yes	No	Yes	Yes	Yes	Yes
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	AR(1)	0.006	0.021	0.020	0.015	0.019	0.006	0.012	0.011	0.012	0.010
	AR(2)	0.134	0.118	0.121	0.126	0.124	0.256	0.200	0.210	0.215	0.222
	Hansen J (p-value)	0.554	0.056	0.158	0.218	0.304	0.505	0.202	0.168	0.244	0.170

Table A10 :

 A10 System GMM. External instruments. Results by skill group (Dep= log(y r,t )) * p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses are clustered at the state level. Source:

		(1)	(2)	(3)	(4)	(5)	(6)	(7)	(8)
		S = H	S = H	S = H	S = H	S = L	S = L	S = L	S= L
	log(y r,t 10 )	0.184	0.215	0.202	0.228	0.293	0.361*	0.308*	0.357**
		(0.166)	(0.144)	(0.169)	(0.153)	(0.197)	(0.201)	(0.174)	(0.171)
	MD S r,t	1.504** 1.587*** 1.675*** 1.791*** 0.254*	0.263* 0.435*** 0.446***
		(0.686)	(0.521)	(0.466)	(0.486)	(0.131)	(0.146)	(0.116)	(0.119)
	m S r,t	1.353*	1.543**	1.435** 1.660**	0.266	0.546	0.416	0.655
		(0.684)	(0.618)	(0.603)	(0.620)	(0.388)	(0.416)	(0.433)	(0.450)
	log(P op r,t )	-0.132** -0.119*** -0.128* -0.122**	-0.088	-0.069	-0.092*	-0.080*
		(0.059)	(0.044)	(0.064)	(0.052)	(0.067)	(0.058)	(0.048)	(0.042)
	log(Urb r,t )	0.382	0.267	0.336	0.242	0.474	0.280	0.472*	0.348
		(0.416)	(0.298)	(0.367)	(0.291)	(0.339)	(0.300)	(0.264)	(0.237)
	log(Hum r,t )	0.349	0.503	0.332	0.502	0.029	0.280	-0.215	0.054
		(0.476)	(0.407)	(0.440)	(0.392)	(0.325)	(0.263)	(0.371)	(0.316)
	Constant	6.729*** 6.336*** 6.545*** 6.143*** 5.115*** 4.672*** 5.320*** 4.811***
		(1.775)	(1.435)	(1.667)	(1.323)	(1.347)	(1.456)	(1.333)	(1.306)
	Observations	255	255	255	255	255	255	255	255
	Nb. states	51	51	51	51	51	51	51	51
	Nb. instruments	25	33	25	33	25	33	25	33
	Nb. lags (endogenous var.)	2	4	2	4	2	4	2	4
	Collapsed matrix	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	Ar(1)	0.032	0.023	0.036	0.029	0.016	0.014	0.014	0.008
	AR(2)	0.097	0.104	0.097	0.102	0.190	0.206	0.188	0.213
	Hansen J (p-value)	0.189	0.306	0.202	0.272	0.145	0.189	0.232	0.303
	Notes: **								

Table A11 :

 A11 MD r,t v.s diversity among "native immigrants" ND r,t Results by skill group (Dep= log(y r,t )) ** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses are clustered at the state level. Source: Authors' elaboration on IPUMS-US data. ND S r,t is computed as the diversity among natives born in a different state than the r state where they reside. n r,t is the immigration rate in the state r where immigrants are natives born in a different state than r.

		(1)	(2)	(3)	(4)	(5)	(6)
		S = H	S = H	S = H	S = L	S = L	S = L
	MD S r,t	0.616***		0.432**	0.141		0.156*
		(0.160)		(0.168)	(0.086)		(0.082)
	m S r,t	0.614*		1.008*** 0.481*		0.642**
		(0.315)		(0.347)	(0.282)		(0.278)
	ND S r,t		0.968	1.183*		0.456	0.513
			(0.654)	(0.662)		(0.570)	(0.563)
	n S r,t		0.376** 0.428**		0.059	0.218
			(0.167)	(0.203)		(0.242)	(0.244)
	log(P op r,t )	-0.155** -0.135* -0.176** -0.166** -0.120* -0.169**
		(0.075)	(0.068)	(0.073)	(0.081)	(0.067)	(0.073)
	log(Urb r,t )	0.285**	0.294*	0.316** 0.329**	0.266	0.304*
		(0.135)	(0.159)	(0.149)	(0.163)	(0.164)	(0.172)
	log(Hum r,t )	0.759*** 0.557** 0.477** 0.807*** 0.677**	0.505*
		(0.197)	(0.213)	(0.217)	(0.205)	(0.271)	(0.269)
	Constant	7.348*** 6.829*** 6.810*** 7.662*** 7.193*** 7.712***
		(1.262)	(1.450)	(1.443)	(1.263)	(1.048)	(1.088)
	Observations	306	306	306	306	306	306
	Nb. states	51	51	51	51	51	51
	R-squared	0.993	0.993	0.993	0.993	0.993	0.993
	Time fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	States fixed effects	Yes	Yes	Yes	Yes	Yes	Yes
	Notes: *						

This is not the case in developing countries, where the average immigration rate has decreased by half (from

2.3 to 1.1%) since 1960. Although the worldwide stock of international migrants increased from 91.6 to 211.2 million, the worldwide share of international migrants has been fairly stable since 1960, fluctuating around 3%. This is only 0.3 percentage points above the level observed in the early 20th century[START_REF] Mckeown | Global migration 1846-1940[END_REF].2 Immigration from developing countries accounts for 98% of the 1960-2010 rise in immigration to highincome countries, for 80% in the European Union, for 120% in the United States, and for 150% in Australia and Canada. Trends in immigration to the US are presented in the supplementary appendix.

On the contrary, the empirical literature on ethnic and linguistic fractionalization identifies negative effects on economic growth (at least in developing countries). As forAshraf and[START_REF] Ashraf | The Out of Africa hypothesis, Human genetic diversity, and comparative economic development[END_REF], they use the concept of genetic diversity (capturing within-group heterogeneity in genomes between regions), and find that it explains about 25% of the different development outcomes (as proxied by population density) around the year 1500, i.e. before the age of mass migration. They identify an inverted-U shape relationship, suggesting that there is an optimal level of diversity for economic development.
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The GDP per capita of Hawaii (diversity index of 0.797) would be 11.66% larger if Hawaii had the same diversity index as the District of Columbia; the difference in high-skilled diversity explains about 4.7% of the total income gap between these two states in 2010.

We disregard heterogeneity between US natives born in different states (e.g. a Texan native is considered identical to a Californian one). See subsection 2.2 for a detailed description of the data.

This is shown in TableA4in the Appendix, which provides correlations between diversity indices, and between diversity and the immigration rate.

In the supplementary Appendix, a complementary analysis is conducted on the 34 OECD member states, using population data fromÖzden et al. (2011). The first drawback of the database is that it does

The birthplace diversity index MD S r,t does not account for the cultural distance between origin and destination countries. It assumes that all groups are culturally equidistant from each other. Another extension consists therefore in multiplying the probability that two randomly-drawn immigrants were born in two different countries by a measure of cultural distance between these two countries. For the latter, we use the database on genetic distance between countries, constructed by[START_REF] Spolaore | The diffusion of development[END_REF]. Genetic distance is based on blood samples and proxies the time since two populations had common ancestors. It is worth noticing that our results are robust to the use of an augmented diversity index and are reported in the supplementary Appendix.

More studies focus on emigration-driven contagion effects, i.e. the effects of migrants' destinationcountry characteristics on outcomes at origin. The most popular study is that of[START_REF] Spilimbergo | Democracy and foreign education[END_REF], which investigates the effect of foreign education on democracy.[START_REF] Beine | International migration, transfer of norms and home country fertility[END_REF] and[START_REF] Bertoli | Bringing it all back home-return migration and fertility choices[END_REF] use a similar specification to examine the effect of emigration on source-country fertility.[START_REF] Lodigiani | Migration-induced transfers of norms: The case of female political empowerment[END_REF] find that emigration to countries with greater female participation in parliament increases female participation in the origin country.

See http://www.infoplease.com/ipa/A0001796.html and http://www.realestate3d.com/gps/ latlong.htm (accessed on July 4, 2016).

It is worth noticing that the total diversity index becomes significant at the 1% level when fixed effects are used, possibly capturing the correlation between total and high-skilled diversity.

Comprehensive regression results are provided in Appendix TableA8.

It is worth noticing that the same results hold when the contamination effects in equation (5) are defined on the basis of democracy indicators (Polity2) instead of on GDP per capita. The results are available upon request.

Note that MD L r,t = 0.90 corresponds to the median of the distribution. The US states with a low-skilled diversity index around the optimal level in 2010 are Rhode Island (0.891) and Michigan (0.903).
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Remember this index is negatively correlated with birthplace diversity (-0.89). A high level of polarization is obtained if the immigrant population is composed of a few groups of similar size, which implies a low level of diversity. The results for high-skilled and low-skilled polarization are presented in col. 2. Finally, we supplement the benchmark model with epidemiological effects a la [START_REF] Collier | Exodus: How migration is changing our World[END_REF] and [START_REF] Borjas | Immigration and Globalization: A review Essay[END_REF].

Interpreting the coefficient of the epidemiological term is not straightforward. On the one hand, if immigrants originating from poor countries contaminate the total factor productivity or the quality of institutions at destination, we should find a positive and significant relationship between our epidemiological term (MY S r,t ) and macroeconomic performance. On the other hand, if attracting immigrants from economically or culturally distant countries generates more complementarities in skills and ideas than immigrants from richer countries, we should find a negative and significant relationship. Moreover, reverse causality is a serious source of concern as macroeconomic performance affects the attractiveness of states and the variety of their immigrant population. Our database reveals that richer states attract more people, including immigrants from poorer countries. This selection issue pushes the correlation between GDP per capita and the epidemiological term downwards. 19 This reverse causality issue will be addressed in Section 4.5. Here, we consider four specifications for the epidemiological term. In col. 3 of Tables 6 and7, we use the standard specification defined in Eq. (3), as in [START_REF] Alesina | Birthplace diversity and economic prosperity[END_REF]. In col. 4, we compute MY S r,t by keeping the immigration shares ( b k S i,r,t ) constant, at their 1960-2010 average levels. In col. 5, we keep the levels of GDP per capita at origin (log(y i,t )) constant, at their 1960-2010 average level. In col. 6, we combine annual data on GDP per capita at origin with individual data on the year of arrival in the US; each immigration share is multiplied by the average level of GDP per capita prevailing in the year of immigration to the US. The latter specification allows us to capture the norms and values that immigrants bring with them when they migrate. Due to data limitations, this variable cannot be computed for the year 1960.

As far as high-skilled immigrants are concerned, we find no evidence of a quadratic effect of birthplace diversity. The coefficient for the squared index of diversity is insignificant in col.

1 of Table 6. Hence, this regression rejects the existence of an optimal level of diversity among college-educated immigrants. In addition, the effect of high-skilled polarization is negative and highly significant in col. 2: a one-standard-deviation increase in the polarization index is associated with a 3.7% decrease in GDP per capita. This reinforces our previous conclusion 19 Figure A1 in the Appendix confirms this presumption. When we keep the levels of GDP per capita constant for all origin countries (at their 1960-2010 average), we observe that the US state level of GDP per capita is negatively correlated with the epidemiological term. A8: Robustness of FE regressions to age of entry
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A5: Epidemiological effects