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Abstract

Emigration of young, highly educated individuals may deprive origin countries
of entrepreneurs. We identify exogenous variation in emigration from Italy by
interacting past diaspora networks and current economic pull factors in destina-
tion countries. We find that a one standard deviation increase in the emigration
rate generates a 4.8% decline in firms creation in the local labor market of origin.
An accounting exercise decomposes the estimated effect into four components:
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young and college-educated among emigrants, negative spillovers on firm cre-
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1 Introduction

Entrepreneurship requires a high degree of creativity, initiative, risk-taking and adapt-

ability to new situations. Interestingly, research has shown that some of these non-

cognitive traits also increase the propensity to emigrate. Jaeger et al. (2010) show that

migrants have less aversion to risk than non-migrants, and Bütikofer and Peri (2021)

show that individuals with a higher level of adaptability and cognitive ability are more

likely to emigrate. Hence, countries and regions experiencing significant emigration

rates may be at risk of losing a substantial amount of entrepreneurial potential, with

negative consequences on firm-creation. This issue has long been a concern in develop-

ing countries. More recently, it has become a salient concern in Southern Europe, where

the young cohorts have become significantly smaller in size due to the demographic

transition and a substantially increased propensity to move to Central and Northern

Europe. This was encouraged by free labor mobility within the EU and has been ac-

celerated by the great recession of 2010, which hit Southern Europe much harder than

Northern Europe (Schivardi and Schmitz 2020).

In this paper, we investigate the causal effect of emigration on firm creation in

the area of origin, and its potential implications for local labor demand. We then

try to understand how much emigrants’ selection on age, education and other features

contribute to the loss in entrepreneurship, and how much this loss can negatively affect

entrepreneurship rates among remaining individuals. Our empirical analysis focuses

on Italy, an excellent setting to study this phenomenon due to the substantial surge

in emigration rates during and after the Great Recession of 2008-10. Figure 1 shows

the sharp increase in emigration flows which began in 2010 and increased three-fold by

2015. From 2008 to 2015, the cumulative emigration flows recorded by administrative

data amount to a loss of almost 1% of the Italian population.1 While emigration was

1 Comparable statistics on emigration flows across countries are hard to obtain. We were only
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occurring across all age groups, Figure 2 shows that its rate was especially high among

young individuals (aged 25-44) and among college graduates.

Estimating the causal effect of emigration on local economic outcomes is challeng-

ing. The main threats to consistent estimation are reverse causality, as people may

be more likely to leave regions with low firm-creation, and omitted variable bias, as

several unobserved factors that push people to emigrate may also affect firm creation.

Moreover, measurement error in recording emigration flows—resulting from delays and

under-reporting in changes of residence—could attenuate the relationship between em-

igration and firm creation, and short-run measures of mobility can be especially noisy.

To overcome these issues, we adopt an instrumental variable strategy in the spirit of

Anelli and Peri (2017) and Fouka, Mazumder, and Tabellini (2020), and construct

a measure of “network-driven” emigration. Such instrument captures the strength of

existing networks of Italians abroad from specific local labor markets in the main desti-

nation countries (or sub-national regions, in a more detailed version of the instrument),

measured in 2000, well before the Great Recession-era emigration wave.

In our main instrument, we weight this measure of network intensity with the eco-

nomic performance of destination countries from 2008 to 2015. While these destination

country weights are likely independent of economic and labor market conditions at the

origin, our instrumental variable, ultimately, leverages cross-sectional variation of net-

work intensity across labor markets of origin. Specifically, we show that most of our

identifying variation is driven by the pre-existing networks of Italians from each local

labor market of origin towards Germany and Switzerland as a share of the labor mar-

ket population. Those are two countries whose average income is higher than Italy’s

and performed better economically during the Great Recession.2 The common push

able to locate a report from the Portuguese Observatory of Emigration (2015) indicating that the
cumulative outflows of Portuguese citizens between 2011 and 2014 reached about 485,000 people or
about 1.2% of the Portuguese population.

2We test the independence between those networks (shares) and pre-2008 economic trends.
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in the post-2008 period, generated by the recession, interacted with the pre-existing

networks in economically more successful countries, generates the post-2008 variation

of predicted emigration in our IV.3 Our identification approach is supported by the

fact that the IV passes the validity tests proposed by Goldsmith-Pinkham, Sorkin, and

Swift (2020). The networks towards Germany and Switzerland are uncorrelated with

pre-2008 trends and each of them is a good IV, passing an over-identification test when

used jointly and producing similar 2SLS estimates when used one at a time.

Our results show that emigration—when instrumented with the network-driven

IV—produced a decline in the number of existing firms, due to a lower birth rate

and an unchanged death rate of firms. This is consistent with a significant loss of

entrepreneurial capital. Namely, an increase in the emigration rate by one standard

deviation (about 1.7 percent of the working age population) reduced the number of

firms created in the average local labor market over the post-2008 period by 194 firms,

corresponding to 4.76% of firm creation in the baseline period. This effect is signif-

icantly larger than what is implied by the simple mechanical subtraction of individ-

uals with an average entrepreneurial ability, which only explains 36% of the decline.

Using our data, we also show that an additional 17% of the effect is due to over-

representation among emigrants of highly-educated and young individuals, who are

characterized by higher than average entrepreneurship rates (Liang, Wang, and Lazear

2018). Additionally, borrowing some estimates from the existing literature on human

capital externalities, we estimate that the lost entrepreneurs exerted negative spillover

effects on firm-creation among those who remain in the labor markets of origin. Our

calculations suggest that between 36% and 47% of the effect may be due to these

spillovers. The remaining 0-11% of the effect is left to the selection of (unobservable)

high entrepreneurial types for given age and education (observable characteristics).

3Before 2008, emigration was smaller and stable, and so we use that period for validity tests.
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As firm creation, especially in highly-innovative sectors and by younger individuals,

is an engine for the introduction of new technologies (Acemoglu, Akcigit, and Celik

2017), the loss of entrepreneurial capital due to emigration may be particularly dam-

aging for economic growth. Our analysis shows a strong negative effect of emigration

on the creation of firms whose owners and executives were younger than 45 years old,

and a significant decline in the number of innovative start-ups operating in technology-

intensive sectors. Finally, we study the potential effects of the emigration wave on

overall employment and its composition. The departure of a portion of the labor force

should create job opportunities for those left behind (as it represents a drop in labor

supply) and, all else equal, should increase the employment-population ratio in the

labor-markets-of-origin. Instead, we find that local labor markets with higher emigra-

tion rates experience unchanged employment-population ratio, in spite of the negative

labor supply shock accompanied by no significant change in wages. These effects are

consistent with a drop in labor demand accompanying the loss in labor supply, due

to the loss of potential firm-creating entrepreneurs, who are more concentrated among

migrants than among stayers.

There are three main areas in which this paper contributes to the literature. First,

this paper extends the literature on the effects of emigration on country of origin

outcomes, and is the first to focus on the effects on entrepreneurship. It provides rea-

sonably strong identification and uses high quality administrative firm and emigration

data. While the shift-share IV is not new, we innovate by exploiting a sudden em-

igration episode driven by a large recession in Italy combined with variation in the

intensity of pre-existing networks of emigrants across local labor markets. The sud-

den change in emigration provides an event-style identification with a pre- and a post-

period that we validate showing the low correlation of our IV with pre-recession em-

igration variables. Following the recent contributions of Borusyak, Hull, and Jaravel
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(2021) and Goldsmith-Pinkham, Sorkin, and Swift (2020), we scrutinize our identifica-

tion assumptions, and we find that the network intensity –“share”– variation provides

identification that is especially driven by the top two networks – in Germany and

Switzerland. Hence, we test the latter’s correlation with pre-trends and, alternatively,

we use them directly as an IV. The results of these checks strengthen our confidence

in this IV strategy.

Related papers analyzing the impact of high-skilled emigration, often referred to

as brain drain, on developing economies are Waldinger (2010), Mayr and Peri (2009),

Docquier and Rapoport (2012), Docquier, Özden, and Peri (2014) and Di Giovanni,

Levchenko, and Ortega (2015). Less is known about the effects of brain drain on de-

veloped economies. One paper related to ours is Giesing and Laurentsyeva (2017),

which finds that high-skilled emigration from Eastern Europe after the EU enlarge-

ment of the 2000s had negative effects on firms’ TFP in the countries-of-origin. Anelli

and Peri (2017) and Ippedico (2017) looked at the relationship between emigration,

political outcomes, and local firms but without a thorough investigations of the mech-

anisms, the instrument, or the identification strategy. Most of the previous brain

drain/emigration literature considered this phenomenon as a decline in the country

of origin labor supply. Hence, researchers studied the short-run impact on wages and

employment opportunities of those who remained (Mishra 2007; Elsner 2013a; Elsner

2013b; Dustmann, Frattini, and Rosso 2015). These papers focus on wage effects of

emigration episodes largely driven by emigrants of intermediate educational attainment

(skill) level from Poland and Mexico attracted by strong pull factors in Europe (Elsner

2013b; Dustmann, Frattini, and Rosso 2015) or the US (Mishra 2007) rather than em-

igration of highly educated due to a recession. These papers find small positive effects

on wages of intermediate skilled workers (Dustmann, Frattini, and Rosso 2015), on

young workers (Elsner 2013b) or on the average worker (Mishra 2007) in countries of
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origin. In our case, there was stronger positive selection of emigrants possibly driven

by the strong recession in the country of origin. The fact that people with higher

entrepreneurial abilities left might have crucially weakened labor demand. Indeed, in

this context we do not find a positive significant effect on average wages of stayers, nor

on the employment/population ratio. We are the first to focus on the firm-creation

effect of emigration and its implications for local employment/population ratios. Our

paper shows that emigration can reduce labor demand which, as far as we know, is an

unexplored economic effect among countries of origin.

Second, as the emigration wave we analyzed was mainly fueled by the mobility

of young people, our paper has some bearing on the literature on the role of young

individuals in starting up new firms (Acemoglu, Akcigit, and Celik 2017; Barker and

Mueller 2002; MacDonald and Weisbach 2004). We find that emigration is a relevant

force in reducing the number of young people and their innovative, entrepreneurial role.

Related literature shows a positive relationship between the share of young people in

a country (or region) and rates of entrepreneurship (Liang, Wang, and Lazear 2018),

productivity (Ciccarelli, Gomellini, and Sestito 2019), growth (Engbom 2019) and

start-ups (Karahan, Pugsley, and Sahin 2019). If innovative entrepreneurship is higher

at a young age, as suggested by Kopecky (2017), the loss of young people may be

associated with a loss of growth and innovative ideas.4

Finally, our paper complements the studies which find that immigrants, especially

in the US, have a special propensity to innovate and to be entrepreneurs. Burchardi

et al. (2020), Hunt and Gauthier-Loiselle (2010), Kerr and Lincoln (2010) and Moser,

Voena, and Waldinger (2014) show that immigrants in the US are more likely to be

active in patenting and innovation than comparable natives. Similarly, as reviewed in

Fairlie and Lofstrom (2015), a significant number of studies finds that immigrants in

4 This is, however, not yet fully established, as Azoulay et al. (2020) show that high-growth
entrepreneurship peaks later in life.
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the US have a higher probability of being self-employed and starting firms relative to

natives. A recent paper by Azoulay et al. (2021) shows that immigrants act more as job-

creators than job-takers by starting high-growth enterprises. This evidence, analyzed

from the receiving country perspective, suggests a positive selection of immigrants

among innovators and entrepreneurs. Our study complements that evidence from the

sending country perspective.

A qualification of our findings is also needed. We are analyzing emigration in a

relatively developed country during a deep recession. This context was characterized

by strong positive selection of emigrants, strong negative effect on entrepreneurship

and null effect on wages. This evidence is somewhat different from what is found in

other studies (Mishra 2007; Elsner 2013a; Elsner 2013b; Dustmann, Frattini, and Rosso

2015) and can be due to the larger propensity of high skilled to leave under those cir-

cumstances. One should be cautious in generalizing these results. However, our results

are informative about the emigration effects and of the selection of migrants in coun-

tries experiencing deep recessions, a relevant scenario in which the “brain drain” can

exacerbate the negative effects of recessions. Thus, our findings add a very important

aspect to the analysis of the long-run consequences of deep local recessions.

The rest of the paper is organized as follows. Section 2 describes the main data

and trends for emigration and firm creation in Italian local labor markets. Section 3

introduces the empirical specification, then describes the 2SLS identification strategy

and discusses its validity. Section 4 presents the main results, and Section 5 discusses

several additional results. Section 6 reports the main robustness checks. Section 7

concludes the paper.
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2 Data

2.1 Emigration flows and network

We obtained administrative data on emigration flows of each municipality from the

Italian National Statistical Institute (Istat 2016). The data are aggregated into year

of emigration by municipality of origin by country of destination by age-group by

education-level cells and cover the period 2002-2015. We also obtained data on the

stock of emigrants directly from the Registry of Italians Residing Abroad (AIRE 2015;

Anelli and Peri 2017), which includes all individuals who permanently emigrated be-

tween 1990 and 2014 and were still abroad as of 2015, and which includes precise

information about the destination country (and region), the municipality-of-origin and

the year-of-emigration. These features allow us to construct the historic networks of

emigrants from those individuals who emigrated before 2000.

Table 1 shows the stock of emigrants from Italy by country-of-destination as of 2000

in Panel A and the cumulative emigration flows between 2008 and 2015 by age group

in Panel B. The table reveals two important facts. First, the top destination countries

have been quite stable over time. While in recent years the economically successful

UK and US have replaced some more historical destinations, such as Argentina and

Belgium, we can see that Germany, Switzerland and France were among the most

common destinations for Italian emigrants in both periods. Germany and Switzerland

emerge as crucial in identifying the pull-driven migration from 2008 to 2015, as we

discuss in Section 3.3. Second, confirming the trends in the aggregate data, the table

shows that young people (25 to 44 years old) represent a very large share of migrants

from 2008 to 2015 (column 2 of Panel B in Table 1).

A limitation of the administrative data described above is that despite the fact that

Italian emigrants are required by law to register as living abroad within six months
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of emigration and have significant financial incentives to do so5, there is anecdotal ev-

idence of under-registration, especially in the early years after emigration, as not all

changes of residence may be recorded in a timely manner by the Italian authorities.

Figure 3 compares the outflows of Italians to the UK in the AIRE-Istat data and the

registration of Italian immigrants recorded in the UK social security registry (NINo

2018). The UK data indicate that Italian migrants are underestimated by about two

thirds (Panel (a)), and that annual immigrant changes from Istat data closely follow

those from the UK social security registrations with one year of lag (Panel (b)). This

lag is consistent with the six-month window allowed to migrants by Italian authorities

to communicate their new residence abroad and with bureaucratic delays characteriz-

ing the formal registration process. An analysis based on data from the Switzerland

Statistical Office (BFS 2018) show similar patterns (Figure 4).6

In Appendix A.II, using these destination-country sources, we estimate that actual

emigration flows of Italians are plausibly about 2.6 times larger than those registered

in the AIRE-Istat records. Such measurement error, due mainly to delays and imper-

fect registration of temporary migrants, is an additional reason to use IV estimation.

It is important to notice that measurement error is likely to be much smaller for the

measure of pre-existing networks of Italians abroad (those who emigrated before 2000),

as those numbers are not affected by delays or by the presence of temporary migrants.

Hence, the cross-sectional distribution of historical Italian emigrants used to measure

network intensity across municipalities, and at the core of the instrument construction,

is likely a precise measure of the Italian diaspora, while the recent flows may be un-

derestimated significantly. Finally we account for such under-counts when interpreting

5Namely, registered emigrants do not pay income tax in Italy on income earned abroad.
6We performed a similar analysis for the US using data from the American Community Survey

(ACS), which we show in Figure A1 in the Appendix. Despite the fact that the survey nature of the
data does not allow us to precisely estimate the immigration of Italians, the analysis based on the US
qualitatively confirms the evidence found using the UK and Swiss administrative data.
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the magnitude of the effects relative to the size of the emigration rate, as we do in

Section 4 below.

2.2 Firms, employment and local labor markets

We obtained firm-level data that cover the universe of Italian firms from the Chambers

of Commerce (Infocamere 2017). We merged them with data from the social security

administration (INPS 2017) on employment and wages. Data from the Chambers of

Commerce include information on the stocks, births and deaths7 of firms and demo-

graphic characteristics of owners, shareholders and executives of each firm over the

period 2005-2015.8 The latter is used to identify firms with a majority of owners and

executives under 45 years old, to which we refer as “young-owned firms.” Our data in-

clude all firms, some of which may be multi-plant (though the vast majority have only

one establishment). The INPS data cover the period 2005-2015 and include informa-

tion on the yearly number of employees (broken down by broad occupation categories,

i.e., apprentices; production workers, often referred to as “blue collar” workers; non-

production workers, often referred to as “white collar” workers, and managers), their

average monthly wage, industry, and the geographic location of the employer.9

Our unit of analysis is the local labor market (LLM), defined using the Istat 2001

definition. According to Istat, LLMs are geographic clusters of municipalities with

commuting patterns mainly internal to the cluster, an analogue definition to that of

Commuting Zones (CZ) for the US.10 There are 686 LLMs in Italy covering the whole

7As deaths are often recorded with delay in the Chambers of Commerce data, we estimate deaths
as deathst = −stockt + stockt−1 + birthst, which is standard practice in the literature.

8We consider a birth to be the appearance of a new firm in any given year, provided it survives at
least through the end of the year.

9 Both the Chambers of Commerce and INPS data identify the location of a firm with its head-
quarters. The vast majority of Italian firms have only one establishment, so the headquarter address
corresponds to the whole firm in most cases.

10 Following the US literature on CZs, in the case where a LLM crosses provincial boundaries, we
assign it to the province where most of the population resides. Such assignment is relevant when we
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national territory. We focus our analysis on the period from 2005 to 2015, considering

from 2008 to 2015 as the “treatment” period, as emigration increased suddenly and

substantially in those years.

3 Empirical Specification and Identification

In our empirical model, the main outcome is the change in the stock of firms from

2008 to 2015 (equal to the difference between entries and exits in the period) in local

labor markets, indexed by l. This variable is indicated as ∆yl in equation (1). The

main explanatory variable is the cumulative outflow of Italians who are 25 to 64 years

old from 2008 to 2015, indicated as
∑2015

t=2008ml,t.
11 Both variables are divided by the

average pre-treatment LLM population aged 25 to 64, popl,pre. This normalization

produces the emigration rate in the area-of-origin, l, relative to the initial population.

In the baseline specification, we control for 2005 GDP per capita and unemployment

rate to account for the economic performance of the LLM before treatment, denoted by

Xl,2005. We also include either twenty regions or 110 provincial fixed effects (φp) that

capture time-invariant, unobserved geographic and institutional factors common to all

LLMs within a region or a province, and we cluster standard errors at the province-

level. We thus estimate the following equation:

∆yl
popl,pre

= α + β

∑2015
t=2008ml,t

popl,pre
+ φp + γXl,2005 + εl (1)

If the size of migration outflows were distributed randomly across LLM, the OLS

estimate of equation (1) would deliver the causal effect of emigration on the number of

include province fixed effects in the main empirical specification.
11Data on emigration flows from Istat are divided into four age groups, 0-25, 25-44, 45-64 and 65+.

We exclude people under 25 and over 64, as their contribution to firm creation and employment is
marginal.
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firms. However, this is unlikely because such outflows are likely correlated with local

economic and social conditions, which in turn might affect our outcomes of interest.

On one hand, if LLMs with more intense entrepreneurial and economic activity tend

to have a stronger connection with foreign economies and possibly more migrants as a

consequence of this (notice in Figure 5 how many LLMs in Northern Italy—the more

economically entrepreneurial part of the country—have large emigration rates), the

OLS estimates would be biased upwards, possibly enough to find a positive or zero

correlation between emigration and entrepreneurial intensity. On the other hand, if

individuals are more likely to leave LLMs when labor demand declines and economic

activity slows, then there would be a negative correlation between emigration and

entrepreneurship and, thus, a downward bias, towards a negative effect. Moreover,

because of delays and missing reports of short-term migration, as discussed in Section

2, the measures of emigration rates from 2008 to 2015 could suffer from measurement

error, biasing the estimated coefficient toward zero. All these reasons suggest the

existence of potential bias in the OLS estimates, although its direction is a priori

unclear. Hence, while the OLS estimates of the β coefficients in Table 2 indicate no

significant correlation between the LLM emigration rate and changes in firm stock,

entry or exit, we should be aware of the significant potential bias. To correct the

omitted variable and measurement error biases of OLS estimates, we exploit variation

in migration flows driven by historical networks (which are measured more precisely)

and weighted by economic pull factors, both of which are only very weakly correlated

with local economic conditions in the place-of-origin.

3.1 Identification: The IV approach

The basic intuition for our main instrumental variable, a version of a shift-share/Bartik

IV, is that LLMs have connections with specific foreign countries through previously
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established networks of emigrants. These pre-existing networks may share information

or even job referrals to individuals living in the LLM-of-origin. Such networks exert a

stronger pull the larger they are relative to the LLM population and if they connect to

countries with strong economic opportunities. Building on this intuition, we interact

the intensity of pre-existing networks with the economic growth of destination countries

from 2008 to 2015. We use the number of people who emigrated from each LLM l to

each foreign country c before 2000, as a percentage of the LLM population in 2000 (in a

robustness check we also consider 1992 diaspora networks), as a measure of the network.

We then weight these shares with the growth rate of GDP per capita in destination

countries during the treatment period.12 Summing across destination countries for

each LLM produces an economic weighted, network driven factor, for the 2008 to 2015

period, specific to the LLM. The variable is defined as follows:

Pulll =
∑
c

NTWKl,c ∗Gc (2)

In expression (2), the first term, NTWKl,c, is the number of Italians who moved

from LLM l to country c before year 2000 (or 1992) and are still residents of c as

of 2015, as a share of the LLM population in year 2000 (or 1992).13 It captures the

size of the historic diaspora from LLM l in country c, which affects the potential for

subsequent emigration outflows from l to c. The second term, Gc = GDP 2015
c /GDP 2008

c ,

is the growth rate of GDP per capita of country c during the treatment period, which

includes the Great Recession and the sovereign debt crisis disproportionately hitting

Southern European countries. Table 1 summarizes the variation in GDP growth from

2008 to 2015 for the main countries-of-destination. The variable defined in equation (2)

12GDP data are obtained from the World Bank national account database (World Bank 2019). We
were able to match 184 destination countries.

13To maximize precision, we use the LLM population as of the 2001 Census to proxy population in
2000.
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is used as an instrument for the actual emigration rate,
∑2015

t=2008 ml,t

popl,pre
, which is the main

explanatory variable in the estimating equation (1). Let us emphasize, however, that

the identifying variation generated by the IV, as we show below, depends primarily on

the variation in network size, especially in Germany and Switzerland, across LLMs,

much more than on the economic weights given to these networks. We therefore also

use the network size in main destination countries (as share of population) directly as

an IV in additional estimation results.

3.2 Instrument validity: Pre-trends

Our key identifying assumption is that the strength of the pre-existing diaspora net-

works weighted by the economic pull of destination countries from 2008 to 2015 is

uncorrelated with unobserved factors specific to an LLM that may affect firm creation

in the same period. However, our identification strategy is threatened if past economic

shocks in an LLM persist over time and affect emigration before 2000 and firm creation

in the treatment period. To increase confidence in the assumption underlying our IV,

we perform several checks.

We first note that we include province fixed effects in our preferred specification to

control for economic, institutional and policy trends (as the specification is in differ-

ences), which may vary substantially across locations in Italy. Province-specific trends

capture the potential impact of policies common to these areas of about 500,000 people

on average. Most importantly, the inclusion of fixed effects implies that the identifying

variation of the IV is across labor markets that are geographically close to each other

and have similar economic and social conditions, but can still be quite different in their

diaspora network due to historical events and the highly-localized nature of migrant

networks.

Figure 6 shows a quite informative representation of the raw data on the stock of
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firms per capita, our main outcome variable. We plot the average number of firms over

time among LLMs above (below) the median value of the “instrumented emigration”

(predicted by the first stage of the IV) with a solid (dashed) line (both values are

standardized to one in 2005). First, we notice that the two groups have parallel trends

up to 2009, which marks the onset of the emigration surge. Second, after 2009, the

lines start progressively diverging, and they show a substantial difference by the end of

the treatment period, in 2015. Firms per capita were fewer by the end of the period in

local labor markets with “instrumented emigration” above median than in those below

median.14

To confirm the “event” nature of the migration surge starting in 2009 and the in-

dependence of the IV from pre-existing economic trends, we check the within-province

correlation of our instrument with the 2005-2008 trends of our key outcomes, as well

as other economic and demographic variables15. In Table 3, we regress the 2005-2008

change in the stock, cumulative births, and cumulative deaths of firms on the post-2008

IV-predicted emigration. The estimated coefficients are very small in magnitude and

not statistically significant.16 Thus, the estimates of Table 3 are consistent with our

identifying assumption, that the IV is not correlated with pre-2008 firm creation and

destruction rates. We also estimate similar regressions on the other outcomes of inter-

est, namely the firms owned by young entrepreneurs, total employment, employment-

population ratio, total wage bill, and the number of blue and white collar workers and

of managers. When we consider changes in those outcomes between 2005 and 2008,

14 Appendix Figure A2 shows not just raw data, but the differences in an event-study graph. Each
dot represents the estimate of an interaction between our IV and a year dummy. The pattern confirms
that while our IV is not correlated to the stock of firms before the emigration episode, we estimate
increasingly negative and statistically significant coefficients in the treatment years.

152005 is the earliest year for which our firm data are available. We therefore cannot extend the
analysis of pre-trends to years before 2005.

16In comparison, Appendix Table A18 shows the reduced form estimates obtained by regressing the
2008 to 2015 change in the same outcomes on our IV. The reduced form effect on firm creation in this
case is statistically significant and 20 times larger than the coefficient in our validity check.
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we never find a significant correlation with the IV, as shown in Appendix Tables A2,

A3 and A4. These validity checks are consistent with interpreting our identification as

hinging on the sudden post-2008 emigration surge instrumented by the different LLM

intensity of local networks.

An additional concern is that the instrument may be correlated with other dimen-

sions of local mobility. If the IV predicts internal migration17 or inflows of immigrants

into the local labor markets, then the causal interpretation of IV estimates would be

problematic. In Appendix Table A7, we show that there is neither significant corre-

lation of the IV with 2008 to 2015 internal migration or with the immigration rate

of foreign-born individuals. This is not surprising, as the countries-of-origin of immi-

grants to Italy (mainly from Eastern Europe and North Africa) are different from those

where Italian emigrants reside.

3.3 Shift-share diagnostics

The IV we construct has the structure of a Bartik/shift-share instrument. Specifi-

cally, it combines the variation in the past cross-sectional distribution of emigrants’

population shares by destination country (the share component) with the destination

countries’ aggregate economic growth post-2008 (the shift component). Goldsmith-

Pinkham, Sorkin, and Swift (2020) show that a sufficient condition for identification in

this setting is that the past population shares of emigrants across LLMs are uncorre-

lated with the error term.18 To test whether this is the case in our setting, we scrutinize

17Internal migration flows are also from Istat, and they are based on transfers of residence between
municipalities.

18 Borusyak, Hull, and Jaravel (2021) show that a necessary and sufficient condition for identification
is that the interaction between the shares and the shift components is asymptotically uncorrelated
with the error term. This can be satisfied by a large number of uncorrelated shift terms, which is
unlikely in our setting, as there are only a dozen important destination countries, and their growth
rates are likely correlated. Borusyak, Hull, and Jaravel (2021) point out that the condition they
propose is also satisfied by the exogeneity of shares proposed by Goldsmith-Pinkham, Sorkin, and
Swift (2020).
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the cross-sectional components of the IV. We first calculate the weights that the in-

strument attributes to each share (the so-called “Rotemberg weights”). Higher weights

correspond to greater relevance in the identifying variation. We then test whether the

population share of emigrants receiving higher weights are correlated with pre-2008

observable characteristics of the LLM-of-origin.

Tables 4 and 5 report the main results of diagnostic tests as suggested in Goldsmith-

Pinkham, Sorkin, and Swift (2020). Table 4 shows four sets of tests. First, in Panel A,

we show the share of Rotemberg weights (α̂c) that are positive and negative. Almost all

of them are positive, indicating that the separate shares are positively correlated with

the IV, thus suggesting that our instrument is a convex combination of the country-

specific estimated β̂c coefficients and does not show signs of mis-specification. Panel B

reports correlations among the components of the IV (Gc andNTWKc), the Rotemberg

weights (α̂c), the power of the IV (F̂c) and the estimated coefficients of equation (1) with

per-capita stock of firms as the dependent variable (β̂c).
19 An informative statistic is the

correlation between each component of the IV (Gc and NTWKc) and the Rotemberg

weights (α̂c). A larger correlation implies higher relevance of that component of the

IV in generating the identifying variation. We see that while the share component

(NTWKc) has a correlation of 0.84 with the weights, the shift component (Gc) has

very low and even negative correlation (-0.05). This confirms that the share variation

is what generates most of the identifying variation in our setting. Therefore, it is

important to check that those emigration shares receiving the highest weights are

19In all specifications we cluster the standard errors at the province level to capture potential error
correlations of geographically close labor markets. This is consistent with what discussed in Adão,
Kolesár, and Morales (2019) and Goldsmith-Pinkham, Sorkin, and Swift (2020). Following an exercise
proposed by Adão, Kolesár, and Morales (2019) and implemented in Fouka, Mazumder, and Tabellini
(2020), in Appendix Figures A4 and A5 we perform two placebo exercises where we substitute the
shifters and the shares, respectively, with random numbers extracted from N(0, 5). The two exercises
confirm that the clustered standard errors are valid and, if anything, too conservative: in the case
of shifters, only 0.4 percent wrongly reject the null hypothesis of β = 0 at the 10 percent level, and
never at the 5 percent level (0 out of 500 replications in the case of shares randomization).
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associated with estimates of β similar to our main estimate and that they are not

correlated with pre-2008 local characteristics.

Panel C of Table 4 reports the five destination country shares receiving the highest

weight and, hence, driving most of the identifying variation. The share of emigrants

to Germany explains about 45 percent of the total instrument variation, and the share

of emigrants to Switzerland generates an additional 28 percent. Hence it is important

that we test their correlation with other variables, as we do in Table 5 discussed below.

Panel C also shows that emigrant shares to France, Australia and Belgium receive

non-negligible weights as well; however, when used individually, the F-statistic shows

they are very weak instruments. A reassuring feature of our IV is that all estimates

of the main coefficient of interest (β in equation 1), obtained using any of the top five

shares as unique, just-identified, instruments, are all negative and similar in magnitude

to the main estimate (-0.414). Estimates obtained using the German or Swiss share

only, each of which exhibit a reasonably high F-statistic above 10, are both negative

and significant (-0.388 and -0.202 respectively). The 95% confidence interval for the

German and Swiss shares are in the negative range.20 Panel D of Table 4 shows in

columns (2)-(5) the estimates of the main coefficient using as instrument the share

of past migrants to Germany, to Switzerland, the two shares jointly and the shares

to the top 5 destinations jointly. We also report the test of over-identification, which

never rejects the null that all the instruments produce the same coefficient estimate. In

column (6), we show the Limited Information Maximum Likelihood (LIML) estimate

obtained using shares of all networks as instruments. This method is more robust

to weak IVs bias. Even in this case, the over-identifying restrictions are not rejected.

Moreover, the estimates of the coefficient of interest are always negative and significant,

consistently with the estimate obtained with our main specification IV (reported for

20Following Goldsmith-Pinkham, Sorkin, and Swift (2020), we construct weak instrument robust
confidence intervals using the Chernozhukov and Hansen (2008) method.
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convenience in column 7).

Table 5 shows the correlation of the emigrant shares to the top 5 destination coun-

tries (according to their Rotemberg weights) with the observable characteristics of the

origin LLMs measured in the pre-period, from 2005 to 2008. Germany and Switzerland

are particularly important, and a strong correlation of those shares with pre-existing

economic trends would cast doubts on the validity of our instrument. From the re-

gressions, however, we see no systematic correlation between the population share of

emigrants to each of the main destination countries and the LLM-of-origin growth in

the number of firms, firm birth or death rates, the unemployment rate, and GDP per

capita before 2008.

To further validate our identifying variation, we perform two additional exercises.

First, we hold the emigration networks (the shares) fixed and randomly assign the

GDP changes (the shifts). Considering that the shares drive most of the identifying

variation, the random permutation of the shifts should still allow us to identify our

results. Indeed, Appendix Figure A6 shows that our main effect (see Section 4) is

replicated under this permutation. To the contrary, when we randomized the main

identifying variation (shares) we are not able to identify any effect (Appendix Figure

A7).

As an additional exercise that can potentially increase the power of the instrument,

we split the emigrants’ destinations into smaller geographical units (consular areas)

corresponding to European regions (Eurostat NUTS-2 classification) rather than coun-

tries, whenever this information is available in our data (i.e., for Germany, Switzerland,

Belgium and the UK). The instrument constructed with this richer set of destinations—

otherwise identical to the one used so far—does not show significantly higher power

and has similar properties when subject to Goldsmith-Pinkham, Sorkin, and Swift

(2020)’s tests (reported in Appendix A.IV). A large share of the variation is driven by
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two German regions (Stuttgart/Friburg and Dortmund/Koln) and two Swiss regions

(Zurich and Lugano). Similar to what we find using Germany and Switzerland, we

obtain values that are extremely close to our main estimate and to each other when

we use only these most important regions of destination to estimate βc.

Overall, these diagnostic tests indicate a prominent role of networks in Germany

and Switzerland driving most of the variation in emigration, and therefore the IV

variation. Most importantly they confirm that there is no systematic reason to believe

those shares violate the identifying assumptions. Rather, the sufficient conditions for

identification outlined by Goldsmith-Pinkham, Sorkin, and Swift (2020) are satisfied.

3.4 First stage and compliers characterization

In Table 6, we report the first stage results where we predict the emigration rate with

the instrument, Pulll. In the regressions, we control for GDP per capita and the

unemployment rate in 2005, and we include region fixed effects in column (2) and

province fixed effects in column (3). These controls capture pre-determined economic

conditions in the LLM-of-origin. The estimates in the first row of Table 6 show that the

Pulll has a significant predictive power for actual emigration. The size of the coefficient

is stable across specifications.21 The first stage F-statistics lie between 14.9 and 29.6,

well above the standard rule of thumb value of 10, below which weak instrument

concerns would arise.22

Among the three specifications, the one including province fixed effects is the most

restrictive, as it leverages variation only within provinces (smaller than regions). The

21 In Table A9 in the Appendix, we show the corresponding first stage estimates using the 1992
emigration shares. While the estimates are similar to those of Table 6, the instrument power is slightly
lower, consistent with an older expatriate network being less relevant for emigrants in 2008-2015.

22 For transparency, in the Appendix Figure A3, we also show scatter-plot correlation of the IV and
endogenous variable after cleaning for the partial correlation with controls and province fixed effects.
The Figure shows that our first-stage variation is not driven by outlier LLMs.
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fixed effects account for unobservable characteristics generating common trends to

LLMs within the same province. In the rest of the paper, we use this more demanding

specification.

Figure 5 shows the geographic variation of the emigration rates (the endogenous

variable) in Panel (a) and of their predicted values (IV) in Panel (b). The provincial

boundaries are marked in bold. Based on historical emigration patterns, the IV predicts

more emigration from the South, while the actual emigration in the treatment period

was predominantly from Central and Northern regions, which are also richer and more

dynamic in terms of business creation. The broad North-South variation, however, is

not used in identifying our effects, as we include the fixed effects. This evidence will

help us interpret the main results on firm creation we find below.

Finally, our IV strategy delivers treatment effects that can be interpreted analo-

gously to Local Average Treatment Effects (LATE-like).23 Thus, we attempt to char-

acterize the local labor markets that comply in a LATE-like sense, i.e., local labor

markets that experienced larger emigration rates because they happened to have a

sizeable network of expatriates abroad, and that would not have experienced large

emigration rates absent such a network. To characterize these LLMs, in Figure 7 we

show the first stage coefficients and F-statistics obtained by splitting the sample along

several dimensions. The plot shows that LLMs with a younger baseline population,

a larger share of college graduates and higher firm creation rates before the onset of

the Great Recession have a relatively larger first stage coefficient (as well as higher

F-stats). This suggests that LLMs with a more dynamic, younger and more highly-

educated labor force are more likely to be the “compliers”, i.e. those locations where

emigration responds more strongly to emigration opportunities as proxied by the IV.

23As shown by Goldsmith-Pinkham, Sorkin, and Swift (2020), such interpretation is possible due to
the assumption of constant linear effects within a location over the whole support of the covariates.
Moreover, as shown in Section 3.3, the Rotemberg weights in our setting are non-negative, thus
limiting the extent of non-convex weights in our Bartik-style estimate.
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Our main IV estimates are, therefore, likely to reflect the effect of emigration on these

dynamic LLMs and to be an upper bound of the average treatment effect.

4 Main results

4.1 Effects on firm creation

Table 7 shows the main results of the paper. The coefficients reported are from 2SLS

regressions where we instrument the emigration rate with the pull factor IV. We also

include pre-shock economic controls and province fixed effects.24 The dependent vari-

ables are the change in the stock of firms in column (1), cumulative firm births in

column (2), and cumulative firm deaths in column (3), all measured over the period

2008-2015. All the outcomes are standardized by the LLM population 25-64 years old

before the emigration episode (average over 2005 to 2008) and expressed in percentage

points. The emigration rate is normalized by subtracting its mean and dividing by

its standard deviation, so that the coefficient can be interpreted as the change in the

number of firms per one hundred people (25-64 years old) in response to an increase of

the emigration rate by one standard deviation (which corresponds to about 1.7 percent

of the average LLM population 25-64 years old). Standard errors are clustered at the

province level to account for correlation of unobserved local factors.

The estimates indicate that after 2008, in areas with larger emigration flows, the

total stock of firms declined. This effect is fully driven by fewer firm births (that

is, lower firm creation) rather than higher firm deaths: on average, a one standard

deviation increase in the emigration rate is associated with a decline of about 0.43

24 In the Appendix Tables A15, A16 and A17, we show robustness of these results to the exclusion
of fixed effects or the inclusion of region- instead of province-level FEs. The underlying logic of our
instrument should hold even without fixed effects if past emigration networks are not correlated with
current economic trends. The estimates are similar to the main ones.
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firms created per one hundred persons in the LLM. As shown at the bottom of Table

7, the average pre-2008 firm creation across districts was 9.08 firms per 100 people;

hence, the loss that we attribute to one standard deviation of emigration is about 4.76

percent of the total firm creation in the pre-treatment period.25 The predominant effect

on firm creation suggests that emigration deprives the area of individuals with high

entrepreneurship propensity and that potential negative externality/spillovers may be

at work. In fact, the loss of firm creation due to emigration is 2 to 3 times larger than

what the simple subtraction of people with average propensity to be entrepreneurs

would have produced. In Section 4.2 below, we show how the selection of emigrants

on age and education, plus plausible negative externalities of emigrant entrepreneurs

on other LLM residents’ entrepreneurial success, would generate firm creation losses

consistent with our estimates.

The small and non-significant coefficient of emigration on the number of firm deaths

is also reassuring: significant correlation between emigration and firm deaths could

suggest a reverse channel of causation, as firm losses—and related job losses—due to the

recession may encourage people to emigrate. We check the robustness of these results

by controlling for lagged values of the outcomes in Appendix Table A11. Consistent

with the checks in Section 3.2 showing no significant pre-2008 trends, this specification

in Table A11, aimed at purging the dependent variable from potential correlation with

persistent pre-2008 shocks, shows coefficients which are not significantly different from

those in Table 7.

25Alternatively, a one percentage point increase in the emigration rate generates a 2.8% decrease in
the number of firms created.
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4.2 Average subtraction, selection and spillover effects

A fraction of the estimated loss in firm creation is simply a subtraction of people effect.

Namely, if emigration drained people at random (i.e., with an entrepreneurship rate

equal to the population average), fewer firms would be created. Three additional and

more interesting effects are present, however. First, emigrants are potentially more

likely to start a firm than stayers because of their distribution of age and schooling

(education and age selection). Second, emigrants differ in other less observable charac-

teristics (e.g. risk-aversion, adaptability) from non-migrants, and this may affect their

entrepreneurship– a residual selection effect. Third, other people in the LLM-of-origin

may be less inclined to start firms without the inspiration, learning potential, peer

effects, local demand—spillovers, in short—of the departed entrepreneurs.

As residual selection and spillovers are hard to identify without strong assumptions,

we first leave them in a residual term. Thus, we decompose the loss in firm births due

to emigrants as follows:

∆Firms Birth = Subtraction of People + Education&Age Selection +

+ Residual Selection and Spillover

We first translate the estimated effect from Table 7 into total firm creation lost in

the treatment period in the hypothetical average-size Italian LLM (whose 25-64 years

old population was 44,805 between 2005 and 2008) as the emigration rate increases by

one standard deviation. The estimated loss is equal to 194 fewer new firms over the

seven years from 2008 to 2015.26

The subtraction of people effect is simply obtained by multiplying the pre-2008

26This is because one standard deviation of the emigration rate which generates a 0.432 decline–the
coefficient in Table 7– of firms per 100 people, which multiplied by (44,805/100) equals 194.
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firm-creation rate (new firms as share of the working age population), which was 9.1%

(corresponding to a 1.3% annually, added over the seven years considered), by the

number of people who left the country in the average LLM (760).27 The subtraction of

people effect, due simply to subtracting people with average entrepreneurial ability, is

equal to 69 firms and accounts for about one third of the total estimated firm loss.

There are two demographic dimensions of selection—namely, age and education—

for which we observe the aggregate distribution of Italian emigrants and for which we

can assign group-specific firm-creation rates. As migrants are more concentrated among

the groups with higher firm-creation rates relative to the overall Italian population,

these calculations generate a measure of the additional firm loss due to selection along

those two dimensions. We calculate such a loss for the average emigrant composition.

Specifically, we split the population between young (25-44 years old) and old (45-64

years old), as 76% of migrants were young (versus only 51% of the population in 2008).

Given that the pre-2008 firm-creation rate among the young was 1.8% (versus 0.8%

among the old), selection on age further lowers firm creation by 14 firms.28 Similarly,

we split the population between college and non-college educated: as about 30% of

migrants have tertiary education (versus only 10% in the population as of 2008), and

the firm-creation rate of college-educated individuals was 2.7% (versus 1.2% for non-

27More precisely, the annual firm-creation rate pre-2008, rpre, is defined as the average number of
firms created in the 2005-08 period divided by the average 2005-08 25-64 years old population. The
firm-creation rate in the Italian data is consistent with comparable estimates from other countries.
For instance, based on the business applications data collected by the US Census Business Formation
Statistics (BFS) program, there are between 0.9 (using high-propensity business applications) and 1.6
(total business applications) new firms per person, 25-64 years old, from 2005 to 2008.

28The age selection term is computed as follows:

Age Selection =

correction for young︷ ︸︸ ︷
Emig25−44︸ ︷︷ ︸
−580

× (r25−44pre − rpre)︸ ︷︷ ︸
(0.018−0.013)∗7

+

correction for old︷ ︸︸ ︷
Emig45−64︸ ︷︷ ︸
−180

× (r45−64pre − rpre)︸ ︷︷ ︸
(0.008−0.013)∗7

= −14

We calculated the age-specific firm-creation rates using our Chambers of Commerce data, as we explain
in Section 4.3.
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tertiary educated), selection on education explains the loss of 19 additional firms.29,30

The age and education selection suggests that emigrants are more likely than stay-

ers to be entrepreneurs and start new firms. Likewise, they could also be selected

on characteristics that we do not observe and that are positively correlated with en-

trepreneurship.31 Existing studies show that emigrants have lower risk aversion (Jaeger

et al. 2010) and higher “adaptability” to new people and situations (Bütikofer and Peri

2021), both of which may positively affect the probability of being an entrepreneur.

Hence, there can be additional selection on pro-entrepreneurial characteristics that we

do not observe.

As the effect of unobserved selection as well as the magnitude of spillover are harder

to quantify, we first populate the decomposition shown at the beginning of the section

with the estimated firm loss on the left hand side and and with the components esti-

29The education selection is computed as follows:

Edu Selection =

correction for Low Edu︷ ︸︸ ︷
EmigLowEdu︸ ︷︷ ︸

−532

× (rLowEdupre − rpre)︸ ︷︷ ︸
(0.012−0.013)∗7

+

correction for High Edu︷ ︸︸ ︷
EmigHighEdu︸ ︷︷ ︸

−228

× (rHighEdupre − rpre)︸ ︷︷ ︸
(0.027−0.013)∗7

= −19

The education-specific firm-creation rates have been calculated based on Istat administrative data.
Istat combines several administrative data sources to perform an individual-level linkage of firms’
owners and managers from Chambers of Commerce data to their educational level, which they obtain
from Ministry of Education data as well as from the 2011 Census. While we do not have access to
these data, we use information from Istat (2014) that reports the share of new entrepreneurs with a
college degree (25.4%) in 2014 (the earliest year available). We adjust this share downward to the
2005-08 period by dividing it by the annual growth rate (about 4%) of the share of college graduates
among the Italian population, and then applying the resulting shares to the firms created in the 2005-
08 period. Reassuringly, if we perform the same procedure for entrepreneurs’ age (which we observe
in our data), we find remarkably similar estimates: the share of under-35 among new entrepreneurs
in 2014 from the Istat (2014) report is 34.4%, while in our data it is 36.2%.

30As an alternative, we calculated the age and education composition of “complier” LLMs, i.e.,
those with predicted emigration above median. As their average share of young is also 76% (equal to
the average LLM) and their share of college educated is 31% relative to the 29% of the average LLM,
this decomposition produces very similar results, with 7% of the effect due to age selection and 10%
(-19.5 firms rather than -19) due to education selection.

31The direction and magnitude of the documented selection of Italian emigrants is consistent with
those found in several other studies of emigrants. For instance, Grogger and Hanson (2011) find
positive selection on schooling, Parey et al. (2017) shows selection on pre-migration earnings, and
Patt et al. (2021) on occupational skills.
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mated so far. We show in blue the average firm loss due to Subtraction, in green the

one due to Age selection and Education selection of emigrants, and in red the firm loss

due to Residual Selection and Spillovers :

−194 = −69−14− 19−92

Expressing each component as a percentage of the total estimated firm-loss effect,

we have:

100% = 36%+7% + 10%+47%

The decomposition indicates that one third of the loss is due to pure subtraction of

people, one sixth to their selection on age and education and the residual one half to

selection on non-observable variables plus spillovers. To make progress on decomposing

this residual term, we consider estimates of human capital spillovers in the literature.

Those are measured as the elasticity of productivity (wages) of the labor force to in-

creases in the college share at the city or state level (as produced for instance in Moretti

(2004), Iranzo and Peri (2009) and Winters (2014) for the US). We then translate those

magnitudes into effects of the loss of entrepreneurs’ share of the population (due to

emigration) on firm-creation rate (as if it were productivity) of the rest of the popula-

tion, and we calculate what decline in firm-creation over 7 years such spillovers would

produce. We consider the decline in firm-creation rate from emigration, as measured

by the subtraction of people plus age-and-education selection (equal to a loss of 102

firms), and we calculate the externality as a reduction that this loss of entrepreneurship

has on the firms created by the rest of the population. Using an externality elasticity

between 0.7 and 1, which is in the low-range of those estimated by Winters (2014)

and in Moretti (2004) (Table 3), and compatible with those found in Iranzo and Peri
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(2009), we obtain a loss of 7-year firm-creation rate for the population left behind in

the range of 0.16-0.2 percent. Applied to the population in working age in the average

LLM, these figures generate a loss of 71 to 92 firms due to negative spillovers.

Specifically, this range is obtained by multiplying the percent decline in firm cre-

ation from the subtraction and selection effect (-102/4,068=-0.025) by the externality

elasticity range (0.7-1.0) and by the average firm creation rate over 7 years (7*0.013),

and finally scaling this rate for the average population aged 25-64 in a LLM (equal

to 44,805).32 Based on the strong assumptions of this exercise, the spillover effects

equal between 77 and 100% of the residual effect, and hence, 36 to 47% of the total

effect. This would leave selection on non-observed characteristics responsible for a loss

between 0 and 21 firms.

Such an accounting exercise, albeit simple, provides some guidance to thinking

about the channels of the estimated firm loss. First, the loss of firm creation would

have been one third of the observed one if emigrants were randomly selected from the

population, and there was no spillover from their departure. Second, we see that selec-

tion on age and education is substantial, explaining 17% of the effect, but leaves some

role for non observable characteristics in explaining up to 11% of the effect. Finally,

using externality/spillover elasticity estimates from the human capital literature, we

calculate that 37-47% of the total effect may be due to the spillover effect on remaining

individuals.33

32102 is the total from subtraction of people plus the education and age selection terms (-69, -14,
-19). The average baseline number of new firms, 4,068, is obtained by multiplying the baseline 2005
to 2008 firm-creation rate, 9.08, by the average population size, 44,805. Considering that the upper
bound of the spillover effects, -0.025∗1∗7∗0.013∗44,805=-102, slightly exceeds the residual unexplained
loss after factoring out subtraction and education-age selection effects, we consider -92 as the plausible
maximum spillover effect, corresponding to an externality elasticity of 0.9.

33 This is consistent with evidence that entrepreneurs whose benefits are lost in the place-of-origin
may help create agglomeration of innovation in destination areas (e.g. Kerr et al. (2017)), confirming
that their departure exerts negative spillover effects on the local economies-of-origin.
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4.3 The loss of young people and innovative start-ups

Entrepreneurship of young people is likely to introduce new and “creatively” disruptive

technologies. Hence, the loss of entrepreneurial capital due to emigration may be

particularly damaging for economic growth if it is also associated with a drain of young

innovative entrepreneurs. We extend our previous analysis and focus on the possible

impact on innovative potential by focusing on firms created by young entrepreneurs

and on firms that operate in technology-intensive sectors. We call this latter group of

firms “innovative start-ups,” as they are those more likely to embody new technologies

and ideas.34

In Table 8, we first look at the creation and destruction of firms whose owners and

executives are younger than 45. The age of owners and executives is reported in the

data from the Chambers of Commerce, and this information is used to construct a

synthetic measure that identifies a firm as “owned and managed” by young people if

the majority of owner-executives are under 45 years old. We then look at the effects of

pull-driven emigration on the number (column 1), creation (column 2), and destruction

(column 3) of this subset of firms. The results in Table 8, which mirror those of Table

7, indicate that a one standard deviation increase in emigration (as induced by our pull

instrument) reduced the number of firms created by young individuals by 0.23 firms

per 100 people, which is equivalent to a 3.6% decrease relative to baseline firm creation.

More than half of the loss in new firms generated by emigration occurs because of fewer

firms created by young individuals.

In column (4), we focus instead on the net cumulative entry of innovative start-

34 Data on start-ups come from the Registry of Innovative Start-ups, a special section of the Italian
firms registry (Infocamere 2016). Newly born firms which develop, produce or sell highly innovative
products or services can apply to this registry if they satisfy one of the following conditions: i) 1/3 of
their workforce hold a PhD or 2/3 hold a graduate degree; ii) R&D expenditures amount to at least
15% of revenues (or costs, if higher); or iii) they hold at least one patent of an innovative nature.
Firms can maintain this status up to 5 years after registration provided their revenues do not exceed
5 million euros. They cannot be spin-offs of larger established firms.
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ups in each LLM in the post-2008 period as a dependent variable.35 The estimated

coefficient is statistically significant and indicates that the larger the migrant outflows

from Italian LLMs, the less likely those LLMs are to birth innovative start-ups. While

on average there were 0.01 innovative start-ups per 100 people in the average LLM (or 1

per 10,000), a one standard deviation higher emigration rate induced a lower creation of

about 0.004 start-ups per 100 people (or 0.4 per 10,000). Emigration is associated with

a 40% decline in innovative start-up creation, a substantial and alarming decline in the

creation of innovative firms which are likely responsible for job creation and growth.

Such a large effect can be explained by the fact that young start-up entrepreneurs are

a rather small group in the population, and it is reasonable to expect that they are also

concentrated in few LLMs, where the pull factors are stronger. Considering the well

known tendency of STEM (Science, Technology, Engineering and Math) professionals

to dominate the group of highly educated migrants to countries such as the US (see

Peri, Shih, and Sparber 2015) or the UK, and considering their significant contribution

to innovation in their destination countries (see Kerr and Lincoln 2010), there could

be a corresponding decline of innovation in their countries-of-origin.

5 Labor demand effects, skill composition and wages

The evidence presented so far highlights two important facts. First, emigration pro-

duced a loss of entrepreneurship, reducing firm creation by a significant amount. Sec-

ond, this loss was larger than what the simple “subtraction” of average individuals

would imply, suggesting that emigrants were more likely to be entrepreneurs than

the average individual. A mechanical consequence of this higher propensity to be

35 The outcome is a net entry rate, as we observe only a 2015 snapshot of firms started since 2009,
and we only capture those start-ups that were able to survive over the entire period. Moreover, since
the registry starts in 2009, we are not able to test for pre-trends with this particular outcome.
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entrepreneurs is a lower propensity to be employees. Emigration is traditionally ex-

emplified as a loss of labor supply, and symmetrically immigration is modeled as an

increase in labor supply. However, if emigrants are significantly more likely to be en-

trepreneurs (relative to non-migrants), and the firms they start create additional jobs,

then emigration may actually reduce local labor demand together with labor supply.

There is significant evidence that immigrants are more likely to be entrepreneurs rel-

ative to natives, especially in the US, as summarized by Fairlie and Lofstrom (2015).

Our paper is the first, to our knowledge, to suggest that emigrants are selected among

highly entrepreneurial individuals relative to non-migrants in the country-of-origin. If

entrepreneurship (including human capital and know-how to start a firm) is a scarce

factor complementary to labor, and it is needed in production, then the loss of one

person can be thought of as a loss of a fraction of one worker and a fraction of one

entrepreneur. If emigrants are more likely to be entrepreneurs, then their loss reduces

firm creation and the demand for local workers more than it reduces the labor supply.

If this is the case, then larger emigration would be associated with lower employment

rates, weaker labor markets and lower wages. Such a crucial role of entrepreneurship as

a scarce factor, generating labor demand in a local economy, is emphasized in Beaudry,

Green, and Sand (2018). In that study, they show that an increase in local popula-

tion due to internal migration does not depress local wages, rather it increases local

entrepreneurship. In their model, a decrease in population with larger propensity to

be entrepreneurs would decrease labor demand and lower employment rates.

Table 9 shows the correlation of employment outcomes with emigration, instru-

mented with the Pulll IV. First, we test the impact on employment in column (1).

The estimate shows a negative and significant effect of emigration on employment.

The magnitude of the coefficient is 4.6% fewer employees per one standard deviation of

emigration, which corresponds to a 1.7 percent emigration rate. A back-of-the-envelope

32



calculation shows that for the average LLM, a one standard deviation increase in the

emigration rate, which corresponds to 760 emigrants, would imply a decrease of 769

employed LLM residents.36 Such an impact is much larger than what obtained by sub-

tracting the average number of employed people among the population that migrated.

Based on the employment rate in Italy in 2005 (equal to 0.57), the number of employees

lost because of additional 760 emigrants would have been only 438, rather than 769.

Therefore this implies the loss of additional jobs on top of those subtracted by a simple

loss in labor supply. Column (2) shows, consistently, that the employment-population

ratio—a measure capturing the number of jobs per capita in a local economy—declines

in response to emigration, albeit not significantly. Column (3) shows that the aver-

age firm size did not significantly change in response to emigration, again suggesting

that it was not simply a subtraction of workers from a fixed number of existing firms,

which would have implied a decline in average firm size. Finally, column (4) shows

that the overall wage bill in the LLM experienced a non-significant negative change in

response to emigration, signaling a decline in labor income in the local economy. Taken

together, these results do not suggest that the departure of emigrants was associated

with a tightening of the labor market.37 Instead, the overall picture is more consistent

with the idea that emigration reduced labor demand as much as labor supply.

Furthermore, in Table 10, we explore whether emigration has altered the relative

skill composition of employment in the economy. In particular, we analyze whether

emigration rates affected employment of specific skill groups more than others. We

distinguish in increasing order of average wage, between blue collar, white collar, and

managerial jobs (as defined by the INPS dataset). We find that, while there is a small,

insignificant negative effect on the number of blue collar workers in the labor market,

36This is simply the product of 4.6% times the baseline employment in the average LLM, 16,709.
37 We do not show the effect on average wages because it is insignificant in most specifications and

its interpretation is less clear; its effect combines a change in employment composition (as shown in
Table 10 below) together with the relative demand and supply effects.
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there is a larger, negative and significant effect on white collar workers. Emigration

is also associated with a large, negative change in managers, although imprecisely

estimated and statistically insignificant.

These findings are consistent both with the selection of emigrants among the high-

skilled and with the notion that the loss of new firms depressed demand for skilled

labor more than that for unskilled labor. Overall, a local economy that lost emigrants

experienced lower firm creation, fewer innovative start-ups, a (non-significant) decline

in employment-population ratio and a decline in skilled employment. Taken together,

these effects appear consistent with a loss in local entrepreneurship generating a drop

in labor demand together with a decline in labor supply.

6 Robustness checks: other forms of mobility and

trade

Emigration abroad is only one of the potential flows of individuals to and from a local

area. Local economies also experienced internal migration flows of Italian citizens who

moved within the country, as well as inflows of foreign immigrants. Those flows may

be correlated with local economic conditions and, hence, with the flows of Italians

moving abroad. Moreover, they can partially compensate for the impact of emigration

on firm creation. If the IV is not entirely uncorrelated with other migration flows into

or out of the local area, their presence may generate spurious results. To address the

potential confounding effect of other migration flows, we perform several robustness

checks. First, in column (1) of Table 11, we augment the basic specification by adding,

as a control, the immigration rate of foreigners to each LLM. The estimated effect of

the emigration rate is negative and significant, but slightly attenuated relative to our

main specification. This is not surprising, as immigrants to Italy are from countries in
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Eastern Europe and North Africa (while emigrants go to Germany and Switzerland)

and settle in locations hardly correlated with those with large emigration networks.38

As a second robustness check of our results, we exclude those areas which are more

likely to be strongly affected by international commuting and trade, which are also

potentially correlated with emigration. The map in Figure 5 (a) shows that migration

outflows are more intense in border regions, which are also strongly connected with

foreign countries in terms of commuting patterns and local trade. Trade relations and

migration flows may be correlated (Rauch 1999; Rauch 2001), and both are correlated

with past economic conditions, so we exclude the Italian LLMs touching a border with

other countries, for which this correlation may be stronger. The results of this exercise

are presented in column (2) of Table 11. The point estimate of the effect on firm

creation barely changes, offering reassurance that our main conclusions are not biased

by the presence of international commuting or trade. A more direct way of controlling

for potential trade flows is presented in column (3), where we control for the share

of firms in the tradable sector as of 2005. Including this control is associated with a

slightly larger coefficient on the emigration rate, suggesting that the effects are not due

to a spurious correlation with trade.39

7 Conclusions

In this paper, we provide empirical evidence on an important question about which we

know little: does emigration affect firm creation in the country-of-origin? We shed light

on this question by taking advantage of a sudden and large emigration wave from Italy,

that occurred between 2008 and 2015, and by using an instrumental variable strategy to

38We formally confirm this finding in Table A7 of Appendix A.V, where we show a placebo first
stage regression of the Pull IV on immigration flows.

39In Table A8 in Appendix A.V, we perform additional checks to further prove that the effects we
find are not driven by trade linkages correlated with emigration networks.
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isolate pull factors that are uncorrelated with local economic conditions. We combine

data on emigration at the local labor market level with data on firm creation and start-

ups to assess the impact of the former on the latter. We show that the IV-induced

variation in emigration rates across local economies is independent of pre-2008 local

trends in firm creation and economic outcomes. This is consistent with the validity of

the exclusion restriction and with causal interpretations of our IV estimates.

Our results indicate that Italian local labor markets that lost more people due to

emigration also experienced less firm creation. Moreover, we observe fewer births of

innovative start-ups in those areas, as well as a decrease in employment and in the

share of skilled workers workers. We find that a one standard deviation increase in the

emigration rate over the considered period generated a loss of around 190 new firms in

the average LLM. Put differently, a 1.7 percent increase in the local emigration rate

decreased the local rate of firm-creation by about 4.8 percent of the average over the

period. We then show that this effect is consistent with a decomposition into four parts.

The first is a simple subtraction of people with average population characteristics, and

accounts for about 36% of the total. The second component is associated with the

selection of emigrants of younger age and higher education than the average—those

who are more inclined to be entrepreneurs—and accounts for about 17% of the total

effect. The third component captures entrepreneurship spillovers, which based on the

magnitude of productivity spillovers estimated in the literature, can be as large as

36-47%. Finally, a residual component (0-11%) is the potential effect of the selection

of emigrants on unobservable characteristics such as lower risk aversion and greater

“adaptability” – characteristics that are also associated with entrepreneurship.

The findings in this paper have two main implications. First, international migra-

tion implies much more than “labor supply” changes once one considers the impact

on firm-creation and consequently on job-creation. Migrants’ roles as job-creators can
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be larger than their roles as employees; thus, traditional models that focus only on

changes in labor supply may be missing a crucial part of the story. Second, our results

suggest that emigrants are a highly-selected group with high entrepreneurial abilities,

and that their loss can generate a significant shortage of the “entrepreneurship factor”

crucial for job creation. This is in line with recent research showing that migrants have

a higher propensity to take risks (Jaeger et al. 2010) and greater intensity of traits

such as “adaptability to new circumstances” (Bütikofer and Peri 2021). This positive

selection of migrants on non-cognitive traits may be very important for understanding

their economic impacts and potential as workers, entrepreneurs and professionals in

the receiving countries, and we hope to stimulate more research in this area.

37



References

Acemoglu, Daron, Ufuk Akcigit, and Murat Alp Celik. 2017. “Young, Restless and

Creative: Openness to Disruption and Creative Innovations.” NBER Working

Paper 19894 (updated).

Adão, Rodrigo, Michal Kolesár, and Eduardo Morales. 2019. “Shift-share designs:

Theory and inference.” The Quarterly Journal of Economics 134 (4): 1949–2010.

AIRE. 2015. “Registry of Italians resident abroad (AIRE).” Italian Ministry of

Interior [publisher].

Anelli, Massimo, and Giovanni Peri. 2017. “Does Emigration Delay Political Change?

Evidence from Italy during the Great Recession.” Economic Policy 32 (91): 551–

596.

Azoulay, Pierre, Benjamin F. Jones, J. Daniel Kim, and Javier Miranda. 2020. “Age

and High-Growth Entrepreneurship.” American Economic Review: Insights 2 (1):

65–82.

. 2021. “Immigration and Entrepreneurship in the United States.” Forthcom-

ing, American Economic Review: Insights.

Barker, Vincent L., and George C. Mueller. 2002. “CEO Characteristics and Firm

R&D Spending.” Management Science 48 (6): 782–801.

Beaudry, Paul, David A. Green, and Ben M. Sand. 2018. “In Search of Labor

Demand.” American Economic Review 108 (9): 2714–2757.

BFS. 2018. “International Migrations of the Permanent Resident Population by Cit-

izenship, Sex, and Age, 1991-2016.” Switzerland Federal Statistical Office (BFS)

[publisher] (accessed July 2, 2018).

38



Borusyak, Kirill, Peter Hull, and Xavier Jaravel. 2021. “Quasi-Experimental Shift-

Share Research Designs.” Forthcoming, The Review of Economic Studies.

Burchardi, Konrad B, Thomas Chaney, Tarek Alexander Hassan, Lisa Tarquinio, and

Stephen J Terry. 2020. “Immigration, Innovation, and Growth.” NBER Working

Paper 27075.
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Figures

Figure 1: Emigration flows of Italians 25-64 years old
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Notes: Annual outflows of Italian citizens 25-64 years old. Source: AIRE-Istat.

Figure 2: Emigration rates by age and education
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(a) Annual emigration rates, by age

0
.0

01
.0

02
.0

03
.0

04
.0

05
.0

06
An

nu
al

 e
m

ig
ra

tio
n 

ra
te

s 
by

 e
du

ca
tio

n

20
02

20
03

20
04

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

College or more High school or less

(b) Annual emigration rates, by education

Notes: Annual outflows of Italians 25-64 years old. In Figure (a), emigration rates are as a fraction of
the Italian resident population in 2002 by age group. In Figure (b), emigration rates are as a fraction
of the Italian resident population by education group, as of the 2001 Census. Source: AIRE-Istat.
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Figure 3: Recorded Emigration and Registered Inflows of Italians to the UK
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Notes: In Figure (a), the black solid line shows the annual outflows of Italians to the United Kingdom
recorded in the AIRE-Istat data, while the grey dashed line shows the corresponding annual inflows of
Italians to the UK according to the UK Social Security Registry data. Figure (b) shows the percentage
changes in the annual flows from the two data sources.

Figure 4: Recorded Emigration and Registered Inflows of Italians to Switzerland
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Notes: In Figure (a), the black solid line shows the annual outflows of Italians to Switzerland recorded
in the AIRE-Istat data, while the grey dashed line shows the corresponding annual inflows of Italians
to Switzerland according to the Swiss Bundesamt für Statistik (BFS) data. Figure (b) shows the
percentage changes in the annual flows from the two data sources.
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Figure 5: Actual and Predicted Emigration from Italian LLMs

(a) Emigration (b) Predicted Emigration

Notes: Figure (a) plots the cumulative emigration rate between 2008-2015 in percentage points, i.e.
the number of Italian citizens 25-64 years old migrating abroad between 2008-2015 as a fraction of the
25-64 years old population in the origin LLM (average 2005-2008), multiplied by 100 and normalized
to have mean zero and unit variance. Figure (b) plots the predicted emigration rate based on the
shares of pre-2000 emigrants to different countries relative to the LLM population in 2000 interacted
with GDP growth of each country between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc, normalized to have

mean zero and unit variance. The black solid lines show province boundaries.
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Figure 6: Firm stock in predicted high and low emigration LLMs, 2005-2015
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Notes: The graph plots the stock of firms per person (25-64 years old) in LLMs predicted to have low
and high emigration. The two series are normalized by their levels in 2005 (0.19 and 0.18 for low and
high predicted emigration LLMs respectively).
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Figure 7: Characterizing Complier LLMs in the IV
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the 686 LLMs. In panel “Age” we split LLMs based on whether the average age of LLM population
in 2005 is below/above median. In panel “Education” we split LLMs based on whether the LLM
population share of college graduates is below/above median as of the 2001 Census. In panel “Firm
dynamics 05-08” we split LLMs along three different dimensions of baseline firm dynamism: first, by
whether the change in stock of firms between 2005-2008 is below/above the national median; second,
by whether the cumulated firm-creation between 2005-2008 is below/above median; third, by whether
the cumulated firm exit between 2005-2008 is below/above median. Confidence intervals are at the
5-percent level.
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Tables

Table 1: Emigration by country-of-destination, top 5 countries: 2000 stock, 2008-2015
flows and 2008-2015 GDP performance

Panel A
Top countries in 2000 Stock of Emigrants GDP 2015/2008

Germany 286,570 1.07
Switzerland 228,725 1.01
France 165,244 1.01
Belgium 117,935 1.00
Argentina 99,506 1.04

Panel B
Top Countries in 2008− 15 Flows % of 25− 44− y.o.

Germany 70,104 48.6
U.K. 66,094 61.2
Switzerland 53,567 52.3
France 45,046 46.8
United States 27,563 54.9

Notes: Panel A reports the top 5 countries in terms of size of the emigration network as of 2000 as
measured in the AIRE data, and the GDP per capita growth between 2008-2015 based on World Bank
data (out of a total of 184 countries considered). For reference, GDP per capita growth was 1.02 and
1.06 in UK and US respectively and 0.9 in Italy. Panel B reports the cumulative emigration flows to
the top 5 destination countries in the period 2008-2015 and the share of 25-44 years old as measured in
the Istat data. Stocks, flows, and the denominator of the share of young individuals include emigrants
of all age groups.
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Table 2: OLS regressions of LLM firms dynamics on observed emigration rates

(1) (2) (3)
All Firms All Firms All Firms
∆ Stock

∑
Births

∑
Deaths

VARIABLES 2008-15 2008-15 2008-15

Emig Rate 0.037 -0.022 -0.059
(0.047) (0.077) (0.076)

Unemp Rate 2005 6.125 0.020 -6.105
(3.960) (3.911) (4.680)

GDP PC 2005 7.302 4.089 -3.213
(4.481) (0.682) (4.406)

Observations 686 686 686
R-squared 0.185 0.567 0.241
Avg. Baseline Outcome 0.790 9.078 8.288
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Province FE X X X

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in firm stock (1), cumulative firm entry (2) and exit (3) between 2008-2015
as a fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent
variable is the cumulative emigration rate between 2008 and 2015, i.e. the number of Italian citizens
aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in
the origin LLM (average 2005-2008), and normalized to have mean zero and unit variance. Controls
include unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM level as
well as 110 province FEs. The average baseline outcomes are the change in firm stock, cumulative
firm entry and exit in the pre-period (2005-2008) as a fraction of population 25-64 years old in the
LLM (average 2005-2008) times 100, annualized (i.e., divided by 3 years) and multiplied by 7 years.
Standard errors are clustered at the province level (110 clusters).
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Table 3: Instrument validity: effect of the instrument on pre-shock (2005-08) change
in stock, cumulative entry and exit of firms

(1) (2) (3)
All Firms All Firms All Firms
∆ Stock

∑
Births

∑
Deaths

VARIABLES 2005-08 2005-08 2005-08

Pull IV -0.046 -0.008 0.038
(0.056) (0.054) (0.046)

Observations 686 686 686
R-squared 0.161 0.627 0.181
Avg. Outcome 0.339 3.891 3.552
Mean Pull IV 0.046 0.046 0.046
S.d. Pull IV 0.049 0.049 0.049
Controls X X X
Province FE X X X

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in firm stock (1), cumulative firm entry (2) and exit (3) between 2005-2008 as a
fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent variable is
the predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc, and normalized to have mean zero and unit variance. Controls include

unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM level as well as
110 province FEs. Standard errors are clustered at the province level (110 clusters).
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Table 4: Pull IV diagnostics

Panel A: Negative and positive weights
Sum Mean Share

α̂c ≤ 0 -0.007 0 0.007
α̂c > 0 1.007 0.009 0.993

Panel B: Correlations

α̂c Gc β̂c F̂c V ar(NTWKc)
α̂c 1.0000
Gc -0.0476 1.0000

β̂c 0.0043 0.0694 1.0000

F̂c 0.0140 0.0299 0.0036 1.0000
V ar(NTWKc) 0.8430 -0.0919 0.0034 0.0046 1.0000

Panel C: Top 5 destination countries

α̂c Gc β̂c F̂c 95% C.I.
Germany 0.452 1.075 -0.388 12.98 (-2.10, -0.20)
Switzerland 0.277 1.01 -0.202 16.44 (-0.40, 0.00)
France 0.075 1.007 -0.364 3.56 (-∞, 1.10)
Australia 0.039 1.064 -0.197 0.60 (-∞, ∞)
Belgium 0.029 1.005 -0.081 0.84 (-∞, ∞)

Panel D: OLS and IV estimates
(1) (2) (3) (4) (5) (6) (7)

Share Share Shares Shares All Pull
OLS DE CH DE & CH Top 5 shares IV

β̂ 0.037 -0.388 -0.202 -0.311 -0.311 -0.704 -0.414
(0.047) (0.231) (0.111) (0.139) (0.142) (0.476) (0.155)

F̂ 12.976 16.442 16.448 6.868 411.213 14.851
Over ID 0.383 0.924 0.455

Notes: The table reports the Pull IV diagnostics as suggested by Goldsmith-Pinkham, Sorkin, and
Swift (2020). Panel A reports the sum, the mean and the share of negative and positive Rotem-
berg weights α̂c. Panel B reports correlations between the weights (α̂c), the 2008-2015 destination

country GDP growth (Gc), the just-identified coefficients (β̂c), the first stage F-statistics for the just-
identified instruments (F̂c) and the variance in the emigrant networks across destination countries
(V ar(NTWKc)). Panel C reports the top five destination countries according to the Rotemberg
weights. The 95% CI are the weak instrument robust confidence intervals obtained with the Cher-
nozhukov and Hansen (2008) method with a range from -10 to 10 ((−∞,∞) indicates that the CI is

undefined). The coefficients β̂c are based on the regression of Table 7, column (1), where the out-
come is the change 2008-2015 in the stock of firms per capita, and control variables include LLM
value added per capita and unemployment rate in 2005 as well as 110 province FEs. We computed
the Rotemberg decomposition using Goldsmith-Pinkham, Sorkin, and Swift (2020)’s Stata package.
Panel D shows our main coefficient of interest estimated using different IVs: 2SLS estimates using
the share to Germany (“Sh DE”) and to Switzerland (“Sh CH”) as instruments, both separately and
jointly (“Sh DE & CH”), as well as LIML estimates using the top-5 shares of Panel C jointly (“Top
5”) and all shares jointly (“All shares”). We report the first stage F-statistic and the p-value of the
Sargan over-identification statistic when appropriate. The “OLS” and “Pull IV” columns show the
coefficients of Tables 2 and 7, column (1), for comparison.
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Table 5: Relationship between destination countries’ emigration networks and pre-
period LLM characteristics

(1) (2) (3) (4) (5)
Share to Share to Share to Share to Share to

VARIABLES Germany Switzerland France Australia Belgium

∆ Stock -0.002 -0.005 0.002 -0.001 0.002
(0.006) (0.005) (0.002) (0.002) (0.004)∑

Births 0.169 -0.094 -0.085 0.004 0.002
(0.160) (0.078) (0.084) (0.060) (0.093)∑

Deaths 0.005 -0.001 -0.010 0.003 -0.002
(0.007) (0.005) (0.008) (0.005) (0.006)

Unemp Rate 2005 0.059 -0.053 -0.006 -0.053 0.004
(0.078) (0.046) (0.028) (0.037) (0.046)

GDP PC 2005 -0.014 -0.017 -0.012 -0.003 -0.005
(0.010) (0.012) (0.009) (0.002) (0.004)

Observations 683 683 683 628 660
Avg. Outcome 0.010 0.008 0.006 0.002 0.004
Controls X X X X X
Province FE X X X X X

Notes: OLS estimates, each coefficient is from a separate regression. The sample is composed of 686
local labor markets (LLMs). The dependent variable is the share of pre-2000 emigrants to each of
the 5 top destination countries described in each column, relative to the LLM population in 2000.
The independent variables are the main LLMs observable characteristics, namely the change in stock,
cumulative entry and exit of firms between 2005-2008, unemployment rate and value added per capita
in 100,000 euros in 2005. All regressions include 110 province FEs. Standard errors are clustered at
the province level (110 clusters).
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Table 6: First stage regressions

(1) (2) (3)
VARIABLES Emig Rate Emig Rate Emig Rate

Pull IV 0.430 0.442 0.435
(0.081) (0.081) (0.113)

Unemp Rate 2005 -3.831 0.936 3.912
(1.720) (2.258) (3.336)

GDP PC 2005 1.020 1.183 1.338
(0.271) (0.199) (0.368)

Observations 686 686 686
R-squared 0.138 0.245 0.400
F-excl. instrument 28.311 29.564 14.851
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Mean Pull IV 0.046 0.046 0.046
S.d. Pull IV 0.049 0.049 0.049
FE - Region Province

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the cumulative emigration rate between 2008 and 2015, i.e. the number of Italian citizens
aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in
the origin LLM (average 2005-2008), and normalized to have mean zero and unit variance. The
independent variable is the predicted emigration rate based on the shares of pre-2000 emigrants to
different countries relative to the LLM population in 2000 interacted with GDP growth of each country
between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc, and normalized to have mean zero and unit variance.

Controls include unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM
level. Column (1) includes no fixed effects while columns (2) and (3) include region (20) and province
(110) FEs respectively. Standard errors are clustered at the province level (110 clusters).
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Table 7: Effect of emigration rates on change in stock, cumulative entry and exit of
firms

(1) (2) (3)
All Firms All Firms All Firms
∆ Stock

∑
Births

∑
Deaths

VARIABLES 2008-15 2008-15 2008-15

Emig Rate -0.414 -0.432 -0.018
(0.155) (0.196) (0.189)

Observations 686 686 686
R-squared 0.175 0.527 0.241
F-excl. instr. 14.851 14.851 14.851
Avg. Baseline Outcome 0.790 9.078 8.288
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Controls X X X
Province FE X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in firm stock (1), cumulative firm entry (2) and exit (3) between 2008-2015
as a fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent
variable is the cumulative emigration rate between 2008-2015, i.e. the number of Italian citizens aged
25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in the origin
LLM (average 2005-2008), and normalized to have mean zero and unit variance. The instrument is
the predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. The average baseline outcomes
are the change in firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction
of population 25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by
3 years) and multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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Table 8: Effect of emigration rates on young-owned firms and innovative start-ups

(1) (2) (3) (4)
Young Firms Young Firms Young Firms Start-Ups

∆ Stock
∑

Births
∑

Deaths
∑

Births
VARIABLES 2008-15 2008-15 2008-15 2008-15

Emig Rate -0.242 -0.234 0.008 -0.004
(0.114) (0.133) (0.161) (0.001)

Observations 686 686 686 686
R-squared 0.342 0.476 0.471 0.326
F-excl. instr. 14.851 14.851 14.851 14.851
Avg. Baseline Outcome -0.316 6.493 6.809 0.010
Mean Emig Rate 2.648 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696 1.696
Controls X X X X
Province FE X X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in stock (1), cumulative entry (2) and exit (3) of firms owned and managed by
under 45 (“Young firms”) between 2008-2015 as a fraction of LLM population 25-64 years old (average
2005-2008) times 100. In column (4), the dependent variable is the number of innovative start-ups
created between 2008-2015 as a fraction of LLM population 25-64 years old (average 2005-2008) and
multiplied by 100. The independent variable is the cumulative emigration rate between 2008-2015,
i.e. the number of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the
25-64 years old population in the origin LLM (average 2005-2008), and normalized to have mean zero
and unit variance. The instrument is the predicted emigration rate based on the shares of pre-2000
emigrants to different countries relative to the LLM population in 2000 interacted with GDP growth
of each country between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc. Controls include unemployment rate

and value added per capita in 100,000 euros in 2005 at the LLM level as well as 110 province FEs.
The average baseline outcomes are the change in firm stock, cumulative firm entry and exit of firms
owned and managed by under 45 in the pre-period (2005-2008) as a fraction of population 25-64 years
old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by 3 years) and multiplied
by 7 years, while in column (4) is the average outcome in the 2008-2015 period. Standard errors are
clustered at the province level (110 clusters).
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Table 9: Effect of emigration rates on change in LLM employment

(1) (2) (3) (4)
∆ Employees ∆ Emp/Pop ∆ Avg. Size ∆ Wage Bill

VARIABLES 2008-15 2008-15 2008-15 2008-15

Emig Rate -0.046 -0.024 -0.015 -0.019
(0.020) (0.020) (0.025) (0.022)

Observations 686 686 686 686
R-squared 0.194 0.212 0.241 0.264
F-excl. instr. 14.851 14.851 14.851 14.851
Avg. Outcome 2005 16709.0 0.3 5.5 348.6
Mean Emig Rate 2.648 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696 1.696
Controls X X X X
Province FE X X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in LLM employment (1), employment to population ratio (2), average firm
size (3) and total wage bill in 100,000 euros (4) between 2008-2015, as a fraction of each outcome in
2005. The independent variable is the cumulative emigration rate between 2008-2015, i.e. the number
of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years
old population in the origin LLM (average 2005-2008), and normalized to have mean zero and unit
variance. The instrument is the predicted emigration rate based on the shares of pre-2000 emigrants
to different countries relative to the LLM population in 2000 interacted with GDP growth of each
country between 2008-2015, Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and

value added per capita in 100,000 euros in 2005 at the LLM level as well as 110 province FEs. Standard
errors are clustered at the province level (110 clusters).

58



Table 10: Effect of emigration rates on change in LLM skills

(1) (2) (3)
∆ Blue Coll ∆ White Coll ∆ Managers

VARIABLES 2008-15 2008-15 2008-15

Emig Rate -0.018 -0.058 -1.090
(0.027) (0.028) (1.043)

Observations 686 686 584
R-squared 0.199 0.232 0.188
F-excl. instr. 14.851 14.851 6.432
Avg. Outcome 2005 8950.1 6737.4 191.7
Mean Emig Rate 2.648 2.648 2.544
S.d. Emig Rate 1.696 1.696 1.369
Controls X X X
Province FE X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The depen-
dent variable is the change in LLM employment of blue collar workers (1), white collars (2) and
managers (3) between 2008-2015, as a fraction of each outcome in 2005. The independent variable
is the cumulative emigration rate between 2008-2015, i.e. the number of Italian citizens aged 25-64
migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in the origin LLM
(average 2005-2008), and normalized to have mean zero and unit variance. The instrument is the
predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. Standard errors are clustered at
the province level (110 clusters).
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Table 11: Robustness checks

(1) (2) (3)
Controlling Excluding Controlling

for Immigration border provinces for tradable share
VARIABLES

∑
Births

∑
Births

∑
Births

Emig Rate -0.388 -0.367 -0.493
(0.178) (0.195) (0.221)

Immig Rate 05-08 0.879
(0.106)

Tradable sh. 2005 -4.092
(2.732)

Observations 686 590 686
R-squared 0.614 0.508 0.517
F-excl. instr. 15.550 13.039 13.692
Avg. Baseline Outcome 9.078 9.166 9.078
Mean Emig Rate 2.648 2.457 2.648
S.d. Emig Rate 1.696 1.554 1.696
Controls X X X
FE Province Province Province

Notes: 2SLS estimates. In columns (1) and (3), the sample is composed of 686 local labor markets
(LLMs), while in column (2) the sample is composed of 590 LLMs, excluding those in the provinces
sharing a border with foreign countries. The dependent variable is the cumulative firm entry between
2008-2015 as a fraction of LLM population 25-64 years old (average 2005-2008) and multiplied by
100. The independent variable is the cumulative emigration rate between 2008-2015, i.e. the number
of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years
old population in the origin LLM (average 2005-2008), and normalized to have mean zero and unit
variance. The instrument is the predicted emigration rate based on the shares of pre-2000 emigrants
to different countries relative to the LLM population in 2000 interacted with GDP growth of each
country between 2008-2015, Pulll =

∑
cNTWKl,c∗Gc. In column (1), we also include the cumulative

immigration rate between 2005-2008 as a percentage of LLM population 25-64 years old (average 2005-
2008). In column (3) we also control for the share of LLM firms in tradable sectors in 2005. We further
control for unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM level
as well as 110 province FEs. Standard errors are clustered at the province level (110 clusters).
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A Appendix for Online Publication

A.I Additional figures

In this section we present the additional figures discussed in the main text. Figure A1

shows that the outflows of Italians towards the US are underestimated if we compare

Italian administrative and US Census Bureau American Community Survey (ACS)

data (Ruggles et al. 2019). The year-to-year changes in the two datasets follow closely

each other up to the most recent years (likely due to the inability of the ACS survey

to capture recent immigration from Italy).

Figure A2 shows the pre-trends and the post-emigration wave change in the stock

of firms in a reduced-form event-study graph. The estimates suggest that the largest

decline in the number of firms occurs in the years after 2011, consistent with what we

observe from the raw data in Figure 6.

Finally, Figure A3 shows how the correlation between the IV and the emigration

rate, once we partial out the control variables (unemployment rate and value added

per capita) and the 110 province FEs, is not driven by the presence of outliers.

61



Figure A1: Recorded Emigration and Inflows of Italians to the US
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(a) Annual emigration of Italians to US
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(b) % changes in annual flows of Italians to US

Notes: In Figure (a), the black solid line shows the annual outflows of Italians to the United States
recorded in the AIRE-Istat data, while the grey dashed line shows the corresponding annual inflows
of Italians to the US according to the American Community Survey (ACS) data. Figure (b) shows
the percentage changes in the annual flows from the two data sources.
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Figure A2: Event study: effect of the instrument interacted with years fixed effects on
stock of firms, 2005-2015
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Notes: The graph plots the coefficients γτ of the interaction between the instrument and year fixed
effects from the regression: yl,t = α+βPulll+

∑
τ 6=2008 γτPulll∗I(τ = t)+ξXl,2005+φp+λt+ψp,t+εl,t,

where the outcome yl,t is the stock of firms in LLM l in year t as a fraction of LLM population 25-64
years old (average 2005-2008), Pulll is the predicted emigration rate based on the shares of pre-2000
emigrants to different countries relative to the LLM population in 2000 interacted with GDP growth
of each country between 2008-2015, Xl,2005 include unemployment rate and value added per capita
in 100,000 euros in 2005, φp are province fixed effects, λt are year FEs and ψp,t are province-by-year
FEs. Standard errors are clustered at the province-by-year level and bars show confidence intervals
at the 5-percent level.
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Figure A3: First stage scatter plot correlation
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Notes: The scatter plot shows the correlation between the Pull IV and the Emigration Rate after
partialling out the control variables (unemployment rate and value added per capita) as well as the
110 province FEs. Both variables are normalized to have mean zero and unit variance.
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A.II Accounting for under-registration in AIRE-Istat emigra-

tion data

In this section we validate the 2.6 adjustment factor used in the empirical analysis.

To circumvent the issue that not all Italian emigrants report their change of residence

by registering in the AIRE, we compare yearly outflows of Italians recorded by Istat-

AIRE to the yearly inflows of Italians to three among the top-5 destination countries

of Italian emigrants, namely the UK, Switzerland and the United States. For the

UK, we obtained administrative data from the UK Social Security Registry based

on “National Insurance number allocations to adult overseas nationals entering the

UK” (NINo 2018), which include all individuals applying to work in the UK or to

claim any benefit or tax credit. For Switzerland, we use Federal Statistical Office (BFS

2018) administrative data based on the migration registry (PETRA-STATPOP), which

include only permanent residents (“ständige Wohnbevölkerung”). For the US, we use

weighted survey data from the American Community Survey (ACS) (Ruggles et al.

2019), using information on the year of arrival and country of birth.

Table A1 compares the emigration flows registered in the Italian AIRE-Istat data

to the immigration flows registered by each foreign source respectively. The variable

Factor shows the ratio between the immigration and emigration flow in each year. The

data shows that emigration flows are systematically under-reported in the AIRE-Istat

data, in almost every year and for all the three countries considered. In the last two

columns, we construct a weighted average of the correction factors (weighted by the

emigration flows). If we include the US (penultimate column), the average correction

factor for the period 2009-15 is about 3.48. However, as the ACS data are survey-based

and thus less reliable than the administrative sources from UK and Switzerland, in the

last column we only consider the two latter countries, for which the average correction
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factor ranges between 2.62 and 3.23 over the period 2009-15 and is 2.87 on average.

Based on these results, we use the minimum value of the average correction factor,

2.6, to adjust upwards the emigration flows between 2009-15 throughout our empirical

analysis.

Table A1: Correction factor based on destination country data

United Kingdom Swizterland United States Emig-weighted Emig-weighted
Year Emig Immig Factor Emig Immig Factor Emig Immig Factor Avg Factor Avg Factor - No US

2002 2400 7717 3.22 4587 5961 1.30 1846 20439 11.07 3.86 1.96
2003 2740 8122 2.96 6021 5820 0.97 2216 25435 11.48 3.59 1.59
2004 3097 8180 2.64 5068 5859 1.16 2272 27282 12.01 3.96 1.72
2005 4003 10361 2.59 4911 5622 1.14 2382 31892 13.39 4.24 1.79
2006 4561 11048 2.42 5271 5689 1.08 2694 29865 11.09 3.72 1.70
2007 5033 15735 3.13 3647 8540 2.34 1979 23746 12.00 4.51 2.80
2008 5474 16460 3.01 4165 10025 2.41 2029 26887 13.25 4.57 2.75
2009 4981 16876 3.39 4097 8668 2.12 1835 20749 11.31 4.24 2.81
2010 5167 18461 3.57 4522 10226 2.26 1918 21532 11.23 4.33 2.96
2011 5317 24882 4.68 5669 10651 1.88 2736 22200 8.11 4.21 3.23
2012 7293 26599 3.65 8238 14098 1.71 3427 15668 4.57 2.97 2.62
2013 12756 44120 3.46 9663 17662 1.83 3766 14870 3.95 2.93 2.76
2014 13332 51210 3.84 10151 19006 1.87 3910 12055 3.08 3.00 2.99
2015 17248 58653 3.40 11227 18894 1.68 3871 9306 2.40 2.69 2.72

Average 2009-15 3.48 2.87
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A.III Instrument validity: Additional checks

In this Section we report four figures that corroborate our identification strategy and

inference. First, as reported in the main text, we cluster the standard errors at the

province level: independence across labour markets is needed under an identifying

assumption based on the exogeneity of the emigration networks and our identification

is effectively within provinces (Adão, Kolesár, and Morales 2019; Goldsmith-Pinkham,

Sorkin, and Swift 2020). To validate this choice, we follow similar exercises proposed

by Adão, Kolesár, and Morales (2019) and implemented in Fouka, Mazumder, and

Tabellini (2020), and perform two placebo exercises. We replace the shifters and the

shares, respectively, with random numbers extracted from N(0, 5). The two exercises

confirm that the clustered standard errors are valid and, if anything, too conservative:

in the case of shifters, only 0.4 percent wrongly reject the null hypothesis of β = 0 at

the 10 percent level (Figure A4); in the case of shares randomization, none of the 500

replications is significantly different from zero (Figure A5).

Then, we perform two additional exercises to validate the identification strategy.

Differently from assigning a random shift as above, which effectively does not allow to

identify any effect, here we first hold the emigration networks (the shares) fixed and we

permute the GDP changes (the shifts); then, we do the opposite (hold the shares fixed

and permute the shifters).40 Considering that the country-of-emigration shares drive

most of the identifying variation (Table 4), the random permutation of the shifts still

allow us to identify our results (Figure A6). To the contrary, randomly permuting the

shares while keeping the right shifts does not allow to identify any effect, consistent

with our identifying assumption (Figure A7).

Finally, Tables A2, A3 and A4 show the pre-trends as discussed in Section 3.2 of

40 In practice, we randomly reshuffle the observed shifts 500 different times, run our main specifica-
tion, retrieve and plot the estimate of the emigration effect and its confidence interval (for visualization
clarity, the graph reports only the first 100 replications).
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the main text.

Figure A4: Randomization of the Shifter components
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Notes: The graph reports the emigration effect estimates obtained in 100 different random draws of
the GDP shifters using our baseline specification (the exercise is based on 500 replications, but for
visualization clarity only 100 are reported in the graph). The estimated coefficients are significant 0.4
percent of the times at 10 percent level, and never significant at 5 percent level.
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Figure A5: Randomization of the Share Components
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Notes: The graph reports the emigration effect estimates obtained in 100 different random draws of the
emigration network shares using our baseline specification (the exercise is based on 500 replications,
but for visualization clarity only 100 are reported in the graph). The estimated coefficients are never
significant at 10 percent level.
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Figure A6: Permutation of the Shifter components

-.8

-.6

-.4

-.2

0

0 20 40 60 80 100
Replications

Notes: The graph reports the emigration effect estimates obtained in 100 different random permuta-
tions of the GDP shifters using our baseline specification (the exercise is based on 500 replications,
but for visualization clarity only 100 are reported in the graph). The average estimated coefficient is
-0.43 and the estimated coefficients from all replications are significant at 5 percent level.
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Figure A7: Permutation of the share components
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Notes: The graph reports the emigration effect estimates obtained in 100 different random permuta-
tions of the emigration network shares using our baseline specification (the exercise is based on 500
replications, but for visualization clarity only 100 are reported in the graph). The average estimated
coefficient is -0.989 and the estimated coefficients are significant 0.2% of the times at 5 percent level,
and never at the 1 percent level.
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Table A2: Instrument validity: effect of the instrument on pre-shock change in stock
and flows of Young-owned firms (2005-08)

(1) (2) (3)
Young Firms Young Firms Young Firms

∆ Stock
∑

Births
∑

Deaths
VARIABLES 2005-08 2005-08 2005-08

Pull IV 0.015 -0.002 -0.017
(0.049) (0.048) (0.028)

Observations 686 686 686
R-squared 0.222 0.530 0.340
Avg. Outcome -0.135 2.783 2.918
Mean Pull IV 0.046 0.046 0.046
S.d. Pull IV 0.049 0.049 0.049
Controls X X X
Province FE X X X

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in stock (1), cumulative entry (2) and exit (3) of firms owned and managed by
under 45 (“Young firms”) between 2005-2008 as a fraction of LLM population 25-64 years old (average
2005-2008) times 100. The independent variable is the predicted emigration rate based on the shares
of pre-2000 emigrants to different countries relative to the LLM population in 2000 interacted with
GDP growth of each country between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc, and normalized to have

mean zero and unit variance. Controls include unemployment rate and value added per capita in
100,000 euros in 2005 at the LLM level as well as 110 province FEs. Standard errors are clustered at
the province level (110 clusters).
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Table A3: Instrument validity check: effect of the instrument on pre-shock change in
LLM employment (2005-08)

(1) (2) (3) (4)
∆ Employees ∆ Emp/Pop ∆ Avg. Size ∆ Wage Bill

VARIABLES 2005-08 2005-08 2005-08 2005-08

Pull IV -0.007 -0.001 -0.008 -0.009
(0.010) (0.010) (0.009) (0.011)

Observations 686 686 686 686
R-squared 0.282 0.260 0.177 0.194
Avg. Outcome 2005 16709.0 0.3 5.5 348.6
Mean Pull IV 0.046 0.046 0.046 0.046
S.d. Pull IV 0.049 0.049 0.049 0.049
Controls X X X X
Province FE X X X X

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in LLM employment (1), employment to population ratio (2), average firm size
(3) and total wage bill in 100,000 euros (4) between 2005-2008, as a fraction of each outcome in 2005.
The independent variable is the predicted emigration rate based on the shares of pre-2000 emigrants
to different countries relative to the LLM population in 2000 interacted with GDP growth of each
country between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc, and normalized to have mean zero and unit

variance. Controls include unemployment rate and value added per capita in 100,000 euros in 2005 at
the LLM level as well as 110 province FEs. Standard errors are clustered at the province level (110
clusters).
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Table A4: Instrument validity check: effect of the instrument on pre-shock change in
LLM skills (2005-08)

(1) (2) (3)
∆ Blue Coll ∆ White Coll ∆ Managers

VARIABLES 2005-08 2005-08 2005-08

Pull IV 0.002 -0.011 0.293
(0.011) (0.012) (0.286)

Observations 686 686 584
R-squared 0.323 0.137 0.135
Avg. Outcome 2005 8950.1 6737.4 191.7
Mean Pull IV 0.046 0.046 0.039
S.d. Pull IV 0.049 0.049 0.040
Controls X X X
Province FE X X X

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in LLM employment of blue collar workers (1), white collars (2) and managers
(3) between 2005-2008, as a fraction of each outcome in 2005. The independent variable is the
predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc, and normalized to have mean zero and unit variance. Controls include

unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM level as well as
110 province FEs. Standard errors are clustered at the province level (110 clusters).
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A.IV IV diagnostics for the consulate-based IV

The following Tables, A5 and A6, replicate the main tests proposed by Goldsmith-

Pinkham, Sorkin, and Swift (2020) for the IV based on destination regions (Italian

consulates abroad) rather than on the countries. Similarly to what shown in Table 4,

Table A5 shows that the cross-sectional components of the pull emigration instrumental

variable is driven by networks of Italian emigrants towards German and Swiss regions.

Interestingly, the estimated coefficients of Stuttgart/Friburg and Dortmund/Koln, that

alone make up about 40 percent of the IV variation, are close to each other (-0.498

and 0.355) and close to the main estimate at the consulate (-0.432) and country level

(-0.433). Table A6 shows the correlations between the share of emigrants towards

the most relevant regions and the main labor market characteristics: we fail to find

statistically significant correlations with observable LLM characteristics, similarly to

what shown in the country level analysis in the main text.
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Table A5: Pull IV diagnostics (destination regions IV)

Panel A: Negative and positive weights
Sum Mean Share

α̂c ≤ 0 -0.007 0 0.007
α̂c > 0 1.007 0.008 0.993

Panel B: Correlations

α̂c Gc β̂c F̂c V ar(NTWKc)
α̂c 1.0000
Gc -0.0735 1.0000

β̂c 0.0072 0.0694 1.0000

F̂c 0.0150 0.0296 0.0050 1.0000
V ar(NTWKc) 0.7561 -0.1236 0.0043 -0.0041 1.0000

Panel C: Top 5 destination regions

α̂c Gc β̂c F̂c 95% C.I.
Stuttgart/Friburg 0.250 1.075 -0.491 7.33 (-3.20, -0.10)
Zurich 0.105 1.01 -0.145 12.63 (-0.30, 0.00)
Dortmund/Koln 0.090 1.075 -0.343 2.64 (-∞,∞)
Lugano 0.076 1.010 -0.009 6.45 (-0.40, 0.10)
France 0.075 1.007 -0.364 3.56 (-∞, 1.10)

Notes: The table reports the Pull IV diagnostics as suggested by Goldsmith-Pinkham, Sorkin, and
Swift (2020). Panel A reports the sum, the mean and the share of negative and positive Rotem-
berg weights α̂c. Panel B reports correlations between the weights (α̂c), the 2008-2015 destination

region/country GDP growth (Gc), the just-identified coefficients (β̂c), the first stage F-statistics for
the just-identified instruments (F̂c) and the variance in the emigrant networks across destination
region/country (V ar(NTWKc)). Panel C reports the top five destination regions according to the
Rotemberg weights. The 95% CI are the weak instrument robust confidence intervals obtained with
the Chernozhukov and Hansen (2008) method with a range from -10 to 10 ((−∞,∞) indicates that

the CI is undefined). The coefficients β̂c are based on the regression of Table 7, column (1), where the
outcome is the change 2008-2015 in the stock of firms per capita, and control variables include LLM
value added per capita and unemployment rate in 2005 as well as 110 province FEs. We computed
the Rotemberg decomposition using Goldsmith-Pinkham, Sorkin, and Swift (2020)’s Stata package.
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Table A6: Relationship between destination regions’ emigration networks and pre-
period LLMs characteristics

(1) (2) (3) (4) (5)
Share to Share to Share to Share to Share to

VARIABLES Stuttgart/Friburg Zurich Dortmund/Koln Lugano France

∆ Stock -0.002 -0.001 0.001 -0.001 0.002
(0.005) (0.002) (0.002) (0.002) (0.002)∑

Births 0.139 -0.039 0.043 -0.054 -0.085
(0.100) (0.031) (0.058) (0.022) (0.084)∑

Deaths 0.006 -0.001 0.000 -0.001 -0.010
(0.007) (0.002) (0.002) (0.002) (0.008)

Unemp Rate 2005 0.018 -0.011 0.035 -0.012 -0.006
(0.049) (0.020) (0.036) (0.009) (0.028)

GDP PC 2005 -0.006 -0.005 -0.004 -0.005 -0.012
(0.004) (0.003) (0.003) (0.003) (0.009)

Observations 653 666 651 645 683
Avg. Outcome 0.004 0.003 0.003 0.002 0.006
Controls X X X X X
Province FE X X X X X

Notes: OLS estimates, each coefficient is from a separate regression. The sample is composed of
686 local labor markets (LLMs). The dependent variable is the share of pre-2000 emigrants to each
of the 5 top destination regions described in each column, relative to the LLM population in 2000.
The independent variables are the main LLMs observable characteristics, namely the change in stock,
cumulative entry and exit of firms between 2005-2008, unemployment rate and value added per capita
in 100,000 euros in 2005. All regressions include 110 province FEs. Standard errors are clustered at
the province level (110 clusters).
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A.V Additional robustness checks

One may be concerned that our instrument is correlated with internal migration flows.

While these should not be correlated with pull factors from abroad, the network of

emigrants may be correlated with the internal flows and with local push factors. For

instance, LLMs with high emigration rates to foreign countries could also exhibit sub-

stantial emigration to other Italian LLMs, and the latter may reduce firm creation,

violating the exclusion restriction. We thus test whether our estimates are robust to

this potential threat. In Table A7, columns (1) and (2), we report the results of a

placebo first stage regression where we regress internal migration outflows and inflows

on our emigration Pull IV. The effects are not statistically significant, suggesting that

the instrument does not predict internal emigration to or immigration from other LLMs

in Italy. In column (3), we test whether there is a direct substitution effect by regress-

ing foreign immigration inflows on the instrument. Reassuringly, the instrument does

not have a statistically significant effect on foreign immigration flows. Furthermore, as

shown in Table 11, our main estimates are robust to the inclusion of immigration as a

control variable.

Another concern is that our estimates may be capturing the effect of trade linkages,

which may be correlated to migration flows. For this reason, in Table A8 we report the

results of our main regression on firm entry by firm creation between tradable and non-

tradable sectors. The largest impact of emigrants on firm creation is for non-tradable

sector firms. This indicates that the emigration flows we are analyzing do not seem to

be particularly linked to international trade activity.

In Tables A9 and A10, we estimate the first stage and the main specification using

the 1992 (rather than 2000) emigration shares when constructing the IV. Results are

very similar to those of Tables 6 and 7 albeit less precise, as mentioned in Section 3.4.

In Tables A11, A12, A13 and A14, we include the lag of the outcome variables among
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the set of controls. In all cases the main results continue to hold. In Tables A15,

A16 and A17, we show the results of regressing each outcome of Table 7 with different

sets of controls and fixed effects: no controls in columns (1)-(3) and controlling for

LLM unemployment rate and GDP per capita in 2005 in columns (4)-(6), and no fixed

effects in columns (1) and (4), 20 regions fixed effects in columns (2) and (5) and 110

province fixed effects in columns (3) and (6). All results are qualitatively similar across

the different specifications as long as we include at least some controls or fixed effects.

Table A7: Placebo first stage regression on internal migration flows and immigration

(1) (2) (3)
VARIABLES Internal Emig Internal Immig Immig Rate 05-08

Pull IV 0.078 -0.087 -0.022
(0.069) (0.052) (0.040)

Observations 686 686 686
R-squared 0.405 0.451 0.710
F-excl. instrument 1.249 2.839 0.306
Mean Outcome 10.084 9.166 2.222
S.d. Outcome 2.377 3.233 1.255
Mean Pull IV 0.046 0.046 0.046
S.d. Pull IV 0.049 0.049 0.049
Controls X X X
FE Province Province Province

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). In columns (1)
and (2), the dependent variable is the cumulative emigration and immigration rate of Italian citizens
25-64 years old to and from different LLMs in Italy between 2008-2015 respectively, while in column
3 the dependent variable is the cumulative immigration rate of foreign citizens 25-64 years old from
abroad between 2005-2008. All the outcomes are as a fraction of the LLM population 25-64 years old
(average 2005-2008), and normalized to have mean zero and unit variance. The independent variable is
the predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc, and normalized to have mean zero and unit variance. Controls include

unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM level. Column
(1) includes no fixed effects while columns (2) and (3) include region (20) and province (110) FEs
respectively. Standard errors are clustered at the province level (110 clusters).
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Table A8: Effect of emigration rates on cumulative firm entry, in tradable and non
tradable sectors

(1) (2)
Tradable Non Tradable∑

Births
∑

Births
VARIABLES 2008-15 2008-15

Emig Rate -0.069 -0.363
(0.028) (0.178)

Observations 686 686
R-squared 0.547 0.513
F-excl. instr. 14.851 14.851
Avg. Baseline Outcome 0.664 8.414
Mean Emig Rate 2.648 2.648
S.d. Emig Rate 1.696 1.696
Controls X X
Province FE X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the cumulative firm entry in tradable (1) and nontradable (2) sectors between 2008-2015
as a fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent
variable is the cumulative emigration rate between 2008-2015, i.e. the number of Italian citizens aged
25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in the origin
LLM (average 2005-2008), and normalized to have mean zero and unit variance. The instrument is
the predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. The average baseline outcomes
are the change in firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction
of population 25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by
3 years) and multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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Table A9: Robustness check: first stage regressions, IV based on 1992 shares

(1) (2) (3)
VARIABLES Emig Rate Emig Rate Emig Rate

Pull IV (1992 shares) 0.311 0.323 0.305
(0.069) (0.073) (0.091)

Unemp Rate 2005 -2.210 1.996 3.926
(1.710) (2.420) (3.449)

GDP PC 2005 0.863 1.040 1.201
(0.255) (0.176) (0.310)

Observations 686 686 686
R-squared 0.079 0.194 0.362
F-excl. instrument 20.460 19.444 11.248
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Mean Pull IV 0.028 0.028 0.028
S.d. Pull IV 0.031 0.031 0.031
FE - Region Province

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the cumulative emigration rate between 2008 and 2015, i.e. the number of Italian citizens
aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in
the origin LLM (average 2005-2008), and normalized to have mean zero and unit variance. The
independent variable is the predicted emigration rate based on the shares of pre-1992 emigrants to
different countries relative to the LLM population in 1992 interacted with GDP growth of each country
between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc, and normalized to have mean zero and unit variance.

Controls include unemployment rate and value added per capita in 100,000 euros in 2005 at the LLM
level. Column (1) includes no fixed effects while columns (2) and (3) include region (20) and province
(110) FEs respectively. Standard errors are clustered at the province level (110 clusters).
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Table A10: Robustness check: effect of emigration rates on change in stock and flows
of firms, IV based on 1992 shares

(1) (2) (3)
All Firms All Firms All Firms
∆ Stock

∑
Births

∑
Deaths

VARIABLES 2008-15 2008-15 2008-15

Emig Rate -0.507 -0.631 -0.124
(0.208) (0.302) (0.258)

Observations 686 686 686
R-squared 0.170 0.478 0.241
F-excl. instr. 11.248 11.248 11.248
Avg. Baseline Outcome 0.790 9.078 8.288
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Controls X X X
Province FE X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in firm stock (1), cumulative firm entry (2) and exit (3) between 2008-2015
as a fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent
variable is the cumulative emigration rate between 2008-2015, i.e. the number of Italian citizens aged
25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in the origin
LLM (average 2005-2008), and normalized to have mean zero and unit variance. The instrument is
the predicted emigration rate based on the shares of pre-1992 emigrants to different countries relative
to the LLM population in 1992 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. The average baseline outcomes
are the change in firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction
of population 25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by
3 years) and multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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Table A11: Robustness check: effect of emigration rates on change in stock and flows
of firms (2008-2015) controlling for lagged outcomes (2005-08)

(1) (2) (3)
All Firms All Firms All Firms
∆ Stock

∑
Births

∑
Deaths

VARIABLES 2008-15 2008-15 2008-15

Emig Rate -0.294 -0.403 -0.121
(0.181) (0.152) (0.135)

∆ Stock 1.129
(0.007)∑

Births 1.659
(0.078)∑

Deaths 1.157
(0.018)

Observations 686 686 686
R-squared 0.963 0.839 0.965
F-excl. instr. 14.853 14.865 14.843
Avg. Baseline Outcome 0.790 9.078 8.288
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Controls X X X
Province FE X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in firm stock (1), cumulative firm entry (2) and exit (3) between 2008-2015
as a fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent
variable is the cumulative emigration rate between 2008-2015, i.e. the number of Italian citizens aged
25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in the origin
LLM (average 2005-2008), and normalized to have mean zero and unit variance. The instrument is
the predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. Additionally, we control for
the change in stock, cumulative entry and exit of firms between 2005-2008 as a fraction of LLM
population 25-64 years old (average 2005-2008). The average baseline outcomes are the change in
firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction of population
25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by 3 years) and
multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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Table A12: Robustness check: effect of emigration rates on change in stock and flows
of Young-owned firms (2008-15) controlling for lagged outcomes (2005-08)

(1) (2) (3)
Young Firms Young Firms Young Firms

∆ Stock
∑

Births
∑

Deaths
VARIABLES 2008-15 2008-15 2008-15

Emig Rate -0.267 -0.226 0.050
(0.147) (0.120) (0.132)

∆ Stock 0.736
(0.065)∑

Births 1.496
(0.083)∑

Deaths 1.068
(0.194)

Observations 686 686 686
R-squared 0.658 0.810 0.792
F-excl. instr. 15.018 14.928 14.856
Avg. Baseline Outcome -0.316 6.493 6.809
Mean Emig Rate 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696
Controls X X X
Province FE X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in stock (1), cumulative entry (2) and exit (3) of firms owned and managed by
under 45 (“Young firms”) between 2008-2015 as a fraction of LLM population 25-64 years old (average
2005-2008) times 100. The independent variable is the cumulative emigration rate between 2008-2015,
i.e. the number of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the
25-64 years old population in the origin LLM (average 2005-2008), and normalized to have mean zero
and unit variance. The instrument is the predicted emigration rate based on the shares of pre-2000
emigrants to different countries relative to the LLM population in 2000 interacted with GDP growth
of each country between 2008-2015, Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment

rate and value added per capita in 100,000 euros in 2005 at the LLM level as well as 110 province
FEs. Additionally, we control for the change in stock, cumulative entry and exit of firms owned and
managed by under 45 between 2005-2008 as a fraction of LLM population 25-64 years old (average
2005-2008). The average baseline outcomes are the change in firm stock, cumulative firm entry and
exit in the pre-period (2005-2008) as a fraction of population 25-64 years old in the LLM (average
2005-2008) times 100, annualized (i.e., divided by 3 years) and multiplied by 7 years. Standard errors
are clustered at the province level (110 clusters).
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Table A13: Robustness check: effect of emigration rates on LLM employment (2008-15)
controlling for lagged outcome (2005-08)

(1) (2) (3) (4)
∆ Employees ∆ Emp/Pop ∆ Avg. Size ∆ Wage Bill

VARIABLES 2008-15 2008-15 2008-15 2008-15

Emig Rate -0.045 -0.024 -0.014 -0.018
(0.020) (0.021) (0.025) (0.022)

∆ Employees 0.061
(0.087)

∆ Emp/Pop 0.120
(0.095)

∆ Avg. Size 0.048
(0.115)

∆ Wage Bill 0.018
(0.063)

Observations 686 686 686 686
R-squared 0.197 0.216 0.242 0.264
F-excl. instr. 15.013 15.251 13.962 14.583
Avg. Outcome 2005 16709.0 0.3 5.5 348.6
Mean Emig Rate 2.648 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696 1.696
Controls X X X X
Province FE X X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in LLM employment (1), employment to population ratio (2), average firm
size (3) and total wage bill in 100,000 euros (4) between 2008-2015, as a fraction of each outcome
in 2005. The independent variable is the cumulative emigration rate between 2008-2015, i.e. the
number of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-
64 years old population in the origin LLM (average 2005-2008), and normalized to have mean zero
and unit variance. The instrument is the predicted emigration rate based on the shares of pre-2000
emigrants to different countries relative to the LLM population in 2000 interacted with GDP growth
of each country between 2008-2015, Pulll =

∑
cNTWKl,c ∗Gc. Controls include unemployment rate

and value added per capita in 100,000 euros in 2005 at the LLM level as well as 110 province FEs.
Additionally, we control for the percentage change in each outcome between 2005-2008. Standard
errors are clustered at the province level (110 clusters).
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Table A14: Robustness check: effect of emigration rates on LLM skills (2008-15) con-
trolling for lagged outcome (2005-08)

(1) (2) (3)
∆ Blue Coll ∆ White Coll ∆ Managers

VARIABLES 2008-15 2008-15 2008-15

Emig Rate -0.018 -0.055 -1.168
(0.027) (0.028) (1.074)

∆ Blue Coll 0.002
(0.079)

∆ White Coll 0.155
(0.103)

∆ Managers 0.050
(0.250)

Observations 686 686 584
R-squared 0.199 0.240 0.184
F-excl. instr. 15.293 14.746 6.361
Avg. Outcome 2005 8950.1 6737.4 191.7
Mean Emig Rate 2.648 2.648 2.544
S.d. Emig Rate 1.696 1.696 1.369
Controls X X X
Province FE X X X

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). The depen-
dent variable is the change in LLM employment of blue collar workers (1), white collars (2) and
managers (3) between 2008-2015, as a fraction of each outcome in 2005. The independent variable
is the cumulative emigration rate between 2008-2015, i.e. the number of Italian citizens aged 25-64
migrating abroad between 2008-2015 as a fraction of the 25-64 years old population in the origin LLM
(average 2005-2008), and normalized to have mean zero and unit variance. The instrument is the
predicted emigration rate based on the shares of pre-2000 emigrants to different countries relative
to the LLM population in 2000 interacted with GDP growth of each country between 2008-2015,
Pulll =

∑
cNTWKl,c ∗ Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. Additionally, we control for the
percentage change in each outcome between 2005-2008. Standard errors are clustered at the province
level (110 clusters).
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Table A15: Robustness check: effect of emigration rates on change in stock of firms,
different controls and fixed effects

(1) (2) (3) (4) (5) (6)
All Firms All Firms All Firms All Firms All Firms All Firms
∆ Stock ∆ Stock ∆ Stock ∆ Stock ∆ Stock ∆ Stock

VARIABLES 2008-15 2008-15 2008-15 2008-15 2008-15 2008-15

Emig Rate -0.384 -0.715 -0.573 -0.550 -0.647 -0.414
(0.369) (0.206) (0.191) (0.213) (0.196) (0.155)

Observations 686 686 686 686 686 686
R-squared 0.019 0.156 0.030 0.175
F-excl. instr. 26.223 31.313 13.469 28.311 29.564 14.851
Avg. Baseline Outcome 0.790 0.790 0.790 0.790 0.790 0.790
Mean Emig Rate 2.648 2.648 2.648 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696 1.696 1.696 1.696
Controls - - - X X X
FE - Region Province - Region Province

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). In columns
(1)-(3) no controls are included, while in columns (4)-(6) we control for unemployment rate and value
added per capita in 100,000 euros in 2005 at the LLM level. In columns (1) and (4) no fixed effects
or controls are included, in columns (2) and (5) we include 20 region fixed effects, and in columns
(3) and (6) we include 110 province fixed effects. The dependent variable is the change in firm
stock between 2008-2015 as a fraction of LLM population 25-64 years old (average 2005-2008) times
100. The independent variable is the cumulative emigration rate between 2008-2015, i.e. the number
of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years
old population in the origin LLM (average 2005-2008), and normalized to have mean zero and unit
variance. The instrument is the predicted emigration rate based on the shares of pre-2000 emigrants
to different countries relative to the LLM population in 2000 interacted with GDP growth of each
country between 2008-2015, Pulll =

∑
cNTWKl,c∗Gc. The average baseline outcomes are the change

in firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction of population
25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by 3 years) and
multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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Table A16: Robustness check: Effect of emigration rates on cumulative firm entry,
different controls and fixed effects

(1) (2) (3) (4) (5) (6)
All Firms All Firms All Firms All Firms All Firms All Firms∑

Births
∑

Births
∑

Births
∑

Births
∑

Births
∑

Births
VARIABLES 2008-15 2008-15 2008-15 2008-15 2008-15 2008-15

Emig Rate -1.301 -0.631 -0.514 -0.769 -0.577 -0.432
(0.368) (0.242) (0.222) (0.263) (0.240) (0.196)

Observations 686 686 686 686 686 686
R-squared 0.207 0.493 0.240 0.527
F-excl. instr. 26.223 31.313 13.469 28.311 29.564 14.851
Avg. Baseline Outcome 9.078 9.078 9.078 9.078 9.078 9.078
Mean Emig Rate 2.648 2.648 2.648 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696 1.696 1.696 1.696
Controls - - - X X X
FE - Region Province - Region Province

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). In columns
(1)-(3) no controls are included, while in columns (4)-(6) we control for unemployment rate and value
added per capita in 100,000 euros in 2005 at the LLM level. In columns (1) and (4) no fixed effects
or controls are included, in columns (2) and (5) we include 20 region fixed effects, and in columns
(3) and (6) we include 110 province fixed effects. The dependent variable is the cumulative firm
entry between 2008-2015 as a fraction of LLM population 25-64 years old (average 2005-2008) times
100. The independent variable is the cumulative emigration rate between 2008-2015, i.e. the number
of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years
old population in the origin LLM (average 2005-2008), and normalized to have mean zero and unit
variance. The instrument is the predicted emigration rate based on the shares of pre-2000 emigrants
to different countries relative to the LLM population in 2000 interacted with GDP growth of each
country between 2008-2015, Pulll =

∑
cNTWKl,c∗Gc. The average baseline outcomes are the change

in firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction of population
25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by 3 years) and
multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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Table A17: Robustness check: effect of emigration rates on cumulative firm exit, dif-
ferent controls and fixed effects

(1) (2) (3) (4) (5) (6)
All Firms All Firms All Firms All Firms All Firms All Firms∑

Deaths
∑

Deaths
∑

Deaths
∑

Deaths
∑

Deaths
∑

Deaths
VARIABLES 2008-15 2008-15 2008-15 2008-15 2008-15 2008-15

Emig Rate -0.917 0.083 0.059 -0.219 0.070 -0.018
(0.462) (0.258) (0.187) (0.293) (0.256) (0.189)

Observations 686 686 686 686 686 686
R-squared 0.095 0.238 0.016 0.095 0.241
F-excl. instr. 26.223 31.313 13.469 28.311 29.564 14.851
Avg. Baseline Outcome 8.288 8.288 8.288 8.288 8.288 8.288
Mean Emig Rate 2.648 2.648 2.648 2.648 2.648 2.648
S.d. Emig Rate 1.696 1.696 1.696 1.696 1.696 1.696
Controls - - - X X X
FE - Region Province - Region Province

Notes: 2SLS estimates. The sample is composed of 686 local labor markets (LLMs). In columns
(1)-(3) no controls are included, while in columns (4)-(6) we control for unemployment rate and value
added per capita in 100,000 euros in 2005 at the LLM level. In columns (1) and (4) no fixed effects
or controls are included, in columns (2) and (5) we include 20 region fixed effects, and in columns
(3) and (6) we include 110 province fixed effects. The dependent variable is the cumulative firm
exit between 2008-2015 as a fraction of LLM population 25-64 years old (average 2005-2008) times
100. The independent variable is the cumulative emigration rate between 2008-2015, i.e. the number
of Italian citizens aged 25-64 migrating abroad between 2008-2015 as a fraction of the 25-64 years
old population in the origin LLM (average 2005-2008), and normalized to have mean zero and unit
variance. The instrument is the predicted emigration rate based on the shares of pre-2000 emigrants
to different countries relative to the LLM population in 2000 interacted with GDP growth of each
country between 2008-2015, Pulll =

∑
cNTWKl,c∗Gc. The average baseline outcomes are the change

in firm stock, cumulative firm entry and exit in the pre-period (2005-2008) as a fraction of population
25-64 years old in the LLM (average 2005-2008) times 100, annualized (i.e., divided by 3 years) and
multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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A.VI Additional tables

Table A18 presents reduced form estimates by regressing the 2008-2015 change in the

main outcomes of interest directly on our IV. These reduced form results are a useful

benchmark to compare the magnitude of the main effects with the pre-trends shown

in Table 3.

Table A18: Reduced-form: Effect of the instrument on change in stock and flows of
firms

(1) (2) (3)
All Firms All Firms All Firms
∆ Stock

∑
Births

∑
Deaths

VARIABLES 2008-15 2008-15 2008-15

Pull IV -0.180 -0.188 -0.008
(0.053) (0.084) (0.090)

Observations 686 686 686
R-squared 0.186 0.572 0.241
Avg. Outcome -0.123 7.867 7.990
Mean Pull IV 0.046 0.046 0.046
S.d. Pull IV 0.049 0.049 0.049
Controls X X X
Province FE X X X

Notes: OLS estimates. The sample is composed of 686 local labor markets (LLMs). The dependent
variable is the change in firm stock (1), cumulative firm entry (2) and exit (3) between 2008-2015 as a
fraction of LLM population 25-64 years old (average 2005-2008) times 100. The independent variable
is the predicted emigration rate based on the shares of pre-2000 emigrants to different countries
relative to the LLM population in 2000 interacted with GDP growth of each country between 2008-
2015, Pulll =

∑
cNTWKl,c ∗Gc. Controls include unemployment rate and value added per capita in

100,000 euros in 2005 at the LLM level as well as 110 province FEs. The average baseline outcomes are
the change in firm stock, cumulative firm entry and exit in the pre-period (2005 to 2008) as a fraction
of average pre-period population 25-64 years old in the LLM times 100, annualized (i.e., divided by 3
years) and multiplied by 7 years. Standard errors are clustered at the province level (110 clusters).
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