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We document that individuals who grow up in high firm density ar-
eas are more likely to become entrepreneurs, given firm density
in their current location, and to run businesses in the sector with
the highest density when young. Firm density at an entrepreneur’s
young age drives current firm profitability and is more important
than current density for business performance. Results hold in a sam-
ple of movers, which allows addressing endogeneity concerns. These
results are consistent with entrepreneurial skills being partly learnable
through social contacts. Accordingly, entrepreneurs who grow up in
high firm density areas adopt better managerial practices.

I. Introduction

Who becomes an entrepreneur? The answer economists give to this ques-
tion is that individuals choose their occupation by comparing the costs and
benefits of alternative occupations. In the classical Lucas (1978)/Rosen (1982)
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model of occupational choice, individuals with greater managerial skills—
defined as the ability to extract more output from a given combination of
capital and labor—will sort into entrepreneurship because the return from
managing a firm exceeds the wage they can earn as employees. Entrepre-
neurial skills can be interpreted more broadly to include, for instance, the
ability to manage (and stand) risk and the capacity to identify and assess the
economic potential of a new product or process. While it remains unclear
how people obtain these skills, it is important to understand whether such
skills are innate characteristics or are instead acquired through learning—
and if so, how.

Distinguishing between these two sources of entrepreneurial skills (i.e., in-
nate or learned) has important policy implications. If entrepreneurial ability
is innate, then its distribution should not differ substantially across popula-
tions, and much of the observed differences in entrepreneurship across coun-
tries or regions within countries should be traced back to factors that facili-
tate or discourage people with entrepreneurial abilities to set up a firm—such
as the availability of capital or institutional frictions. Fostering entrepreneur-
ship thus requires removing these obstacles. If instead managerial abilities can
be acquired through learning, differences in entrepreneurship can partly re-
flect differences in learning opportunities across countries or regions and the
constraints to entrepreneurship are induced by learning frictions. Fostering
entrepreneurship requires improving the learning process.

In this paper we investigate whether selection into entrepreneurship and
entrepreneurial success are affected by learning opportunities. While indi-
viduals can learn how to become an entrepreneur and how to be a successful
one in a variety of ways (e.g., from parents, friends, and schools) and at dif-
ferent stages of their life cycle, we look at one specific channel: learning
from one’s environment during the formative years (adolescence). Argu-
ably, for a young individual growing up in Silicon Valley it should be easier
to learn how to set up a firm (an entry cost channel) and how to run it (an
entrepreneurial/managerial skill channel) than it would be for those grow-
ing up elsewhere. This is because the high concentration of entrepreneurial ac-
tivities in the area provides many direct or indirect learning opportunities—
both before and after entering the labor market, implying that the learning
process can potentially occur both from and within firms (as a worker, ap-
prentice, etc.) before a personal business is formally set up. And since firm
density in the Silicon Valley region is highest in the information and com-
munication technology (ICT) sector, a young individual should be more
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likely to start a business in this sector either because she learned more spe-
cific skills or because she learned how to enter it at a lower cost. We study
whether these intuitive predictions receive empirical support. In particular,
we test whether firm density in the location where individuals grow up af-
fects the choice of becoming an entrepreneur, the sector of activity chosen,
and their subsequent performance as entrepreneurs.

We analyze the effects of learning opportunities on entrepreneurial choices
and outcomes using a simple extension of the Lucas (1978) occupational
choice model. We let learning opportunities operate along two dimensions.
First, individuals can learn skills that are useful to run a business (the “skill
improvement” channel); second, they can learn how to set up a business ef-
ficiently (the “entry cost reduction” channel). We show that these two chan-
nels have the same implications in terms of occupational choices—individu-
als are more likely to become entrepreneurs when there are more learning
opportunities, independently of the channel. However, they affect the per-
formance of entrepreneurs in opposite directions: the skill improvement
channel implies that on average entrepreneurs are more capable the higher
learning opportunities are, while the entry cost channel reduces average en-
trepreneurial performance.

We study the effects of learning opportunities using a variety of data sets.
The first is a sample of Italian entrepreneurs actively managing a small or
medium-sized incorporated firm (the Associazione Nazionale delle Im-
prese Assicurative [ANIA] sample). Besides a rich set of demographic var-
1ables, this database contains detailed information on the sector of the firm
and the entrepreneurs’ place of birth, current location, and location at age 18
(which we term the “learning age”). We match these entrepreneurs with
their firms” balance sheet data and thus obtain measures of firm total factor
productivity (TFP) and sales per worker. This allows us to test two of the
implications of the learning model: first, conditional on becoming an entre-
preneur, one should be more likely to start a firm in a sector where density
at learning age was particularly high; second, firms’ productivity should be
increasing with the firm density of the location in which the entrepreneur
lived at learning age if the skill improvement channel is stronger that the en-
try cost channel, controlling for current density. Because this data set in-
cludes only entrepreneurs, it cannot be used to test the other implication
of the learning model—that is, that all else equal, learning opportunities
should increase the odds of selecting into entrepreneurship. The second
data set we use (the Survey of Household Income and Wealth [SHIW] sam-
ple) addresses this question. The SHIW is a representative sample of the
Italian population reporting, for each survey participant, the type of occupa-
tion, demographics (including place of birth and place of current residence),
and data on personal income distinguished by source, such as income from
entrepreneurial activity. However, it has no detailed information on the
firm individuals work for or manage (besides size). Hence, the two data sets
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nicely complement each other. Finally, to investigate further and more di-
rectly which entrepreneurial abilities are learned through exposure to other
firms earlier in life, we supplement the ANIA survey with measures of man-
agerial practices collected using the methodology pioneered by Bloom and
Van Reenen (2010b). If exposure to a larger set of firms allows one to learn
superior managerial practices, then entrepreneurs who grew up in high firm
density locations should adopt better managerial practices.

In our data sets there are two reasons why individuals living in a given
province are exposed at learning age to different learning opportunities.
First, they belong to different birth cohorts. Second, they grew up in differ-
ent places. Hence, identification relies on two sources of variation: (a) dif-
ferences over time in firm density for people belonging to different cohorts
living in the same province where they grew up (stayers) and (/) cross-
province differences in firm density for people belonging to the same cohort
who grew up in a province different from the one in which they currently
live (movers).! As we will show, focusing on the sample of movers addresses
a series of endogeneity issues that can arise from the serial correlation be-
tween current entrepreneurial density (ED henceforth) and ED at learning
age for entrepreneurs who did not move. In fact, our results are even stron-
ger when focusing on the sample of movers. Finally, the two sources of
variability also allow us to test for—and dismiss—the possibility that our
ED indicator is proxying for other potential determinants of entrepreneur-
ship, in particular differences in “culture” or the quality of education across
locations.

Consistent with the learning model, we find that individuals who grew up
in a location with a higher ED are more likely to become entrepreneurs.
This result holds independently of whether we use a broader definition of
entrepreneur (one that also includes the self-employed) or a narrower one
that features only individuals running an incorporated business. Our find-
ing holds while controlling for the firm density in the current location (re-
flecting thick-market externalities), for measures of current access to exter-
nal finance in the local market where the firm is located and in the location at
learning age, and for having parents who are entrepreneurs themselves. The
effect is sizable. With the broader definition of entrepreneur, a 1 standard
deviation increase in ED at learning age increases the likelihood of becom-
ing an entrepreneur by 1.5 percentage points, around 8% of the sample mean.
Not only overall density but also its sectoral distribution at learning age
matters. Conditional on starting a business, the chances of starting it in a
given sector increase with the sector density at learning age. The effects is
large: a 1 standard deviation increase in a sector density at learning age raises
the probability of being an entrepreneur in that sector by 10%. Because

! An Italian province is an administrative unit approximately equivalent to a US
county.
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sectors have idiosyncratic features and one is more likely to learn them if
the sector is the one that dominates the local product market, this finding
strengthens the interpretation that density causes entrepreneurship because
it offers learning opportunities.

When we look at variation in performance among entrepreneurs, we find
that those who faced a higher firm density at learning age earn a higher in-
come from their business. A 1 standard deviation increase in firm density
at learning age results in a 8% higher income. Because the SHIW reports
only where a person was born and where he currently lives, this result is ob-
tained under the assumption that an individual at learning age was located in
the same place where he was born, thus inducing some measurement error in
the firm density at learning age.? The ANTIA sample is free from this prob-
lem, and in addition it allows construction of measures of firms produc-
tivity. In this sample we find that firms run by entrepreneurs who faced a
higher firm density at learning age currently have a higher TFP and higher
output per worker. Remarkably, the elasticity of entrepreneurial quality to
ED isvery close in the two data sets, despite the differences in sampling frame
and time coverage.

The final question we address is which aspects of entrepreneurship are
more prone to be learned. Classical theories of entrepreneurship stress the role
of personal traits in terms of the ability to innovate (Schumpeter 1911) and to
bear uncertainty and risk (Knight 1921; Kihlstrom and Laffont 1979). Mod-
ern literature on entrepreneurship argues that being an entrepreneur requires
a variety of skills.” These features of entrepreneurship probably have an im-
portant innate component, and it is unclear to what extent they can be learned
or significantly improved. On the other hand, managerial capabilities are po-
tentially learnable. We therefore test whether entrepreneurs who grew up in
high firm density provinces adopt better managerial practices and develop
traits that are traditionally associated with entrepreneurship. We find some
evidence that entrepreneurs who grew up in high firm density locations adopt
better managerial practices. On the other hand, we find no evidence that ex-
posure to firms at learning age affects the traits that have been traditionally
associated with entrepreneurship, such as risk aversion, aversion to ambigu-
ity, self-confidence, and optimism. These traits are either learned early in life,
possibly within the family (Dohmen et al. 2012), or are truly innate.

Our paper contributes to several strands of literature. Closest to our work
are studies of the effect of the environment when growing up on skill accu-
mulation and occupational choice. Bell et al. (2018) show that growing up in

2 This measurement error is likely to be small. Indeed, from the ANIA data set
we calculate that 85% of people born in a given province are still in that province at
learning age.

* For example, Lazear (2005) shows that MBAs with a more balanced set of skills
(lower variance in exam grades) are more likely to become entrepreneurs.
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an area with a high innovation rate in a specific technology class leads to a
higher probability of becoming an inventor in exactly the same technology
class. They interpret this as evidence of a causal effect of exposure to inno-
vation on innovation propensity. Our case relates to a different outcome
(the choice to become an entrepreneur and entrepreneurial success vs. being
an inventor) in a different country (Italy vs. the United States). The fact that,
despite these differences, the results are consistent across the two studies
points to the importance of the environment in which one grows up in the
determination of career choices and outcomes. De Figueiredo, Meyer-
Doyle, and Rawley (2013) study “inherited agglomeration effects,” defined
as human capital that managers acquire while working in an industry hub
that may be transferred to a spin-off. They focus on the hedge fund industry
and show that hedge fund managers who previously worked in London or
New York outperform those who did not in terms of financial returns on
their portfolios. Like these papers, we also look at the effects of the environ-
ment during the learning age on subsequent labor market outcomes. We add
to this work along two dimensions. First, we consider entrepreneurs. Sec-
ond, by jointly analyzing the effects of learning opportunities on the pro-
pensity to become an entrepreneur and on performance as an entrepreneur,
we are able to assess whether the dominant learning channel consists of a skill
improvement effect or an entry cost reduction effect.*

Glaeser, Kerr, and Ponzetto (2010) document that area sectors with lower
average initial firm size display higher employment growth in subsequent
years. They show that the evidence is consistent with heterogeneity in both
entry costs and in the supply of entrepreneurs. Our methodology to distin-
guish between learning to lower entry costs and learning entrepreneurial
skills builds on Guiso and Schivardi (2011), who use the Lucas (1978) occu-
pational choice model to set up a test to tell the two channels apart. Differ-
ently from these papers, we do not consider contemporaneous local charac-
teristics but rather those prevailing at learning age.

We also contribute to the literature on the determinants of occupational
choice. There is substantial evidence that the environment (“nurture”) is at
least as important as genetics (“nature”) in the determination of the occupa-
tional choice, using the family as the channel through which nurturing takes
place.” Our work contributes to this literature by showing that not only the

* Methodologically, this approach is related to the literature on wage city premi-
ums. Glaeser and Maré (2001) show that a fraction of the urban wage premium—
the extra wage that workers earn when moving to a city—stays with them when
they move back to a suburban or rural area. They interpret this as evidence that
workers accumulate human capital while in cities. This US-based evidence has been
confirmed and extended by De La Roca and Puga (2017) for Spain and Matano and
Naticchioni (2016) for Italy.

> See, e.g., Nicolaou et al. (2008), Zhang et al. (2009), Nicolaou and Shane (2010),
and Lindquist, Sol, and Van Praag (2015).
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family but also the local economic environment in which a person grows up
affects the choice to become an entrepreneur.

The rest of the paper proceeds as follows. In section II we lay down a sim-
ple model of entrepreneurial choice, where agents learn how to avoid or
minimize entry costs and how to acquire entrepreneurial skills. Higher
learning opportunities shift to the right the initial distribution of entrepre-
neurial talent and soften entry barriers. This generates two testable predic-
tions: higher learning opportunities (2) increase the chance that an individ-
ual becomes an entrepreneur and (b) raise the ability of those who select into
entrepreneurship if the ability-shifting effect is sufficiently strong. We also
discuss how we measure opportunities to learn entrepreneurial skills. In
section III we discuss our identification strategy, while section IV presents
the data. Results on occupational choice are shown in section V, while those
on performance are shown in section VI. Section VII shows the evidence on
managerial practices and traits, and section VIII concludes.

II. Learning, Entrepreneurial Skills, and Occupational Choice

In this section we provide a simple analytical framework to analyze the
effects of heterogeneity in learning possibilities across locations and then
discuss our measure of learning opportunities.

A. Modeling Learning Opportunities

We use the occupational choice model of Lucas (1978), as modified by
Guiso and Schivardi (2011), to allow for multiple locations with different
distributions of entrepreneurial skills and different entry costs. We illustrate
the model briefly to derive some empirical predictions and refer the inter-
ested reader to Guiso and Schivardi (2011) for details. The economy is com-
prised of N locations, each with a unit population of workers who can
choose to be an employee at the prevailing wage or become an entrepreneur.
An entrepreneur combines capital and labor to produce output with a de-
creasing returns to scale technology and is the residual claimant. As such,
entrepreneurial income is

w(x) = xg(k,l) — vk — wl — ¢, 1)

where x represents entrepreneurial skills, & is capital, /is labor, 7 is the rental
price of capital, w is the wage, and cis a fixed entry cost. The rental price and
the wage are equalized across locations. As shown by Lucas (1978), the
solution of the model can be characterized by a threshold value of entrepre-
neurial skills z such that an individual becomes an entrepreneur if and only if
x > z. It is immediate to show that z depends on ¢ and that z'(c) > 0: higher
setup costs imply that the marginal entrepreneur has higher ability.

We assume that locations differ in terms of learning opportunities,
parameterized by N. Empirically, we will refer to N in terms of different
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F1G. 1.—Shifts in skills distribution and entry costs. A, Ability distribution shift.
B, Entry cost shift. A color version of this figure is available online.

measures of entrepreneurial density in the location in which an individual
grows up. We let learning opportunities affect the occupational choice
along two distinct dimensions. On one side, they allow individuals to accu-
mulate more entrepreneurial skills. Growing up surrounded by entrepre-
neurs might allow an individual to observe them in action and therefore
to learn how to successfully run a firm, for example, in organizing produc-
tion, managing human resources, and dealing with suppliers and customers.
We model this by assuming that entrepreneurial talent is a random variable
X distributed according to a probability density function y(x, \;) over the
support (x,X), 0 < x < x < oo, with corresponding cumulative density func-
tion I'(x, N)), 7 = 1, ..., J. The parameter \ is a shifter of the distribution of
talent. It represents the learning opportunities that characterize each loca-
tion.® We assume that oI'/ON < 0: \ shifts the probability distribution to
the right in the first-order stochastic dominance sense. Hence, individuals
who grow up in a region with high \ have on average higher entrepreneurial
skills. Figure 14 plots the distribution of skills for two locations (1 and 2)
with different learning opportunities, with location 2 having more opportu-
nities (\; > \y).

The second channel through which learning opportunities may affect the
occupational choice is the setup cost c. We allow the cost to depend on A,
with ¢/(\) < 0: learning opportunities can reduce the setup cost. Growing
up in a location with a dense entrepreneurial structure might allow saving
on entry costs, for example, because one learns how to obtain information
on the bureaucratic procedures needed to set up a firm. Given that z'(c) > 0

¢ Of course, N might be any shifter of the distribution of talent. Distinguishing
learning from other possible explanations will be the main task of the empirical
analysis.
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and ¢(N) <0, it follows that dz/d\ = (0z/0c)(0c/ON) < 0: more learning
opportunities reduce the ability threshold to became an entrepreneur. Fig-
ure 1B plots the ability threshold for two locations with different learning
opportunities.

We now derive the effects of higher learning opportunities on the prob-
ability that an individual becomes an entrepreneur and on the average en-
trepreneurial skills of those who choose to become an entrepreneur. Given
a threshold z, the probability of becoming an entrepreneur is Pr(x >z(\)) =
1 — I'(z(N), N). Taking the total differential, we obtain

WTEN) - (LTEN)  (en@)

d\ O\ O\

skill improvement effect entry cost reduction effect

Given the stochastic dominance assumption, the “skill improvement effect”
is positive: in terms of figure 14, the mass to the right of the threshold z is
higher for the distribution parameterized by \,. Given that 0z /0N < 0, the
“entry cost reduction effect” is also positive: in terms of figure 1B, there
is more mass to the right of z(\,) than of z(\,). The two effects therefore re-
inforce each other and imply that higher learning opportunities lead to more
entrepreneurs.

Predictions are slightly less obvious when it comes to average entrepre-
neurial skills. The average entrepreneurial skill level is the expected value
of x conditional on being an entrepreneur:

Jf(x)x'y(x, \) dx
> = == - 7
B(YIX 2 2 = 200 )
The effect of a change in \ on average entrepreneurial quality is
X, 0 (1-T(z,\
dE(X|X22,)\): “x”dx— X|X>Z )\)7»}
dN (1 =T(z,N)
skill improvement effect (4)

(E(X|X 2 2z,N) — 2)y(z) 0z
1 —T(z,\) N

entry cost reduction effect

Let us first consider the entry cost reduction effect. When N increases, the
quality of the marginal entrepreneur decreases, and so does average ability.
Again, this can be seen in figure 1, where it is clear that E(X|X > z(\)), N) >
E(X|X > z(\),N).

The skill improvement effect cannot be signed a priori, as it depends
on the distribution function of ability. However, the effect is positive for
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a general family of distributions: the log-concave distributions (Barlow and
Proschan 1975).” This family of distributions includes, among others, the
uniform, the normal, and the exponential. For such distributions, the skill
improvement effect induces a positive correlation between the mass of en-
trepreneurs and their average quality. Hence, the total effect of learning op-
portunities on average ability depends on the relative strength of the two
channels. If learning opportunities affect mostly the distribution of skills,
then we should find that areas with more learning opportunities have both
more and more capable entrepreneurs. If instead the entry cost effect dom-
inates, areas with more learning opportunities will still have more but on
average less skilled or talented entrepreneurs. Of course, the empirical chal-
lenge is to distinguish learning opportunities from other potentially cor-
related effects, given that we have no random variation in learning abilities.
To this end, we will exploit mobility—that is, analyze individuals who grew
up in a certain location and moved elsewhere as adults. As we argue below,
this rules out the most obvious challenges to identification.

In the empirical analysis below we also study the role of sector-specific
firm density. Suppose that learning opportunities are partly general and
partly specific to a given sector. A simple intuitive extension of the model
above is that—conditional on choosing to become an entrepreneur—an in-
dividual should be more likely to select the sector that has the highest den-
sity in the area where she grew up.

B. Entrepreneurs as Data Points

To test the implications of the simple model above we need an operational
measure of A—the opportunities to learn entrepreneurial skills. For this we
assume that individuals growing up in different locations also face different
learning environments because locations differ in the density of entrepreneurs
active at a given point in time. Individuals who grow up in locations that are
rich in firms (and entrepreneurs) have more opportunities to learn from the
experiences of other entrepreneurs as part of their socialization process, com-
pared with individuals who grow up in locations lacking entrepreneurs.

The idea that individuals acquire entrepreneurial capabilities from inter-
acting and growing up among entrepreneurs is consistent with an expanding
literature arguing that individual traits, besides being transmitted through
parenting, are also acquired through socialization (Bisin and Verdier 2001),
especially group and network contacts. Indeed, one strand of literature led
by Hurrelmann (1988) and particularly Harris (2011) argues that interactions
with peers dominate interactions with parents in the process of learning and
personality formation. Furthermore, because group interactions develop

7 A function h(x) is said to be log-concave if its logarithm In h(x) is concave, i.e., if

b (x)h(x) — b'(x)* < 0.
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with age and become increasingly intense as young individuals start branch-
ing off from the restraints of their parents, these theories imply that the ac-
quisition of entrepreneurial capabilities through social learning should peak
when young individuals are in their late teens. Empirically, we will identify
this age around 18 (which we label the “learning age”) and proxy learning op-
portunities with the density of entrepreneurs in the area where individuals
lived at their learning age.

Entrepreneurial density at learning age as a measure of learning opportu-
nities captures the idea that it is easier to observe directly how entrepreneurs
set up a firm (thus lowering entry costs) and their experiences with success
and failures (improving managerial skills). For example, one needs to know
how to obtain capital, how to identify a potential pool of investors, and
how to “sell” the idea to them. This capability can be learned, possibly from
other entrepreneurs. This makes business creation easier. Observing other
entrepreneurs also offers insights on what leads to success as well as how
to avoid mistakes that lead to failure, allowing selection of better ideas and
to implement them more effectively. This mechanism is consistent with
Chinitz (1961), who first documented that entry of new firms is more likely
where a high number of small businesses is present. Our empirical strategy
is also consistent with the plausible idea that there are stages of learning
through socialization characterized by the different content of what is
learned. For our purpose, the formative years—those that define what an in-
dividual would like to be and what she can become as an adult—belong in
the 18-year-old age bracket (Erikson 1968). Feedback from other entrepre-
neurs concerning the content of their work, the requirements to succeed in
doingt, the type of life one can expect from selecting an entrepreneurial job,
“role modeling,” and so on can be critical at this age. How important it is
may depend on the number of learning points an individual is exposed to.

Needless to say, learning may occur not only from firms (before one starts
to work) butalso within firms (as worker, apprentice, etc., at some of the local
firms). Thus, while we take age 18 as a “reference” learning age, entrepreneur-
ial learning is likely to start at an earlier age and continue as people advance
in their early adulthood. In fact, because entrepreneurial density evolves very
slowly over time, the measure of entrepreneurial density at age 18 should
be thought of as a proxy for entrepreneurial density when young more gen-
erally. We provide evidence consistent with this view below.

It is worth noting that the agglomeration literature has stressed two main
sources of entrepreneurial learning. On one side, there are the so-called “ur-
ban” externalities, typically associated with Jacobs (1969), who stressed the
role of having access to a diverse set of learning opportunities. On the other,
there are the “specialization” externalities, put forward by Marshall (1890),
who pointed out that learning is specific to a sectoral activity. In our setting,
this translates into learning occurring from all entrepreneurs or just from
entrepreneurs in the same sector in which an individual chooses to operate.



146 Guiso et al.

We take no a priori stand on this, as there are arguments that make both plau-
sible, and let the data speak. We first use the overall entrepreneurial density—
that is, the total number of entrepreneurs over the population—as the mea-
sure of learning opportunities. This is the natural starting point to analyze
the occupational choice: entrepreneurs versus paid employment. We then
study the effect of the sectoral density on the choice of the sector in which
to operate, conditional on being an entrepreneur. If sector-specific learn-
ing opportunities matter, either because one acquires sector-specific skills
or learns about sector-specific set up costs, this should be detectable first of
all in the choice of sector.

III. Identifying Learning Effects

Our empirical strategy is based on two broad sets of regressions. First, we
determine whether growing up in an area with higher entrepreneurial learn-
ing opportunities (as measured by the number of firms per capita, the vari-
able entrepreneurial density [ED] defined below) is associated with a higher
likelihood of becoming an entrepreneur; conditional on becoming an entre-
preneur, we also test whether sectoral density affects sectoral choice. Occu-
pational and sectoral choice cannot tell whether density matters because it
improves entrepreneurial skills or because it lowers entry costs, as both ef-
fects act in the same direction. We then turn to studying measures of entre-
preneurial performance. As predicted by the model, this second type of anal-
ysis identifies whether the dominant learning channel is skill enhancement
or reduction in entry costs. We now discuss the main empirical challenges
we face in bringing these predictions to the data. The discussion focuses
on overall entrepreneurial density; at the end of the section, we elaborate
on the additional identifying power deriving from the sectoral component
of entrepreneurial density.

Our empirical framework is based on regressions of the form®
Y, =

i

o+ BEDjiyy, + YEDjine + € ®)

where Y* is either the net utility from being an entrepreneur or a measure of
entrepreneurial performance, ED is firm density (number of firms per cap-
ita), and ¢ is an error term. The subscripts j(7,t,) and j(3,t) represent the loca-
tion in which individual 7 was living in year ¢, and year z, respectively, with
t; < t being the year in which individual 7 turned 18 (the learning age) and ¢
being the current year. Since we do not observe the utility from being an
entrepreneur, we define the entrepreneurship indicator Y, = 1{Y; > 0}.
Under the assumption that ¢, is standard normally distributed, we can thus
estimate probit models for the decision to be an entrepreneur.

# For notational simplicity we omit the vector of additional controls used in all
regressions. These are discussed later.
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The role of current firm density (EDjy,,) in these regressions is well
known from the literature on local externalities and agglomeration econo-
mies.” The role of firm density at learning age (ED;,,, ) is instead the chan-
nel we emphasize in this paper—learning entrepreneurial skills in the early
phase of one’s professional life—and in our framework it may be present
over and above that of ED;;,,. Naturally, an empirical challenge is that the
effectof ED;;,, ., may be hard to identify separately from that of ED;;,, given
the persistence in the spatial agglomeration of firms. There are two distinc-
tive sources of variation that allow us to separately identify the two effects.
First, young-age learning externalities can be distant in the time dimension
from current externalities, which is of course especially true for older entre-
preneurs and if geographical locations go through phases of industrial
booms and decays. Second, some individuals currently live in locations that
are different from those in which they grew up (movers), spatially breaking
the link between EDj,,), and EDj,. In addition to using the overall sam-
ple, we will also run regressions on the sample of movers to provide a more
compelling identification of the effect of entrepreneurial learning opportuni-
ties on entrepreneurial outcomes. Note that since we are controlling for cur-
rent entrepreneurial density, identification in the whole sample comes from
changes in entrepreneurial density between the year an individual turns 18
and the current year of observation. Differences in the growth path may be
correlated with other determinants of becoming an entrepreneur and bias
the estimates. We now discuss these issues in detail.

A natural concern is omitted variable bias: there could be unobserved fac-
tors that determine both an entrepreneur’s success (or the net benefits of be-
ing one) and the entrepreneurial density in a given area. For example, a well-
functioning local financial system might be able to lower entry barriers and
at the same time screen the best entrepreneurial projects, inducing an up-
ward bias in our estimation of y in equation (5). Alternatively, suppose that
there are government programs that subsidize entrepreneurship or provide
management training in low firm density areas, thus decreasing the costs
of being an entrepreneur as well as improving business performance. This
would induce a downward bias in y. Given that ED;;,, is strongly serially
correlated, any bias induced by these omitted variables will also transmit
to B, our effect of interest. Ideally, an instrument would address this con-
cern. Unfortunately, finding instruments for entrepreneurial density (and
for agglomeration economies in general) is difficult and is particularly so
in our case, where a time-varying instrument would be needed. We therefore
adopt two empirical strategies to address this issue. The first is a traditional
one: control for a rich set of characteristics (including demographics, geo-
graphical controls, intergenerational variables, and controls for both current

? For surveys of this literature, see Duranton and Puga (2004), Rosenthal and
Strange (2004), and Moretti (2011).
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and past local credit market development), which in principle minimizes
the set of unobservables that may potentially be correlated with current firm
density. The second is to use the sample of movers. If provinces had purely
idiosyncratic dynamics in firm density, the endogeneity bias induced by
the correlation between ED;;,, and &, would not “transmit” to the effect of
EDj,,,, onto Y, in a sample of movers (because j(i, z,) # j(i, t)). However,
as we document below, provinces do have a common time dynamics in-
duced by overall economic growth. In other words (simplifying the sub-
script notation slightly), firm density appears to follow an AR(1) process
with an aggregate drift:

EDjt = p + pEDjt—l + g‘jta (6)

where it is assumed that E({;.¢) = 0 forall {j # k} and {s # ¢}. For stayers
(for whom j(7,¢) = j(i, ;) = j), we are regressing
Y, = a+ BED,, + yED; + &,
and, given equation (6), ED;, will naturally be correlated with ED,,, imply-
ing that if E(e;|ED;) # 0 then E(e|ED;,) # 0 as well. For movers (for
whomj = j(i, 1) # j(i,t.) = k), however, we will be regressing

Y, = o+ BEDy, + vED, + i,
and EDy,, and ED;, are correlated only because of aggregate effects (espe-
cially recent ones, as farther ones exert diminishing effect as long as p < 1).

In other words,
E (&x|EDjy puy ity -..) # 0
but
E(ey|EDg,y they phi-1 ---) = O.

Controlling for year effects, therefore, breaks the correlation between cur-
rent firm density and firm density at learning age in the movers sample. Since
our interest centers on the identification of 8, this is enough to obtain unbi-
ased estimates of 8."°

Using movers, however, may introduce a sample selection (sorting) bias,
since the choice of moving from j(i,t,) to j(i,t) may have been driven by
unobservables correlated with entrepreneurship: for example, individuals
with a good business idea may move to areas with a higher firm density be-
cause these are more attractive locations to start a business. We address this

19 If firm density is subject to spatially correlated shocks (e.g., within a cluster of
geographical locations) besides aggregate shocks, controlling for time effects would
not be enough for people who move within a cluster. For robustness, we also con-
sider specifications in which we drop within-cluster movers.
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form of sorting using a Heckman probit selection model for location mobil-
ity and use aggregate migration rates as an exclusion restriction (see below
for details). A different form of sorting is with respect to ED;,,,,—that is,
people move to areas where opportunities for entrepreneurial learning are
better. While this is possible in principle, in practice we do not believe it
is a serious concern. First, the location where an individual grows up is (ar-
guably) chosen by the parents, and it seems quite unlikely that parents lo-
cate in specific areas to indulge their offspring’s entrepreneurial attitudes
(which may be hardly detectable at a young age to begin with).!* Still, one
could argue that parents with entrepreneurial traits choose to locate in en-
trepreneurially dense areas and that such attitudes are genetically or cultur-
ally transmitted to the offspring. Our control for having a parent entrepre-
neur captures a substantial part of these traits but, possibly, not all: some
parents with these traits may still move to dense areas but not become en-
trepreneurs. To account for this, in a robustness check we enrich the set
of parental controls, including education and sector of activity.

Finally, unlike the one discussed above, a different bias may come from
omitted variables that determine both ED at learning age and persistently af-
fect the propensity to become an entrepreneur and entrepreneurial ability
even after one moves from the learning age location. The presence of these
variables represents a threat to identification even in the sample of movers.
For example, differences in culture or in the quality of the school system
might both determine heterogeneity across locations in ED at learning age
and individual entrepreneurial outcomes later in life. Following Max Weber’s
culture theory, in certain areas entrepreneurship might be regarded as a
particularly appealing occupational choice and entrepreneurial success as a
highly regarded outcome. Because culture is persistent, an individual who
grows up in a high ED area might both be more likely to become an entre-
preneur and exert more effort in entrepreneurship as a reflection of the cul-
ture of the place where she grew up. This story would give rise to the same
type of correlation implied by the learning story and, because culture is por-
table, would also affect the specification where we focus on movers.

To address these threats to identification in our movers sample, we use the
argument that learning entrepreneurial abilities from entrepreneurial den-
sity presumably evolves at different frequencies and geographical reach than
culture. In fact, we will show that ED changes substantially over the sample
period even after netting out aggregate time effects, giving rise to nontrivial
within-location time series variation. Culture is instead a process that is likely
to move at very low frequencies (Williamson 2000). Furthermore, while
learning is local (you learn from people you directly interact with), culture

""'Tn one of our robustness checks we drop individuals who moved between
birth and age 18, eliminating this concern at its source.
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typically spans broader geographical areas. Hence, it can be accounted for by
broader geographical controls than those that define variation in entrepreneur-
ial density. Stated differently, if fixed local attributes are important, then
E(ex|EDjiy,y,) # 0, while E(g;|EDjiy, ., Geo,) = 0, where Geo, are detailed
geographical dummies for both the current and the learning age location.
Therefore, by comparing our estimates as we vary the number of spatial dum-
mies (making them finer), we are able to assess the likelihood that fixed local
attributes represent a credible threat to identification.

The other potential confounding factor is heterogeneous school quality.
If a given geographical area is endowed with better schools and school qual-
ity is a determinant of entrepreneurship, it will produce more and better en-
trepreneurs. Moreover, the effect will be long lasting, as schooling gets em-
bedded in the human capital that travels with the individuals on moving. We
address this concern directly by documenting that there is no correlation
between school quality and entrepreneurial density.

The discussion so far has focused on overall entrepreneurial density. Bell
etal. (2018) argue that the sectoral component of the entrepreneurial choice
offers additional identifying power for the causal effect of learning oppor-
tunities on the propensity to engage in entrepreneurship. Intuitively, if we
find that an individual who grew up in Prato (an area with a dense concen-
tration of textile firms) is more likely to run a textile business—conditional
on being an entrepreneur—even if she moves to Parma (a food district), this
would be evidence that exposure at learning age has a causal effect on the
sectoral choice. This reasoning holds under the realistic assumption that
those who grow up in Prato do not have a higher innate propensity to start
a textile business relative to other types of businesses.

IV. Data
A. The SHIW Sample

SHIW collects information on demographics, income, and assets for a rep-
resentative sample of Italian households. Starting in 1991, the survey is run
biannually (with the exception of 1997), and we use all 11 waves from 1991 to
2012 for a total of 62,756 observations (all household members who are em-
ployed and aged 30-65). For our purposes, the SHIW contains data on oc-
cupations and earnings from various sources—including earnings from busi-
ness—for each household member. Moreover, for each individual it reports
the province of birth and the province of residence. The province, an admin-
istrative unit comparable in size to a US county, is our geographical refer-
ence for measuring learning opportunities in the SHIW sample. There are
95 provinces at the start of the sample period."”? To identify entrepreneurs,

12 Over the sample period new provinces were created by split off of existing
provinces; we use the initial 95 province classification.
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we use two measures. The first is a broad measure that includes people who
are self-employed, partners of a company, and owners who run an incorpo-
rated business (19% in total). The second is a narrow definition that in-
cludes only the latter category (9% of the sample); it replicates the entrepre-
neur definition in the ANTA survey described next. This sample allows us to
study the occupational choice but has limited information on the firm’s
characteristics and the sector of activity, recorded at the one-digit level (four
sectors only). Panel A of table 1 shows summary statistics for the SHIW
sample. The key variables are defined in the appendix.

B. The ANIA Sample

Our second data source consists of detailed information from a sample of
entrepreneurs and their firms. The data set is based on a survey conducted
by ANIA, covering 2,295 private Italian firms employing between 10 and
250 employees. The survey was conducted between October 2008 and June
2009. It consisted of two distinct questionnaires. The first collected general
information on the firm and was filled out by the firm officials on a paper
form. The focus of this first questionnaire was on the type of firm-related
insurance contracts that the firm had or was considering. The questionnaire
also collected more general information about the firm (such as ownership
structure, size, and current performance) and its demographic characteris-
tics. The second questionnaire collected information on the person in charge
of running the firm. This questionnaire was completed in face-to-face inter-
views by a professional interviewer using the computer-assisted personal
interviewing (CAPI) method. Several categories of data were collected, in-
cluding information on personal traits and preferences, individual or family
wealth holdings, family background, and demographics. The latter in partic-
ular includes information on the municipality where the individual (as well
as his or her spouse) was born and where he or she was living at 18.

For approximately half of the firms (those incorporated as limited liabil-
ity companies), we also have access to balance sheets. These data were pro-
vided by the Cerved Group, a business information agency operating in
Italy. The data from the two sources were matched using a uniquely identi-
fying ID number. The matched sample is the one we use in this paper. The
data necessary to compute TFP are available for the years 2005-7. We end up
with 966 firms and almost 2,600 firm-year observations. TFP is computed
using factor shares, assuming constant returns to scale (results are robust
to alternative computation methods). Different from the SHIW sample,
we know the municipality (a lower administrative unit than the province)
in which the business is located. As our preferred geographical unit we thus
use the local labor systems (LLS), that is, territorial groupings of municipal-
ities characterized by a certain degree of working-day commuting by the
resident population, which represent self-contained labor markets and are
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Table 1

Descriptive Statistics

Variable Mean SD | Variable Mean  SD

A. SHIW Sample: B. ANIA Sample
Entrepreneur, definition 1 .19 .39 TFP (log) 2.45 .90
Entrepreneur, definition 2 09 .28 ED learn .06 .019
ED learn .05 .02 ED today .09 015
ED today .08 .02 EDSET learn .004  .007
Male 62 49 EDSET today .007  .007
Age 44.60  8.51 Male .67 A7
Experience 2432 10.25 Age 46.03  10.47
Parent entrepreneur A3 .33 Experience 15.84  11.00
Elementary school A2 33 Parent entrepreneur .36 48
Junior high school 33 47 Elementary school .01 .08
High school degree 39 49 Junior high school .07 25
College 14 35 High school degree .68 47
Postgraduate .01 .08 College 23 42
Married 77 42 Postgraduate .02 13
Family size 338 1.18 Married .78 41
Number of income recipients  2.01 .82 Family size 3.06 117
Mover 22 42 Mover .26 44
Mover-entrepreneur 19 .39 Learn in northwest .30 46
Income (log) 9.04 .87 Learn in Northeast .29 45
Born northwest 19 .39 Learn in center 19 .39
Born northeast 21 40 Learn in south 22 41
Born center .20 40 Resident in northwest .31 46
Born south 40 49 Resident in northeast .30 46
Resident northwest 24 43 Resident in center .20 40
Resident northeast 22 41 Resident in south .19 .39
Resident center 22 4 Mining .03 17
Resident south 32 47 Manufacturing .35 48
Agriculture .05 21 Utilities .01 .09
Manufacturing 23 42 Construction .08 27
Construction 07 25 Trade 24 43
Services and others 66 47 Transport .04 .20
Firm size 1.11 18.78 Other services 24 43
LC learn 22 11 Employees 3430 4038
LC Today 51 .20 LC learn .25 11
GDP growth .05 .04 LC Today .62 17

GDP growth .04 .03

Note.—See sec. A4 of the appendix for definitions of variables. ANIA = Associazione Nazionale delle
Imprese Assicurative; GDP = gross domestic product; SHIW = Survey of Household Income and Wealth;
TFP = total factor productivity.

therefore the ideal geographical unit within which to study local externali-
ties. LLS are similar to US metropolitan statistical areas. We use the defini-
tion based on the 2001 census, which identifies 686 LLS."* Results are robust
when performing the analysis at the provincial level.

13 In contrast, there are only 95 provinces.
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Summary statistics for this sample are shown in panel B of table 1. The
comparison with the SHIW sample indicates that they are fairly similar.
The main differences are that the ANIA entrepreneurs are on average more
educated, are less likely to have grown up or be resident in the south, and
manage larger firms. Note that some of the differences are expected, since
the SHIW statistics refer to both entrepreneurs and nonentrepreneurs, while
ANIA is a sample of entrepreneurs. Moreover, the ANIA sampling scheme
excludes firms with less than 10 employees and only includes incorporated
businesses. The appendix describes the design of the SHIW and ANIA sur-
veys in greater detail and provides a precise description of the variables used
in this study.

The two data sets we use have advantages and disadvantages. The SHIW
sample is representative of the Italian population and as such is ideal to
study the decision to become an entrepreneur. The ANIA survey is instead
a sample of entrepreneurs. On the other hand, the SHIW reports only the
current place of residence and the residence at birth, while the ANIA also
contains the location around age 18. Moreover, because the ANIA data
are relative to firms, they allow us to construct the direct empirical counter-
part of the Lucas model’s measure of entrepreneurial ability, that is, TFP.

C. Measuring Learning Opportunities and Other Controls

We measure learning opportunities with firm density at learmng age. As
explained above, as a reference measure of location we use provinces for the
SHIW sample and LLS for the ANIA sample."* To measure firm density we
obtain census data on both the population and the number of firms active in
each location and year since 1951 and divide it by the corresponding resi-
dent population.'” We then attach to each individual in our sample (in either
the SHIW or the ANIA survey) the firm density at the location at learning
age. Because the census data are available for 1951, 1961, 1971, 1981, 1991,
2001, and 2011, we perform a simple linear interpolation at the province or
LLS level for the midcensus years.

We follow a similar procedure to construct entrepreneurial density at the
sectoral level. This task is complicated by the substantial changes in the
sectoral classification that occurred over the six decennial censuses we use.
The finest homogeneous sectoral classification we were able to reconstruct
across censuses is based on 33 sectors. The appendix details the sectoral con-
cordance procedure.

4 This is due to data restrictions, as the province is the SHIW’s lowest available
level of geographical disaggregation.

1> In the choice of the firm definition we are constrained by data availability in the
early censuses. In particular, they only report data for production units, which are
similar to a plant. Moreover, they do not distinguish between business units and other
types, such as government units. We therefore keep all units throughout. In the most
recent censuses, nonbusiness units account for less than 3% of the observations.
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In the ANTA sample we know where each entrepreneur was living atlearn-
ing age and can attach ED in the location where she was at that age. In the
SHIW we know where the individual was born but not where she grew up;
in these cases we assume that they grew up in the province of birth. Hence
in this sample our measure of learning opportunities contains some measure-
ment error. This measurement error, however, is likely to be small. From the
ANIA sample (where we observe both the place of birth and the place at
learning age) we calculate that only 15% of people grew up in a province
different from that of birth. In SHIW we can calculate patterns of mobility
between birthplace and current location. The transition matrix, reported in
the online appendix (table OA.1), shows much larger mobility rates from the
south and islands (79% stay, 16% migrate to the north, 5% migrate to the
center) than in the center (94% stay, 5% migrate to the north, 1% migrate
to the south) and the north (97% stay, 2% migrate to the center, 1% migrate
to the south).

Our identification exploits both cross-sectional and time series variation
in firm density at learning age. Figure 24 shows the pattern of firm density
over time for each province in the sample, while panel B focuses on the larg-
est Italian provinces.'® Density differs considerably across provinces at each
point in time as well as over time within provinces with very different time
profiles. Consider individuals currently living in a given province X. They
differ along two dimensions: their current age and the province where they
grew up. Some grew up in the same province where they currently live, while
others moved after spending their formative years in a different province.
We can identify the effect of learning opportunities through two thought ex-
periments. Everything else equal, we can compare the occupational decision
and the performance as entrepreneurs of individuals currently located in prov-
ince X who grew up in X in different time periods and hence faced different
firm densities at learning age (i.e., individuals who grew up in Florence in the
early 1950s vs. the early 1990s). Or we can compare the outcomes of indi-
viduals of the same age who grew up in different provinces and hence faced
different firm densities at learning age before moving to province X (e.g., in-
dividuals who are currently in Florence but grew up in different provinces,
say Milan or Palermo). Because firm density is persistent, current density
and density at learning age for individuals based in the province where they
grew up tend to be relatively highly correlated (correlation coefficient, 0.6),
especially for younger individuals. Identification is facilitated by movers. For
this subsample of individuals (22% in the SHIW and 26% in the ANIA
sample), correlation between current density and density at learning age is
much lower (0.2). In terms of the relative importance of the two types of

¢ In fig. A1, we show the spatial distribution of firm density for two census
years, 1951 and 2011. The comparison shows substantial changes in the geograph-
ical distribution of density between the two censuses.



ST1 JO UOISIOA 0700 7 "sddutaoid 1s9d1e] ‘g soouraoid [y

JEEYY

I3

"2UIUO S[qe[reAt ST aIn3y

V "6007-16671 ‘soouraoxd uerfel] sso1oe AIISUSP WY JO UONN[OAT—'F "OL]

m—_om o_,_oN mo_ow oo_om mo_m_. om.m— mw.m— ow.a_. mn.mw on.m— mm.m_. oo.mw mm_m— om_m_.

JEEYY
o—_ON mo.ow oo_ON mm_mw om_m— mm.m— om_m_. mh_o_. ON_m— mo.m— om_m— mm_m— om_o_.

souaI0)4

(=3
N

0"

90"

80"

[




156 Guiso et al.

variations to overall variation in density, the variance decomposition
shows that it is rather similar: 52% is accounted for by the between com-
ponent, and 48% is accounted for by the within component.

Finally, we complement our data sets with the number of bank branches per
capita in each location-year as a measure of local credit market development.

V. Occupational and Sectoral Choice

We begin by studying the occupational choice. We do itin two steps. First,
using the SHIW sample, we ask whether entrepreneurial density at learning
age increases the likelihood that an individual chooses entrepreneurship over
paid employment. Second, given that the SHIW data set reports the sector
of occupation only at the one-digit level, we use the ANIA sample to analyze
the relationship between sectoral entrepreneurial density at learning age and
the sectoral choice of entrepreneurs. Importantly, we study these effects both
on the overall sample and restricting the analysis to the sample of movers. As
argued in section 111, this offers further support to the causal interpretation of
density at learning age on subsequent entrepreneurial choices and outcomes.

A. SHIW Sample: Occupational Choice

We start by estimating a probit model for the binary decision to become
an entrepreneur. In our specifications, besides firm density in the province
where the individual was located at learning age, ED;,,, (here assumed to
be the same as the province of birth), we control for firm density in the prov-
ince of current residence, ED);,,. We capture general geographical features
that may affect occupational decisions (such as the cost of starting a business)
by inserting dummies for the area of birth and for the current area of resi-
dence of the individual (either four macro area dummies—northeast, north-
west, center, and south—or 20 regional dummies). In addition, we control
for individual demographics, such as gender, age, educational attainment,
work experience, a dummy for whether the parents were entrepreneurs,
and family characteristics (whether married, number of earners, and family
size). A key issue in the choice to become an entrepreneur is access to fi-
nance. A large literature argues that liquidity constraints and easiness in rais-
ing external capital foster entrepreneurship (see, e.g., Evans and Jovanovic
1989; Banerjee and Newman 1994). It might be that firm density at learning
age reflects local financial development, as more firms may be started where
capital is easier to raise. To account for this we control for the number of
bank branches per capita in the province at learning age and for the same var-
iable in the province of residence at the time the survey was run. As shown
by Guiso, Sapienza, and Zingales (2004), the number of bank branches per
capita predicts the easiness in obtaining external finance. To capture cohort-
specific growth opportunities that may affect the choice of entrepreneurship
as well as subsequent performance, in all regressions we also control for
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regional gross domestic product (GDP) growth at learning age. All regres-
sions contain (unreported) dummies for education, year, and sector. Given
that our main variable of interest (ED at learning age) varies at the province-
year level, we cluster standard errors accordingly. Results are robust to alter-
native clustering schemes.

Results are shown in table 2 for the broader definition of entrepreneur-
ship, which includes the self-employed, partners of a company, and owners
who run an incorporated business. Marginal effects are reported through-
out. In column 1 we report the result of a regression with ED at learning
age without controlling for current ED. People who grew up in provinces
with a higher firm density are more likely to become entrepreneurs. As for
the other controls, bank branches per capita at learning age have no statis-
tically significant effect. Males are more likely to be entrepreneurs, as are
older and married individuals. Having a parent who was an entrepreneur
has a strong positive impact on the likelihood of being an entrepreneur, con-
sistent with most of the literature on the determinants of entrepreneur-
ship.” Moreover, the number of income recipients within a household also
exerts a positive effect, arguably because employed family members are a
source of startup capital and income insurance, which may be important
to smooth out entrepreneurial income fluctuations.

In column 2 we add current ED. This is a key control given that for
stayers current and learning age ED are correlated, so that the latter might
just be proxying for the former. We also control for current bank branches
per capita. As expected, the coefficient on learning age ED decreases, from
1.17 t0 0.73, but remains large and statistically significant. Current ED has a
slightly larger coefficient (1.1) and is also significant.'® Increasing ED at
learning age by 1 standard deviation increases the probability that an indi-
vidual decides to become an entrepreneur by 1.5 percentage points, 8% of
the sample mean.

!7 In a series of unreported exercises, we have added dummies for education and
for the sector of activity of the parents to control for the possibility that parents
with more entrepreneurial traits choose to locate in denser areas in terms of entre-
preneurship, as discussed in sec. III. Results are virtually identical.

'8 Note that while the correlation between the choice to become an entrepreneur
and current £D may suffer from a form of reflection problem (Manski 1994), our
variable of interest—ED at learning age—is immune from it. Of course, current ED
may be potentially endogenous, as both this variable and individual behavior may
respond to simultaneous shocks. The bias in the estimates might transmit to other
variables, particularly in nonlinear models. This concern is alleviated by the fact
that the individuals in our sample decided to become entrepreneurs on average
15 years ago (with a standard deviation of 11), which implies that their occupational
choice may be independent of current shocks. Moreover, in what follows we pro-
vide robustness checks along many dimensions, including the geographic ones,
finding that the estimates are remarkably stable.
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Table 2
Probability of Becoming an Entrepreneur, Survey of Household Income
and Wealth (SHIW) Sample, Definition 1

) O] (€] *
ED learn 1.170%** 734%% .646% 3.535%%*
(.282) (321) (373) (1.164)
ED today 1.092%%* 2.087%%* 176
(333) (438) (1.184)
LC learn —.006 —.002 —.000 —.012
(.008) (.009) (011) (.021)
LC today —.024 —.016 —.141%%*
(017) (.020) (.044)
Male .043%%* 0437 .043%%* .066%**
(.005) (.005) (.005) (.016)
Age 1425 12755 123%%% 197%%%
(.022) (.023) (.025) (.061)
Experience —.020%%* —.020%%** —.019%%* —.029
(.006) (.006) (.006) (.018)
Parent entrepreneur 367 375 A36%%% .098% %%
(.007) (.007) (.007) (.019)
Married .019%%% .01 8% .018%%% .006
(.006) (.006) (.006) (.021)
Family size .001 .001 .001 .002
(.002) (.002) (.002) (.006)
GDP growth at learning age —.034 —.040 —.031 .027
(.068) (.068) (.067) (175)
Number of income recipients 0127 011%=* 0117 .018%*
(.003) (.003) (.003) (.007)
Nmover —.638%**
(.180)
Observations 62,756 62,756 62,756 13,360
Area dummies:
Macro area of birth X X X
Macro area of residence X X X
Region of birth X
Region of residence X

Note.—Shown are results of probit regressions for the choice of being an entrepreneur, marginal effects.
Entrepreneur definition 1 includes («) individual entrepreneurs, (b) owner or member of family business,
(c) working shareholder/partner, and (d) self-employed/craft workers. ED learn is entrepreneurial density
at 18 in the place of birth, ED today is current entrepreneurial density in the place of residence. LC learn
and LC today are indicators for liquidity constraints at learning age and in survey year, respectively. All
regressions include year, education, and sector dummies. Column 4 uses only the sample of movers, cor-
recting for selection with a Heckman model in which the excluded variables are the average mobility rate
out of the region of birth in the 10 years before and after the learning age. Standard errors clustered at the
level of year of learning and province are in parenthesis. GDP = gross domestic product.

“ Significant at 10%.
Significant at 5%.
¢ Significant at 1%.

Having established this basic pattern, we now check whether it is robust
to a number of potential objections. As discussed in section I11, there is still
the possibility that our results are driven by unobserved local factors that
drive both ED at learning age and entrepreneurial outcomes later in life,
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such as school quality and differences in culture. Regarding school quality,
ideally one would like to control for it at the local level at the time of learn-
ing. Unfortunately there is no source of information on school quality at the
local level over the required time span and thus we cannot control for this
potential confounding factor in the regressions. However, we do observe
school quality in recent years. If, as the objection holds, school quality is
higher in high ED areas and this leads to higher human capital and possibly
to more or better entrepreneurs, we should find a positive correlation be-
tween school quality and ED even today. Since 2008, Italian fifth graders
have taken a national standardized test in reading and math conducted by
the Istituto Nazionale per la Valutazione del Sistema Educativo di Istru-
zione e Formazione (INVALSI). The test, similar to the Organization for
Economic Cooperation and Development’s Program for International Stu-
dent Assessment (PISA) test, is administered to more than half a million stu-
dents in 6,000 schools in 3,400 cities. We average the 2008-9 INVALSI test
scores measure at the province level and regress this variable on current ED,
after controlling for macro area dummies. Figure 3 reports the regression
line for test scores in language and math. We find no correlation for lan-
guage scores and a slightly negative correlation for math scores. This evi-
dence goes against the objection that our measure of £D may be proxying
for unobserved school quality.

To address the other potential source of unobserved heterogeneity—
cultural differences across areas—we increase the number of spatial con-
trols, reducing the contribution of the cross-sectional variability in the data
to identify the parameters and thus exploiting mostly the time series varia-
tion. The assumption is that such alternative determinants tend to move at
much lower frequencies than ED (and learning entrepreneurial skills from
it). Moreover, as argued above, learning is likely to be more localized than
culture, whose effect should be accounted for by finer geographical dum-
mies. Both arguments imply that the coefficient of ED should become
smaller as we increase the number of spatial controls if ED is mostly captur-
ing cross-sectional differences in cultural endowments but should remain
roughly unchanged if ED at learning age captures the possibility of accumu-
lating entrepreneurial ability. In column 3 we introduce 20 regional dum-
mies, both for the current location and for the area of learning location."
Results for the ED at learning age variable are similar, suggesting that fixed
unobserved local characteristics are unlikely to be driving our estimates.

Finally, in the last column we focus on the sample of movers, that is, in-
dividuals who were born in a province different from their current province

19 Regions are territorial units composed on average of five provinces. We have
also experimented with province dummies, which completely eliminate the cross-
sectional differences. The point estimates are similar, but we lose statistical precision.
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of residence. This comparison allows us to break the collinearity between
current and learning age density. To control for selection into moving, we
run a Heckman sample selection model. As an exclusion restriction for mo-
bility we use data on internal migration flows from the National Institute of
Statistics. Given that our geographical unit is the province, ideally we would
like to have data on out-of-province migration. Unfortunately, the data only
contain (for each region and year) information on the number of individuals
who move out of the region (a larger administrative unit than the province)
and the (aggregate) number of individuals moving out of a municipality
(a smaller administrative unit than the province).?® The latter is a combination
of intra- and interregional mobility. Since provinces are closer to a region
than to a municipality (there are 20 regions, 95 provinces, and 8,100 munic-
ipalities in Italy), we focus on out-of-region migration rates, which we obtain
by dividing the annual number of out-of-region migrants by the regional
population. Given that we do not know the exact year of the move (as we
only know province of birth and the current province of residence), we take
the average mobility rate in the 10 years before and the 10 years after learning
age and include them in the first stage of the Heckman procedure.

We report the first stage in table OA.2. The rank condition is satisfied: we
find that local migration rates affect the individual probability of moving.
Since migration occurs in waves, we find the intuitive result that the likeli-
hood to move is higher if past migration out of the region has been low or
future mobility is higher. In terms of the exclusion restriction, one concern
might be that outward migration could affect the equilibrium in the local
labor markets of origin or destination. However, with almost 100 provinces
(and 600 LLS in the ANIA analysis) the contribution of the migration flow
from a given province to any other is likely to be negligible.”!

2° Mobility out of the region is available starting only in 1995. To compute mo-
bility out of the region before 1995, we take the average of the ratio between the
number of movers out of the region and out of the municipality for the overlapping
years. This gives the average share of movers out of the region on total movers. We
then multiply mobility out of the municipality by this ratio to obtain an estimate of
mobility out of the region for the years before 1995.

2! To assuage further concerns on the validity of the exclusion restriction, we
consider two additional exercises. The first is to notice that the model is technically
identified even without an exclusion restriction, thanks to the nonlinearity of the
inverse Mills ratio. If we drop the exclusion restriction altogether (as a way of ad-
dressing an extremely skeptical view of the instrument validity), the effect of entre-
preneurial density at learning age is slightly smaller and (as expected) noisier. How-
ever, it remains in a similar ballpark and is still significant at the 10% level. A
different objection is that there might be correlated shocks for clusters of provinces
or regions, which invalidates the identification in the movers model for those who
move within the cluster. To address this issue, we restricted both the SHIW sample
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The results of the second stage are reported in column 4 of table 2. The
coefficient on the Mills ratio is negative and significant, pointing to a nega-
tive correlation between the propensity to move and that of becoming an
entrepreneur. This is consistent with previous evidence documenting that
entrepreneurs are less mobile than employees (Michelacci and Silva 2007).
The basic result is qualitatively unchanged, but the coefficient becomes sub-
stantially larger—a pattern that will emerge in all of the regressions focusing
on movers. This suggests that the movers regression corrects a potential
downward bias in the estimates obtained using all workers. A plausible ex-
planation is place-based policies, such as government programs to foster
entrepreneurship in places where there is little entrepreneurial activity (i.e.,
where ED at age 18 is low). These policies may induce a negative correlation
between ED at learning age and the decision to become an entrepreneur for
stayers, who can benefit from the policy and are thus more likely to become
entrepreneurs. Because place-based policies in the learning location apply
only to stayers, the bias is absent in the sample of movers.

While our measure of density carries considerable explanatory power,
there could be other dimensions of heterogeneity in entrepreneurial density
across geographical units that are important for learning, such as the share
of patenting firms or the distribution of R&D spending. Unfortunately,
data limitations do not allow us to account for these dimensions. However,
we can control for average firm size at learning, which tends to be correlated
with R&D spending and innovation as well as with market power. If we do
so, all our results are unchanged.”

Table A1 replicates the same regressions using the more stringent defini-
tion of entrepreneurship, which excludes self-employment. This reduces
the incidence of entrepreneurship from 19% to 9% (see table 1). Results
are qualitatively confirmed. The point estimates are reduced by half (with
the exception of the movers sample), which is expected, as the share of en-
trepreneurs is substantially smaller. According to the estimates of column 2,
increasing density at learning age by 1 standard deviation increases the prob-
ability that an individual becomes an entrepreneur by 0.8 percentage points,
which represents a slightly larger increase relative to the sample mean than
in the case of definition 1 (10% vs. 8%).

and the ANIA sample to long-distance migrants, i.e., to those who migrate outside
the region or outside the macro area (a collection of regions) of birth. We have re-
peated all of the regressions in the paper involving movers adding these restrictions.
The results, reported in table OA.3, fully confirm those of the unrestricted movers
sample.

22 This is true not only for the results in the SHIW sample but also for all those
using the ANIA sample discussed in the next sections. The detailed regression re-
sults are shown in table OA.4.
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B. ANIA Sample: Sectoral Choice

The ANIA sample contains only entrepreneurs and cannot be used to
study the occupational choice. However, differently from SHIW, the ANIA
data set classifies businesses using a four-digit sector classification. This
allows us to study the sectoral choice of activity, conditional on being an
entrepreneur.

To study the effect of sectoral density at learning age on the choice of sec-
tor in which to operate (conditional on having already chosen to be an en-
trepreneur), we define sectoral density EDSET ), = firms S /pop;. as the
ratio of firms in sector 4 in location j in year ¢ to location 7’s population
in year t. We investigate whether, conditional on becoming an entrepreneur,
the probability that an individual operates in sector / increases with sectoral
density at learning age. From an econometric point of view, this choice is
identical to that of a consumer choosing between A mutually exclusive dis-
crete goods, with sectoral density interpreted as (the inverse of) the “price”
of the “good.” The idea is that for an entrepreneur located in Silicon Valley
the cost of starting an ICT business is lower than the cost of starting a textile
business, or the benefits larger. To capture the choice of sector, we use a
modified version of equation (5):

Z 0 + 6EDSET};(zr,)t, + ¢EDSE 7h (i)t + Dl? + Nibts (7)

where Z;, is the latent net utility associated with running a business in sec-
tor hinyeart, EDSET ,,,, is sectoral density in sector » and areaj in which
the individual was hvmg at learning age, EDSET),,, is sectoral density in
the place where the business is currently located, and D, are sector dum-
mies. We define indicators Z;, = 1{Z,, = argmax{Z,,, ..., Zy,}} for h =

, H. Assuming that 7, is a type I extreme-value random variable,
this type of problem can be analyzed with the conditional logit model of
McFadden (1974). Given that all regressions include sector dummies, the
parameters are identified only by within-sector, across-year location varia-
tion in sectoral density (i.e., identification comes from changes in entrepre-
neurial density between the year an individual was 18 and the current year
of observation). Finally, since ANIA is a cross section of entrepreneurs, ¢ =
2007 for all individuals and EDSET,,. varies only by location.

Table 3 reports the results. We find that sectoral density at learning age
strongly affects sectoral choice as an entrepreneur (col. 1). The size of the
effect decreases somewhat but remains positive, large, and significant when
including current sectoral density (col. 2), which, mechanically, is positively
associated with individual sectoral choice. To give a sense of the magnitude
of the effect, using the estimate in column 2 we find that an increase of
sectoral density at learning age of 0.0035, equal to the standard deviation
of its distribution, increases the probability that an entrepreneur chooses
that sector by 10%.
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We next sharpen the specification, first including individual character-
istics and then focusing on movers. Since the model with individual char-
acteristics is much more demanding in terms of estimation and the sample
includes only 260 movers, we aggregate our original 33 sectors into nine,
based on sectoral similarity and sample size considerations. We detail the
sectoral aggregation procedure in the appendix.” In column 3 we first re-
estimate the model with the coarser sectoral aggregation on the whole sam-
ple. The estimates are similar to those in column 1 with all 33 sectors, with
the coefficient smaller for current density (30.7 vs. 48.9). This is to be ex-
pected: with more aggregated sectors, the sectoral choice is defined less pre-
cisely. In column 4 we estimate a mixed logit model; that is, we add individ-
ual controls (sex, age, experience, father entrepreneur, years of education,
area dummies). Despite the more demanding specification, results are sim-
ilar to those in column 2, with the density at learning age dropping from 29
to 20 but maintaining statistical significance at 10%.

As discussed in section III, a problem with the interpretation of these
regression coefficients is the usual endogeneity issue. It might be that indi-
viduals who chose to start up a textile firm in Prato did so because the tex-
tile industry in Prato was particularly profitable at an individual’s learning
age due to some local characteristics whose effects persist today. As before,
we can address this problem by focusing on the sample of movers. In col-
umn 5 we run the model on the sample of movers only. The estimate is sim-
ilar (34.1) and significant at 10%. This confirms that our entrepreneur who
grew up in Prato is more likely to run a textile business even if she moves to,
say, Parma. In column 6 we also include sectoral density today. As before,
the coefficient of sectoral density at learning age drops slightly to 29.2 and,
as a consequence, the p-value drops as well (to 14%). Sull, the result lines
up with the previous ones and confirms that sectoral density at learning
age is a strong predictor of entrepreneurs’ sectoral choice.

Overall, both the occupational choice results and the sectoral choice re-
sults indicate that density at learning age has a strong impact on individual
choices. We now move on to analyze the effects of entrepreneurial density
on the performance of entrepreneurs.

> Our aggregates are (1) agriculture, extraction, and traditional manufacturing
(food tobacco, textile, leather); (2) paper, refinery, and chem1cals, ®) metals and
nonelectrical machines; (4) electrical and electronic machines, precision instruments,
transportation equipment, and other manufacturing NEC (not elsewhere classified);
(5) construction; (6) retail trade; (7) hotels and restaurants; (8) transport, communi-
cations, and utilities; and (9) other services.
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VI. Performance Analysis

As with occupational choice, we exploit both data sets to analyze entre-
preneurial performance, starting with the SHIW sample and then moving to

the ANIA sample.

A. SHIW Sample: Entrepreneurial Profits

We measure entrepreneurial success with income from business. Since
this is available only for entrepreneurs, we estimate a Heckman selection
model to correct for selection into entrepreneurship and use as an exclusion
restriction the number of family earners, which we assume affects the deci-
sion to become an entrepreneur (if other family earners offer some earnings
risk diversification) but not entrepreneurial success directly. Otherwise, the
set of controls is the same as in the probit estimates in tables 2 and A1. Re-
sults are shown in table 4 for the broad definition of entrepreneur. ED at
learning age has a positive and strongly significant effect on the (log of ) en-
trepreneur’s earnings. The effect is slightly smaller but retains fully its sta-
tistical significance even after controlling for the current firms density in the
province (col. 2). The effect of current ED is positive and significant, con-
sistent with a large literature on agglomeration economies (Rosenthal and
Strange 2004; Moretti 2011), but the effect of ED at learning age is almost
twice as large (5.5 vs. 3.0) and is highly statistically significant. In terms
of magnitude, the estimate implies that increasing density at learning age
by 1 standard deviation increases entrepreneurial income by 11%.

How to interpret these estimates? First, the fact that our proxy for learn-
ing opportunities has a positive effect on entrepreneurial performance sug-
gests that “learning skills” (which increases average performance) is more
relevant than “learning how to reduce business startup costs” (which lowers
it), based on the implications of the simple model of section II. Second,
the fact that external effects related to firm density at learning age appear
to be more important for firm profits than current externalities is an impor-
tant result for the literature on agglomeration economies and the channels
through which they operate. Duranton and Puga (2004) propose three mech-
anisms through which agglomeration economies can affect firm perfor-
mance: the opportunities to learn from other firms, the size of the local work-
force (which can increase the division of labor and the quality of job-worker
matches), and a greater variety of intermediate inputs. Of these three mech-
anisms, only learning can have effects that persist once an entrepreneur
moves from a high-density area. Our results therefore indicate that learning
externalities are at play in the determination of agglomeration economies.”

2* Of course, this does not imply that the other sources of externalities are absent.
In fact, ED is a natural indicator of learning externalities but not necessarily of the
size of the local workforce or of intermediate input varieties, typically captured by
other indicators (Glaeser et al. 1992; Cingano and Schivardi 2004).



Table 4
Entrepreneurial Income, Survey of Household Income and Wealth (SHIW)
Sample, Definition 1

) @ (€] *
ED learn 6.633%%% 5.453%%% 5.404%%% 6.879%%
(1.138) (1.310) (1.474) (2.976)
ED today 2.974%% 3.756%% .790
(1.273) (1.670) (2.820)
LC learn —.128%%** —.114%%* —.137%%% —.088
(.030) (.033) (.044) (.064)
LC today —.069 —.070 .014
(.063) (.070) (121)
Male A432%%x 433%%% 4235 A423%x
(.023) (.023) (.023) (.054)
Age 271%%% 226%* 204%% .385%
(.091) (.095) (102) (.208)
Experience .060%* .058* .0627%% .010
(.030) (.030) (.030) (.063)
Parent entrepreneur 091 %% 097 %% 0971 A21%%
(.025) (.025) (.024) (.059)
Married A17%%% 1177 1137 .067
(.026) (.026) (.026) (.059)
Family size .009 .010 .011 .040%*
(.009) (.009) (.009) (.017)
GDP growth at learning age .096 .084 .077 —.343
(.239) (.238) (.235) (618)
Nener 191 .188 175 216
(.028) (.028) (.027) (.139)
Nmover —.058
(.079)
Observations 11,408 11,408 11,408 2,009
Area dummies:
Macro area of birth X X X
Macro area of residence X X X
Region of birth X
Region of residence X

Note.—The dependent variable is log income from entrepreneurial activity. Entrepreneur definition 1
includes () individual entrepreneurs, (b) self-employed/craft workers, (c) owner or member of family busi-
ness, and (d) working sharc]ioldcr/partncr. ED learn is entrepreneurial density at 18 in the place of birth,
and ED today is current entrepreneurial density in the place of residence. LC learn and LC today are in-
dicators for liquidity constraints at learning age and in survey year, respectively. All regressions include
year, education, and sector dummies. All regressions are the second stage of a Heckman two-stage model
to correct for the choice of becoming an entrepreneur. The excluded variable is the number of income re-
cipients in the family. Column 4 uses only the sample of movers, correcting for selection with a Heckman
model in which the excluded variables are the average mobility rate out of the region of birth in the 10 years
before and after the learning age. Standard errors clustered at the level of year of learning and province are
in parenthesis. GDP = gross domestic product.

* Significant at 10%.

Significant at 5%.
¢ Significant at 1%.
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Moreover, they also point to a specific mechanism of learning externalities—
that is, those that get embedded in the individual’s human capital in the
coming-of-age years, which are distinct from contemporaneous knowledge
spillovers that result from being located in a certain area in the current period.

As for the effect of other controls, we find that male entrepreneurs earn a
substantial premium (more than 40%) over female entrepreneurs. Older en-
trepreneurs earn more, as do those who are married and those with a parent
who already was an entrepreneur.”

In column 3 we include regional dummies (for both current and learning
age location) and find no differences in the estimates, in line with the hy-
pothesis that the ED at learning age is not proxying for other unobservables
that determine both ED at learning age and entrepreneurial success today.

In the last column we focus on the sample of movers, where identification
is robust to the concerns discussed in section III. Column 4 corrects for joint
selection into entrepreneurship as well as moving, where the instruments for
mobility are the same as in the occupational choice regressions of the previ-
ous tables. We find that the basic conclusions are confirmed, with the effect
becoming slightly larger compared with those for the whole sample.?

Table A2 uses the stricter definition of entrepreneurship. This reduces the
observations from 11,408 to 5,034. The reduction in sample size affects the
statistical power so that, in the specification with regional dummies, we lose
statistical significance. However, the pattern that emerges is fully consistent
with that based on the broader definition of entrepreneurship. We also find
that in the movers sample the coefficient is substantially larger than that in
the overall sample, arguably because breaking the correlation between ED
at learning age and current ED is more important in the smaller sample of
strictly defined entrepreneurs.

% Growing up in an entrepreneurial family can be an important alternative
source of learning. Of course, this cannot be told apart from genetic effects, so that
one cannot interpret this coefficient as evidence for learning.

26 Tt can be argued that using the number of current income earners as an exclu-
sion restriction for entrepreneurship may be invalid if entrepreneurs help their rel-
atives in finding a job more effectively than nonentrepreneurs, e.g., because they can
hire them or can facilitate their hiring at other firms. To address this issue we use,
as an alternative exclusion restriction, the number of household members aged >18,
>25, and >35 at the time the individual started his or her current job (which for the
entrepreneur coincides with the year in which the business started). This exclusion
restriction captures the same underlying idea (adult members can potentially provide
startup capital), but it does not suffer from reverse causality because the firm was not
in operation yet. While the resulting sample is much reduced (since the variable that
measures when the current job started is missing for half of our sample), the results
remain reassuringly similar. The coefficient on the firm density at learning age is 6.03
(significant at 10%), very similar to the 6.88 estimate in col. 4 of table 4.
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B. ANIA Sample: Productivity Performance

To further investigate the effects of ED on entrepreneurial quality, we
now turn to the ANIA sample. We use the same framework as in the SHIW
sample, with a few exceptions. First, following Lucas (1978), we measure
entrepreneurial ability with firm TFP. Second, we measure ED in the loca-
tion in which the entrepreneur was actually living at age 18 rather than at
birth. As stated above, for 15% of cases in our sample these two locations
differ. Third, the set of controls is the same as in the SHIW regressions, with
the exception that in ANIA we do not have total experience and hence use
the number of years since the individual started managing the firm. As be-
fore we cluster standard errors at the learning age-LSS level, and as before
results are robust to alternative clustering schemes.

Table 5 shows the results. ED at learning age has a positive and precisely
estimated effect on the firm TFP (col. 1). Increasing ED at learning age by
1 standard deviation (0.02) increases TFP by 8.6%. None of the other con-
trols displays a significant effect, likely because we have a much smaller sam-
ple compared with SHIW. It is hence remarkable that ED at learning age is
also statistically significant in this data set. In column 2 we add current
ED, for which we find a positive but statistically insignificant coefficient.
The coefficient on ED at learning age increases slightly (to about 5) and re-
mains statistically significant at conventional levels. As in the SHIW data,
therefore, we find the striking result that learning age externalities play a
stronger role than current production externalities. We also notice that the
elasticity of entrepreneurial quality to ED is very close in the two data sets,
although the sampling frame and the variables used to measure entrepre-
neurial performance are different. Once more, the results suggest that the
skillimprovement effect dominates the entry cost reduction effect mentioned
in section I1.>

The remaining columns of table 5 perform a series of robustness checks.
First, we control for ED at birth (col. 3). A growing literature stresses the role
of early education on professional outcomes (Heckman, Pinto, and Savelyev
2013). Extrapolating from this literature, it may be argued that the economic
environment that matters most to accumulate entrepreneurial ability is the
one in the early years of development. However, we find that the estimated

27 The ANIA sample allows us to test robustness to the issue of parental sorting
discussed in sec. III. Parental sorting could generate a spurious correlation between
performance and firm density at learning age if parents move to locations with bet-
ter learning opportunities to indulge their children’s entrepreneurial attitudes. One
simple test for this is to reestimate the model on a sample where parental sorting is
absent, i.e., to exclude those who moved between birth and age 18 (since in this age
interval children move because their parents move). If we focus on this restricted
sample, we find that the effect of firm density on firm performance is 4.3, only slightly
smaller than when the full sample is considered (table 5, col. 2). This suggests that par-
ental sorting is unlikely to drive our results.
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Table 5
Total Factor Productivity (TFP) and ED at Learning Age, Associazione
Nazionale delle Imprese Assicurative (ANIA) Sample

) @ €] Q) ©)
ED learn 3.680% 4.7117%* 5.494%% 5.794%%  11.378***
(1.922)  (2239)  (2373)  (2.873)  (3.653)
ED today 2.779 2.904 1.945 2.684
(2584)  (2.629)  (4551)  (4.586)
LC learn —.071 .018 .017 142 167
(.103) (.108) (.109) (.249) (.170)
LC today —.420%* —.416%*  —1.245 —.421
(.204) (.207) (.842) (.356)
Male —.065 —.072 —.070 —.041 —.037
(.048) (.048) (.049) (.052) (.098)
Age 298 A425% 369 483 384
(.239) (.243) (.250) (.408) (486)
Experience .033 .037 .042 .041 —.041
(033)  (.032) (.033) (.034) (.058)
Parent entreprencur —.068 —.072 —.075 —.082 155
(051)  (.052) (.052) (055)  (.110)
Married .094 .094 .100 .098 .030
(068)  (.067) (.068) (.072) (.138)
Family size —.007 —.007 —.011 —.008 .000
(023) (023 (.023) (.024) (.045)
GDP growth at learning age  —2.445  —2.500 —2.501 —1.963 9.606
(3.298)  (3.306)  (3.323)  (3.989)  (6.145)
ED birth —3.041
(3.253)
Nmover 142
(.233)
Observations 2,531 2,531 2,495 2,531 637
Area dummies:
Macro area of residence X X X X
Macro area of learning X X X X
Province of residence X
Province of learning X

Note.—The dependent variable is log TFP. All regressions are based on the data for the years 2005-7
and include year, education, and sector dummies. Column 5 uses only the sample of movers, correcting
for selection with a Heckman model in which the excluded variable is the average mobility rate out of
the municipality where the individual was living at learning age in the 10 years after the learning age. Stan-
dard errors clustered at the level of the local labor system and year of learning are in parenthesis. GDP =
gross domestic product.

* Significant at 10%.

Significant at 5%.
¢ Significant at 1%.

coefficient of ED at birth is not statistically different from zero while that
of ED at learning age is unaffected, supporting the idea that most of the
“learning from other entrepreneurs” occurs after childhood.

These findings could still be consistent with a cultural explanation if the
culture that matters for entrepreneurship is not acquired in the early years
of life but later. If the density where one grows up is a reflection of an
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underlying entrepreneurial culture, our measure might just be proxying for
the latter rather than for learning opportunities. As before, we address this
concern relying on the idea that culture evolves slowly and the geographical
unit that is covered by culture is broader than that where learning entrepre-
neurial abilities from firms takes place. Accordingly, in column 4 we expand
the number of spatial controls to account for potential spatially correlated
effects. Given that the geographical unit for £D is the LLS, we can use finer
controls than those of the SHIW sample and insert 95 province dummies
(rather than 20 regional dummies). Since provincial governments are in
charge of managing schools, provincial dummies also account for any persis-
tent geographical differences in the quality of schooling. As before, we use
separate dummies for location at learning age and current location. Again,
we find that the point estimates are unchanged—if anything, they become
larger—and that the coefficient is statistically significant at the 5% level.*

Finally, we focus on the sample of movers employing a Heckman sample
selection model. Compared with the SHIW regressions, we introduce two
slight modifications given that we have richer data. First, we use the rate of
mobility out of the municipality rather than out of the region. In fact, an
LLS contains on average 10 municipalities, while regions contain on average
around 40 LLS. Mobility out of the municipality is therefore a closer proxy
to mobility out of the LLS than mobility out of the region. Second, we only
use the average mobility rate in the 10 years after learning age. Different
from the SHIW sample (where we observe the province of birth but not
the province of residence at learning age), in the ANTA data we know that
the individual was still resident in the LLS of learning at 18, so we can dis-
regard prior mobility. The first stage, reported in table OA.2, shows that the
instrument has the expected positive sign and is statistically significant. Col-
umn 5 shows that, as in the SHIW sample, the effect of ED at learning age
becomes stronger and more precisely estimated. In this case, the Mills ratio
is not significant; consistent with this, a regression without the Heckman
correction delivers very similar results.

We refine the test further by including a full set of current province-time
fixed effects and even the fully saturated current LLS-time fixed effects.
This way, we control for any current time-varying local shock possibly cor-
related with current ED, which, as noted in footnote 18, could transmit the
bias to ED at learning age.” This refinement is particularly powerful for

28 We have also experimented with dummies at the LLS level, thus exploiting for
identification of learning effects only on the time variation in ED. As with the
SHIW data, estimates for the effect of E£D at learning age are similar in magnitude
but with larger standard errors. This is not surprising, given the large number of
dummies (more than 400) and the limited sample size.

2 Unfortunately we could not implement this strategy in the SHIW sample be-
cause of convergence problems when estimating probit models with more than
1,000 additional dummies (11 waves times 95 provinces).
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movers, where we compare individuals who are today in the same province
(LLS) but grew up in different provinces (LLS) and, in light of the controls,
make the same decision with regard to where to move to. We find that results
for the basic specifications in table 5 are if anything strengthened, regardless
of whether we use province-time or LLS-time fixed effects. They are con-
firmed even in the case in which we allow the dummies to differ for young
and old entrepreneurs, to control for some secular trends in the local effects.
We report the results in table OA.5.

As afinal check, we have used sales per worker to measure entrepreneurial
quality. While TFP is the closest empirical counterpart to ability in the Lucas
model, estimating TFP requires more assumptions than just computing a sim-
ple measure of labor productivity. Results in table A3 are similar to those ob-
tained using TFP. The coefficient on ED at learning age tends to be larger and
more precisely estimated. Increasing density at learning age by 1 standard de-
viation results in an increase in sales per worker of around 22%. A possible
explanation is that growing up in denser areas not only improves ability but
also leads entrepreneurs to increase the capital-labor and intermediate inputs—
labor ratio, leading to an even stronger effect on labor productivity.

Thus far, we have taken age 18 as a focal point for learning age. This is
partly because of data limitations (in ANIA we observe the place of resi-
dence at birth, at age 18, and at the time of the interview) and partly because
age 18 should capture learning occurring before an individual makes her
formal occupational choice. However, it is likely that—as argued in sec-
tion II.B—learning occurs over an age interval, including periods in which
the individual works for firms different from the one she ultimately creates.
To shed some light on this process, we reestimate the relationship between
firm TFP and density at learning age in the ANTA data (using the basic spec-
ification in col. 2 of table 5) assuming that the learning age ranges between
10 and 25 (and that individuals who are in location j at 18 were in that loca-
tion throughout this particular segment of their life cycle).” Interestingly,
the effect is small and insignificant at age 10, and it increases monotonically
with age until it reaches a peak at age 23 (see fig. A2). Given that most of the
entrepreneurs in our sample were already working at age 20 (i.e., after com-
pleting high school), the fact that the coefficient keeps increasing up to age 23
is consistent with the idea that learning also occurs in firms.

Overall, we take this evidence as supportive of the idea that one impor-
tant channel through which individuals acquire entrepreneurial abilities is
early exposure to a richer entrepreneurial environment.’!

3% We do this exercise only on the ANIA data, since for SHIW we know only
location of residence at birth.
! In light of evidence arguing that low- and high-skilled entrepreneurs create

firms of different types (Gendron-Carrier 2018), we explore whether the effect
of ED at learning age varies by level of schooling. In both SHIW and ANIA, we



Learning Entrepreneurship from Other Entrepreneurs? 173

VII. What Features of Entrepreneurship Are Learnable?

Being an entrepreneur requires multiple talents. The entrepreneur devel-
ops new ideas, evaluates their market appeal, organizes production, bears
the risk of failure, and so forth. The role of the entrepreneur as the bearer
of risk dates back to Knight (1921), who ascribes the very existence of the
firm to its role as an insurance provider. More generally, there is a large man-
agerial literature showing that entrepreneurs tend to differ from the average
individual in terms of some key traits, such as confidence and optimism
(Camerer and Lovallo 1999; Astebro 2003). Besides possessing these traits,
the entrepreneur also needs to be able to conceive and implement ideas, ar-
range and coordinate the production process, and bring the product to mar-
ket. Marshall (1890) was the first to stress the importance of localized spill-
overs to learn “the mysteries of the trade.”

In this section we offer empirical evidence on how learnable these fea-
tures are, using information from the ANIA survey. This is a simple way
of looking at the “black box” of what our variable of interest (entrepreneur-
ial density at learning age) represents. In face-to-face interviews, respon-
dents were asked a set of questions aimed at eliciting risk preferences and
identifying personality traits. We briefly describe them here and report the
full questions in the appendix. First, respondents were asked to choose
between different investment strategies with decreasing risk-return profiles,
ranked from 1 (high risk and high return) to 5 (low risk and low return). We
use the answers to this question as a measure of risk aversion. Second, the
respondents were asked to express, on a scale from 1 to 5, their preferences
regarding drawing a ball from an urn with 50 green and 50 yellow balls versus
drawing it from an urn containing an unknown share of balls of each color.
We use this question to measure ambiguity aversion. A measure of self-
confidence was obtained by asking the entrepreneur whether she ranked
herself below, at the same level, or above the average ability of other entrepre-
neurs. Optimism is measured by the answer (on a scale from 0 to 10) to how
much the respondent agrees with the statement “All things considered I

find that the effect of firm density at learning age on performance declines with ed-
ucation, consistent with college graduates learning less. On the other hand, the in-
teraction with education has the opposite effect on the probability of becoming an
entrepreneur: an increase in firm density at learning age increases the probability of
becoming an entrepreneur more for the college educated (table OA.6). Density may
also have heterogeneous effects across sectors. Grouping observations in two broad
sectors—industry (manufacturing, construction, and utilities) and services (so that
we have enough observations in each)—we test whether density matters differently
in these two sectors. The results are not clear-cut. In the SHIW sample we find
some evidence that firm density at learning age has a greater impact for occupational
choice in services (though this difference disappears in the sample of movers). In con-
trast, in both the SHIW sample and the ANIA sample we find no statistically signif-
icant evidence that density affects performance deferentially in the two sectors (see

table OA.7).
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Table 6

Descriptive Statistics: Traits and Managerial Practices

Variable Obs Mean SD Min Max

A. Traits

Risk aversion 967 2.70 .67 1 4

Ambiguity aversion 955 3.40 1.44 1 5

Confidence 944 218 40 1 3

Optimism 946 7.33 1.76 0 10

Satisfaction 937 7.47 1.67 0 10
B. Managerial Practices

Management 388 241 .66 1 4.41

Monitoring 388 2.67 .82 1 5

Targets 388 2.41 .90 1 5

People 388 2.33 .64 1 5

NoTE.—See sec. A4 of the appendix for definitions of variables.

expect more good than bad things in life.” Job satisfaction was measured
from the answer to the question “Excluding the monetary aspects and con-
sidering only the other characteristics of your job, can you tell me if they give
you more satisfaction or annoyance?” again on a scale of 0 to 10. Summary
statistics for these variables are reported in panel A of table 6.

The original survey lacks information on the ability to coordinate pro-
duction or manage the firm. In the fall of 2012 we recontacted the entrepre-
neurs in the ANIA sample and asked them to participate in a second round
of interviews to assess their managerial practices. We used the methodology
developed by the World Management Survey (WMS; see Bloom and Van
Reenen 2010a, 2010b). The WMS is based on a telephone double-blind sur-
vey technique and comprises a set of open-ended questions whose qualita-
tive answers are then recoded into quantitative measures with a score rang-
ing between 1 (worst managerial practices) to 5 (best managerial practices).
The questionnaire comprises five sections that consider different key areas
of management practices. We investigate three areas. The first section is “Mon-
itoring” and focuses on the monitoring of performance and reviewing the re-
sults. The second section is “Targets” and aims at assessing the respondents’
managerial ability in identifying quantitative and qualitative targets, their inter-
connection, and their temporal cascade. The third section is “People,” and it
is concerned with human resource management, ranging from promoting
and rewarding employees on the basis of performance, removing poor per-
formers, and hiring and retaining the best workers. The average score of the
three areas defines the index of overall managerial ability.”> Of the original

32 The original WMS contains two additional areas, operations and leadership.
These areas investigate practices that are very sector specific, such as the opera-
tion of the production unit. Given that we have firms from both manufacturing
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966 entrepreneurs, we were able to reinterview 388 (details on the data col-
lection methodology are provided in sec. A3 of the appendix). Descriptive
statistics are provided in panel B of table 6. Given that for this analysis the
number of observations drops substantially and given that what we are try-
ing to capture here is more elusive than profits or productivity, we adopt a
more parsimonious regression specification, dropping variables that are less
important for these outcomes and not significant when included (namely,
the married dummy, family size, and real GDP growth at learning), keeping
only experience (and dropping age gwen high collinearity), and aggregating
education from five to three categories (elementary and junior high school,
high school, and college and postgraduate). Finally, given that in the previ-
ous evidence we have found that skills accumulation depends on overall
density, in what follows we focus on this variable and disregard sectoral
density.”

As a first check, in table A4 we regress TFP on personality traits. We have
no priors on how the degree of risk aversion or optimism should correlate
with firm-level TFP. Indeed, the correlation is always insignificant. Next,
we check whether these traits are correlated with ED at learning age. The re-
sults are reported in table 7. In general, we find no evidence that entrepre-
neurial traits are affected by ED at learning age. Growing up in areas with
greater firm density seems to lead to higher risk aversion (col. 1), but preci-
sion is low and the estimate is not statistically significant. This evidence is
consistent with the predominant role of the innate component in explain-
ing individual risk preferences found by Cesarini et al. (2009) using twin
studies. All other traits also appear to be uncorrelated with ED at learning
age (cols. 2-5). Overall, these results suggests that traits are not affected by
the entrepreneurial context at learning age, arguably because these traits
are mostly genetically determined or acquired much earlier in life, including
at school (Heckman, Pinto, and Savelyev 2013).

The ability to manage a business, however, is more likely to be learnable.
Indeed, managerial skills are precisely what one learns in business schools
and colleges specialized in teaching entrepreneurship. But these skills may
possibly be learned before college by direct observation and exposure to
adopted practices by the firms in the place where one grows up.

We test this potential learning channel using the measures of managerial
practices discussed above. To first validate these measures, in table A5 we re-
port the results of regressions in which productivity and firm size (measured

and services, we only investigated areas where practices are sufficiently similar to
allow us use of the same interview scheme. We control for sector dummies in all
regressions.

> In unreported regressions we have also investigated the effects of sectoral den-
sity, always finding that it has no impact on any of the variables analyzed in this
section.
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Table 7
Entrepreneurial Traits and ED at Learning Age, Associazione Nazionale
delle Imprese Assicurative (ANIA) Sample

Risk Ambiguity

Aversion  Aversion  Confidence Optimism  Satisfaction
M @ € * ®)
ED learn 277 —3.404 —.991 2.978 2.743
(1.489) (3.184) (.885) (3.935) (3.721)
ED today .750 —4.426 —1.232 —5.968 —6.439
(2.031) (4332) (1.205) (5.326) (5.055)
Male —.045 146 1067 —.056 —.088
(.048) (.103) (.029) (127) (.120)
Experience .056%* .020 —.014 107 .054
(.028) (.061) (.017) (.075) (071)
Parent entrepreneur —.038 —.049 .045 —.012 .089
(.046) (.099) (.028) (122) (116)
Junior/high school 129 .087 —.013 —.395% —.114
(.086) (.183) (.051) (.225) (215)
College/postgraduate ~ —.032 .081 .99 .079 .007
(.053) (112) (.031) (138) (131)
Observations 967 955 944 946 937

Note.—The dependent variables are listed in the first row. All regressions include macro area of learning
and of current location as well as sector dummies. Standard errors clustered at the level of the local labor
system and year of learning are in parenthesis.

* Significant at 10%.
Significant at 5%.
* Significant at 1%.

by the log of the number of employees) are regressed on the managerial prac-
tice scores. As shown by Bloom and Van Reenen (2007) and Bloom, Sadun,
and Van Reenen (2012b), managerial practices are strongly correlated with
the size of the firm and its productivity. This holds in our sample too: each
type of managerial practice, as well as the general index, is positively and sig-
nificantly correlated with TFP and firm size.

Table 8 runs regressions of these measures on £D at learning age, control-
ling for current density. Interestingly, density at learning age has a positive
and statistically significant correlation with all of the measures of mana-
gerial practices, while current density has an insignificant effect. To give a
sense of the magnitude of the effects, increasing ED at learning age by 1 stan-
dard deviation (0.019) would increase the overall management score by
approximately 0.1, which is equal to 6% of the standard deviation of the
management score. The effects for the subcomponents of the management
score are similar. Among the other controls, we find that males have higher
managerial scores, that experience is negatively correlated with the score,
and that highly educated individuals have higher scores.

Overall, we take this evidence as suggesting that managerial capabilities
can be learned from other entrepreneurs, while traits might be more innate
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Table 8
Managerial Practices and ED at Learning Age, Associazione Nazionale delle
Imprese Assicurative (ANIA) Sample

Management Monitoring Targets People
) @ ©) ®
ED learn 5.019%* 6.461%* 5.242% 4.785%%
(2.307) (2.956) (3.137) (2.278)
ED today —.422 —1.687 —2.951 1.599
(3.063) (3.926) (4.165) (3.025)
Male 269%%* 307%%* 270%%* 223%%*
(.075) (.096) (102) (.074)
Experience —.108** —.1407%* —.178** —.035
(.054) (.069) (.074) (.053)
Parent entrepreneur —.106 —.078 —.121 —.146%*
(.068) (.087) (.093) (.067)
Junior/high school —.207 —.122 —.325 —.164
(.146) (187) (198) (.144)
College/postgraduate 1877%% 145 .285%%% 215%%%
(.076) (.097) (.103) (.075)
Observations 386 386 386 386

Note.—The dependent variables are listed in the first row. All regressions include macro area of learning
and of current location as well as sector dummies. Standard errors clustered at the level of the local labor
system and year of learning are in parenthesis.

* Significant at 10%.

Significant at 5%.
“#% Significant at 1%.

and therefore less subject to the influence of the economic environment:
would-be entrepreneurs learn from other entrepreneurs around them how
to run a business.

VIII. Conclusions

This paper analyzes the extent to which growing up in a high entrepre-
neurial geographical area increases both the likelihood that an individual be-
comes an entrepreneur and her entrepreneurial quality or success. We find
evidence that this is indeed the case, as would be implied by models where
entrepreneurial ability is socially acquired. Interestingly, we find that the ef-
fect of entrepreneurial density at learning age is stronger (quantitatively and
statistically) than that of current entrepreneurial density, which captures
more traditional spillover effects. A remarkable finding is that the results
we find hold in two distinct data sets and are robust to a large set of controls.
Moreover, we find evidence that individuals growing up in high firm den-
sity areas acquire managerial skills but that individual traits reflecting risk
aversion, aversion to ambiguity, and self-confidence or optimism (which
are traditionally associated with entrepreneurship) are independent of lo-
cation. This suggests that the “personality traits” factor of entrepreneur-
ship has a larger innate component, swamping any effect played by the
environment.
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Appendix
Data Details
A1. Sectoral Concordance for the 19512011 Census

The National Institute of Statistics updates the sectoral classification of
firms at every census, which is held every 10 years. The sectoral classifica-
tion has undergone substantial changes in the 60-year period we consider.
As a consequence, the finest homogeneous classification we can construct
comprises 33 sectors. We now give some further details on the construction
of the concordance.

¢ Data from 1951 to 1991 are supplied in a unique file with a homoge-
neous classification. The only exception is that “clothing and shoes”
are lumped together in 1951. To separate them, we take the respective
shares in 1961 and apply them to the aggregate value in 1951. For exam-
ple, if in a locality in 1951 there were 100 firms in “clothing and shoes”
and in 1961 there were a total of 150 with 50 in “shoes,” we assume that
in 1951 there were 33 shoemakers. The same holds for the machines sec-
tor, which is more aggregated in 1951 than in the successive census. We
apply the same procedure to disaggregate the 1951 data.

¢ In 2001 the sectoral classification is Ateco91 at six digits, which can be
easily matched to that of 1951-1991.

¢ In 2011 the sectoral classification is Ateco07 at three digits.

¢ In the firm data the sectoral classification is Ateco91 at six digits.

The final sectoral list is the following: agriculture, mining, food and bever-
ages, tobacco, textile, apparels, wood and furniture, paper, printing and
publishing, chemicals, plastic, nonmetallic minerals, metallic minerals, non-
electric machines, electric machines, precision instruments, transportation
equipment (including cars), manufacturing not otherwise classified, utili-
ties, water, garbage collection, construction, retail trade, wholesale trade,
hotels and restaurants, transport, post and telecom, finance, insurance, busi-
ness services, entertainment, repairing, and public administration.

A2. The ANIA Survey

The ANIA Survey for Small Business Companies collects data on a sam-
ple of 2,295 Italian firms and their top manager. The survey was conducted
on a sample of small Italian firms, having up to a maximum of 250 employ-
ees, extracted from the total number of companies registered with the
Cerved Group, a business information agency operating in Italy that collects
companies’ balance sheet data. The survey was conducted between October
2008 and July 2009.
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Compared with the initial target set at the completion of 2,300 interviews,
the investigation closed with 2,295 completed interviews. Participation in
the survey entails the willingness to provide detailed information regarding
many aspects of the firm’s operations and characteristics as well as the will-
ingness of the chief executive officer (CEO) or owner of the company to take
partin a face-to-face interview with a professional interviewer. The first type
of data was collected through a questionnaire filled out by each company,
while the second type was obtained through an interview using the CAPI
method. Partly because the survey took place during the financial crisis
and partly because interviews targeted the CEO of the firm, the dropout rate
was relatively high, particularly among firms in the larger size categories. To
account for this, the survey design was slightly reviewed to include a larger
number of smaller firms (with less than 20 employees), which were easier
targets. This has caused the sample to be somewhat biased toward smaller
firms than the population of businesses with up to 250 employees.

A3. The Managerial Practices Survey

The data collection is based on a telephone double-blind survey technique
and comprises a set of open-ended questions that are subsequently evaluated
using a scoring grid. Qualitative answers are then recoded into quantitative
measures with a score ranging between 1 (worst managerial practices) to 5 (best
managerial practices). We first selected a group of interviewers, trained them
with a specific program, and then had them run the survey. The data collec-
tion process was carried out using the methodology of the World Manage-
ment Survey (http://www.worldmanagementsurvey.com/). See Bloom and Van
Reenen (2010a) and Bloom et al. (2012a) for a full exposition of the survey
characteristics and the data collection method.

Notall firms that were recontacted participated in the management survey.
A comparison of the observable characteristics of those who refused to par-
ticipate and those who participated shows no systematic differences in terms
of firm characteristics, sector, area of location, and learning. Some small but
statistically significant differences emerge in terms of entrepreneurs’ charac-
teristics, such as education and having at least one parent who was an entre-
preneur (see table OA.8).

A4. Definition of Variables

Here we provide a detailed description of the variables used in the paper.

* Entrepreneur, definition 1: This is a broader definition that includes the
self-employed, partners of a company, and owners who run an incor-
porated business.
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Entrepreneur, definition 2: This is a narrower definition that includes
only partners of a company and owners who run an incorporated
business.

ED learn: Entrepreneurial density (number of firms per capita) in the
location where the entrepreneur was living at age 18.

ED today: Current entrepreneurial density (number of firms per cap-
ita) in the location where the entrepreneur (or the firm in the case of the
ANIA sample) is located.

EDSET learn: Entrepreneurial density at the sectoral level (number of
firms at the sectoral level per capita) in the location where the entrepre-
neur was living at age 18.

EDSET today: Current entrepreneurial density at the sectoral level
(number of firms at the sectoral level per capita) in the location where
the entrepreneur (or the firm in the case of the ANIA sample) is located.
LC learn: Log of bank branches per capita in the location where the
entrepreneur was living at age 18. In table 1 we report the mean and
standard deviation of the level (rather than the log) of branches per
1,000 inhabitants.

LC today: Log of current bank branches per capita in the location
where the entrepreneur (or the firm in the case of the ANIA sample)
is located. In table 1 we report the mean and standard deviation of
the level (rather than the log) of branches per 1,000 inhabitants.
Number of income recipients: Members of the household who receive
some income.

Mover: A dummy equal to 1 if the current location of the individual is
different from that where she was born (SHIW sample) or was living at
18 (ANIA sample). In the SHIW sample, we distinguish between all
individuals (mover) and entrepreneurs (mover-entrepreneur).
Experience: Labor market experience in the SHIW data and number
of years since the entrepreneur has acquired the responsibility of the
management of the firm in the ANIA data.

GDP growth at learning age: Regional GDP growth in the region
where the entrepreneur was living at age 18.

Risk aversion: Indicator obtained using the answers to the question “If
the investment strategy of the firm depends only on you, among the
following alternative strategies which one would you pick up? One
that yields (2) low profits but no risk of losses; () decent profits and
rare losses; (c) good profits with some chances of incurring losses;
(d) very high profits with a high risk of significant losses.” The indica-
tor is coded between 1 and 4, increasing in risk aversion.

 Ambiguity aversion: Indicator obtained using the answers to the ques-

tion “Think about two urns, each containing 100 balls, either green or
yellow. You win 1,000 euros if you draw an urn of the color of your
choice. Choose the color. Urn 1 contains both green and yellow balls,
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in unknown proportion. Urn 2 contains 50 green and 50 yellow balls.
From which urn would you rather draw the ball? (z) Strong preference
for urn 1; (b) slight preference for urn 1; (¢) indifferent; (d) slight pref-
erence for urn 2; (e) strong preference for urn 2.” The indicator is
coded between 1 and 5, increasing in ambiguity aversion.

+ Confidence: Indicator obtained using the answers to the question “With
respect to the average ability of other entrepreneurs, in your job, do you
believe to be (a) below average; () average; (c) above average.” The
indicator is coded between 1 and 3, increasing in self-confidence.

* Optimism: Answers to the question borrowed from a standard Life
Orientation Test (Scheier et al. 1994): “How much do you agree with
the statement: Overall I expect more good things than bad things to
happen to me.” Coded between 0 and 10, with a higher number indi-
cating more optimism.

* Satisfaction: Indicator obtained from the following question: “Not-
withstanding the profits motive and only considering the other charac-
teristics of your job, can you tell me if they give you more satisfaction
or dissatisfaction?” Coded between 0 and 10, with a higher number in-
dicating more satisfaction.

* Monitoring: Score variable that assesses the quality of the practices in
place within the firm in terms of monitoring of performance and re-
viewing the results. It takes a value between 1 (minimum quality) and
5 (maximum quality).

o Targets: Score variable that assesses the quality of the practices in place
within the firm in terms of identifying quantitative and qualitative tar-
gets, their interconnection, and their temporal cascade. It takes a value
between 1 (minimum quality) and 5 (maximum quality).

¢ People: Score variable that assesses the quality of the practices in place
within the firm in terms of human resources management, ranging from
promoting and rewarding employees on the basis of performance, re-
moving poor performers, and hiring and retaining the best workers.
It takes a value between 1 (minimum quality) and 5 (maximum quality).

* Management: Overall score variable obtained as the average of moni-
toring, targets, and people. It takes a value between 1 (minimum qual-
ity) and 5 (maximum quality).
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Fi1c. A2.—Estimates of ED learn coefficients at different learning ages. This fig-
ure reports the estimated coefficient and 95% confidence interval of entrepreneurial
density at ages 10-25, where each estimate is obtained in a separated regression. A
color version of this figure is available online.
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Table A1

Probability of Becoming an Entrepreneur, Survey of Household Income

and Wealth (SHIW) Sample, Definition 2

) @ ©) Q)
ED learn J76%% .387% 283 4.707%%*
(.195) (222) (.259) (.831)
ED today .821%%* 1.354%%* —1.281
(.233) (.290) (.938)
LC learn —.008 —.008 —.005 —.018
(.005) (.006) (.008) (.022)
LC today —.005 —.008 —.110%*
(.012) (.013) (.047)
Male .009%** .010%%* .010%%* .026%*
(.003) (.003) (.003) (012)
Age .095% %% .078%%% 073 1877%%%
(.015) (.016) (.018) (.066)
Experience —.009*% —.010%* —.009* —.014
(.005) (.005) (.005) (.015)
Parent entrepreneur .092% %% 091 %% L0975 L0945
(.006) (.006) (.006) (.036)
Married .026%%* .026%%* .025%%% .011
(.004) (.004) (.004) (.026)
Family size .000 .001 .001 .004
(.002) (.002) (.002) (.005)
GDP growth at learning age —.067 —-.073 —.059 —.134
(.044) (.044) (.044) (.186)
Number of income recipients .018%#* .018%#* wE .027%*
(.002) (.002) (.002) (011)
Nmover —.882%%%
(.015)
Observations 56,292 56,292 56,292 12,244
Area dummies:
Macro area of birth X X X
Macro area of residence X X X
Region of birth X
Region of residence X

Note.—Shown are results of probit regressions for the choice of being an entrepreneur, marginal effects.
Entrepreneur definition 2 includes («) individual entrepreneurs, (b)) owner or member of family business,
and (c) working shareholder/partner and excludes (d) self-employed/craft workers. ED learn is entrepre-
neurial density at 18 in the place of birth, and ED today is current entrepreneurial density in the place of
residence. LC learn and LC today are indicators for liquidity constraints at learning age and in survey year,
respectively. All regressions include year, education, and sector dummies. Column 4 only uses the sample
of movers, correcting for selection with a Heckman model in which the excluded variables are the average
mobility rate out of the region of birth in the 10 years before and after the learning age. Standard errors
clustered at the year of learning and province level are in parenthesis. GDP = gross domestic product.

* Significant at 10%.
Significant at 5%.
¢ Significant at 1%.
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Table A2

Entrepreneurial Income, Survey of Household Income and Wealth (SHIW)

Sample, Definition 2

1) @) ) )
ED learn 5.561%%% 3.892% 2.592 8.842%
(1.839) (2.116) (2.414) (4.790)
ED today 4.617%* 8.330%** .836
(2.189) (2.926) (4.399)
LC learn —.092%* —.068 —.071 —-.109
(.049) (.056) (.070) (.116)
LC today —.121 —.154 276
(.100) (118) (.169)
Male 3967 %% 396%%* 385%%* 287%%*
(.035) (.035) (.034) (.078)
Age 5057 44078 3647 .882%*
(.153) (.161) (175) (.360)
Experience .025 .023 .026 —.009
(.048) (.048) (.049) (.103)
Parent entrepreneur 2017 201%%* 2027%%* 3097 %%
(.048) (.048) (.046) (.116)
Married .059 .060 .055 —-.017
(.046) (.046) (.046) (118)
Family size .008 .009 .007 108
(015) (015) (.015) (.030)
GDP growth at learning age —.723% —.730%* —.732%% —1.119
(372) (.369) (.367) (1.038)
Nener 4147 41078 .392%%* 6187+
(.052) (.052) (.051) (.233)
Amover —.002
(.110)
Observations 5,034 5,034 5,034 906
Area dummies:
Macro area of birth X X X
Macro area of residence X X X
Region of birth X
Region of residence X

Note.—The dependent variable is log income from entrepreneurial activity. Entrepreneur definition 2
includes () individual entrepreneurs, (b) owner or member of family business, and (c) working shareholder/
partner and excludes (d) self-employed/craft workers. ED learn is entrepreneurial density at 18 in the place

of birth, and ED today is current entrepreneurial density in the place of residence. LC learn and LC today
are indicators for liquidity constraints at learning age and in survey year, respectively. All regressions in-

clude year, education, and sector dummies. All regressions are the second stage of a Heckman two-stage
model to correct for the choice of becoming an entrepreneur. The excluded variable is the number of in-

come recipients in the family. Column 4 uses only the sample of movers, correcting for selection with a
Heckman model in which the excluded variables are the average mobility rate out of the region of birth

in the 10 years before and after the learning age. Standard errors clustered at the year of learning and prov-
ince level are in parenthesis. GDP = gross domestic product.

* Significant at 10%.
Significant at 5%.
¢ Significant at 1%.
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Table A3

Sales per Worker and ED at Learning Age, Associazione Nazionale delle

Imprese Assicurative (ANIA) Sample

) @ €] ) ®)
ED learn 11.392%%*  10.383%**  8.742%**  9.155%*  18.455%%**
(2738)  (3.140)  (3.353)  (4.000)  (5.326)
ED today .662 139 4.234 —3.376
(.614)  (3.645)  (5.895)  (6.933)
LC learn —.198 —.230 —.235% —.547% —.050
(.129) (142) (.142) (.330) (.230)
LC today 132 138 —.920 .068
(.286) (.287) (.820) (.539)
Male .106 110 101 .098 278%
(.068) (.068) (.069) (071) (.143)
Age 209 136 183 —.435 .390
(316) (.334) (.344) (.540) (.688)
Experience .073 .073 .068 .087% .002
(.047) (.047) (.048) (.051) (.089)
Parent entrepreneur —.088 —.086 —.086 —.116 21
(.069) (.070) (071) (.075) (.160)
Married 117 118 113 .087 228
(.090) (.090) (.091) (.099) (.183)
Family size —.006 —.006 —.002 —.018 —.013
(.033) (.033) (.033) (.035) (.057)
GDP growth at learning age ~ —.002 —.138 152 1.292 10.853
(4471)  (4490)  (4562)  (5.603)  (8.378)
ED birth 5.478
(4.380)
Nmover 432
(:421)
Observations 2,627 2,627 2,588 2,627 667
Area dummies:
Macro area of residence X X X X
Macro area of learning X X X X
Province of residence X
Province of learning X

Note.—The dependent variable is log of sales per worker. All regressions are based on data for the years 2005-
7 and include year, education, and sector dummies. Column 5 uses only the sample of movers, correcting for
selection with a Heckman model in which the excluded variable is the average mobility rate out of the munic-
ipality where the individual was living at learning age in the 10 years after the learning age. Standard errors clus-
tered at the local labor system and year of learning level are in parenthesis. GDP = gross domestic product.

* Significant at 10%.
Significant at 5%.
¢ Significant at 1%.
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Table A4

Entrepreneurial Traits and Total Factor Productivity

€] @ €) ) ®)
Risk aversion —.035
(.042)
Ambiguity aversion .013
(.020)
Confidence .096
(.074)
Optimism .015
(.016)
Satisfaction .020
(.018)
ED learn 1.395 1.061 1.534 1.449 1.820
(1.945) (1.961) (1.979) (1.973) (1.991)
ED today —2.010 —1.768 —2.157 —2.364 —2.488
(2.654) (2.668) (2.694) (2.672) (2.706)
Male —.069 —.078 —.087 —.078 —.072
(.063) (.063) (.064) (.064) (.064)
Experience .035 .027 .040 .040 .044
(.037) (.037) (.038) (.038) (.038)
Parent entrepreneur —.095 —.092 —.101 —.105% —.110*
(.061) (.061) (.062) (.061) (.062)
Junior/high school 183 .183 169 185 .187
(112) (113) (113) (113) (115)
College/postgraduate —.004 —.001 —-.025 —.007 .017
(.069) (.069) (.070) (.069) (.070)
Observations 967 955 944 946 937

Note.—All regressions include year, education, macro area of learning and of current location, and sec-

tor dummies.
* Significant at 10%.
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