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Abstract
Entry in many occupations is regulated with the objective to screen out the least able producers and guarantee
high quality of output. Unfortunately, the available empirical evidence suggests that in most cases these
objectives are not achieved. In this paper we investigate entry into the legal profession in Italy and we document
that such a failure is due to the combination of the incomplete anonymity of the entry exam and the
intergenerational transmission of business opportunities. We use microdata covering the universe of law school
graduates from 2007 to 2013 matched with their careers and earnings up to 5 years after graduation. Variation
generated by the random assignment of the entry exam grading commissions allows us to identify the role of
family ties in the selection process. We find that connected candidates, i.e. those with relatives already active in
the profession, are more likely to pass the exam and eventually earn more, especially those who performed
poorly in law school. When we simulate the process of occupational choice assuming family connections did not
matter, we find that strong positive selection on ability would emerge.
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Introduction

Entry in many occupations is regulated with the objective to protect consumers by selecting only the most able producers into the market (Bryson and Kleiner, 2010; Friedman and
Kuznets, 1945; Kleiner, 2000; Kleiner and Krueger, 2013). However, the available empirical evidence suggests that in most cases occupational regulation fails to achieve such a goal
(Anderson, Brown, Kerwin, and Rees, 2020; Bryson and Kleiner, 2019; Kleiner, 2017). The
robustness of this finding across different professions and institutional contexts is indeed surprising, considering that occupational regulations are explicitly designed to produce positive
selection and solid theoretical considerations suggest they should work (Leland, 1979; Maurizi, 1974; Shapiro, 1986; Stigler, 1971).1 Nonetheless, the literature has devoted very little
attention to understanding the reasons of the surprising and generalised failure of occupational
regulations.2
In this paper we investigate entry into the legal profession in Italy and we uncover potential mechanisms that can explain why occupational licensing so often fails at selecting the best
professionals. We document that law school graduates with relatives who are already operating
in the profession are more likely to pass the entry exam, regardless of their GPA in law school.
In fact, the percentage of connected candidates passing the exam does not seem to increase significantly with their GPA. For non-connected candidates, i.e. those without family ties among
licensed lawyers, GPA in law school matters a lot for the probability of passing the licensing
exam and only those with the highest grades fully catch up with the pass rates of the connected
ones. In addition, we find that, all else equal, connected lawyers earn more than non-connected
lawyers, especially at the lower end of the distribution of law school grades. Our analysis shows
that such earnings advantage is substantially larger when young connected lawyers work in the
same law firms of their family ties.
Due to the combination of these effects, positive selection on ability into the profession is
very limited, at least when it is measured along the distribution of GPA. Among law school
graduates in the lowest GPA decile, about 46% eventually become licensed lawyers compared
to 50% in the highest decile. With the help of a simple model, we simulate the selection
process under the assumption that family connections were unimportant, both in the probability
of passing the exam and in the earnings process. Our results show that, in this hypothetical
scenario, occupational licensing would indeed produce strong positive selection on ability: the
incidence of lawyers would decrease along the entire distribution of GPA but the effect would
be four times larger in the first than in the tenth decile.
This is a very important result from the point of view of policy design, as occupational
1

Anderson et al. (2020) is the one single paper finding positive effects of introducing regulation on quality.
Some even argue that, in a world of online transactions, the prevalence of consumer ratings might make
licensing redundant (Farronato, Fradkin, Larsen, and Brynjolfsson, 2020).
2
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licensing affects about 20% of workers in the European Union and up to 30% in the United
States (Kleiner and Krueger, 2013; Koumenta and Pagliero, 2018).3
Interestingly, we also document that, conditional on parental education, family connections
have no predictive power on any measure of human capital that is available in our data, most
notably high school and law school grades. Such evidence suggests that, at least for Italian
lawyers, human capital transmission within the family does not seem to be occupation specific.4
Our analysis shows that the interplay of poorly designed regulation and the intergenerational
transmission of occupations can severely undermine the potential of licensing to generate the
positive selection on ability it is designed to create.
This paper offers a rationale for the failure of occupational regulation documented in so
many countries and for so many professions. Although the mechanisms that we highlight are
clearly not general enough to apply to all possible contexts, we believe that they are common
enough to be useful for policy design, at least in occupations that are highly persistent within
families and subject to regulations that may favour nepotistic practices. This is certainly the
case for lawyers, a very important profession that is regulated in Italy in much the same way
as in most other countries: only graduates from 5-year law schools can enter the profession,
conditional on a 18-months apprenticeship period and an entry exam, consisting of both a
written and an oral part. The long compulsory apprenticeship period, the partial anonymity
of the exam, the presence of incumbent lawyers in the exam commissions and the regulation
of professional practice making it very difficult to attract new clients as a young lawyer, are
all factors that may naturally lead to favouring young entrants in the market who already have
some connections with established professionals.5
As further discussed in Section 2.1, these institutional features are not unique to the Italian
setting, nor to the legal profession. In particular, long apprenticeship periods, the involvement of incumbents in the entry process and restrictions to prices and commercial practices are
extremely common across many professions, especially liberal professions, and countries (Paterson, Fink, and Ogus, 2003; Pellizzari and Pica, 2010; Pellizzari, Basso, Catania, Labartino,
Malacrino, and Monti, 2011; UK Office of Fair Trade, 2001). In addition, in countries with
selective tertiary education systems, such as the US, college admission is a crucial step in
the selection process and it has been widely documented to favour connected candidates over
non-connected ones, often regardless of quality (Broscheid and Teske, 2003; Cannings, Montmarquette, and Mahseredjian, 1996; Chetty, Friedman, Saez, Turner, and Yagan, 2020).6
3

The figure for the US combines proper licensing and certification.
Lentz and Laband (1989) report similar findings for doctors in the US.
5
The professional code of conduct of Italian lawyers fixes price floors and sanctions commercial advertising,
thus making it extremely difficult to attract clients. Some reforms of the system has been attempted in the early
2000s but professional associations have been able to make them largely ineffective (Basso, 2009; Orsini and
Pellizzari, 2012; Pellizzari and Pica, 2010).
6
Even though most US jurisdictions do not require formal apprenticeship periods in order to sit the bar exam,
4
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In Italy, the bar exam is administered by 26 local districts, one per each court of appeal. Despite being common to many other countries (e.g. Germany, Canada, US), this decentralisation
presents some peculiarities that offer the possibility to exploit useful variation for identification
purposes. Specifically, each year the written exams of each district are marked by the commission of a different randomly selected district. Given substantial variation in grading standards
across, this setup allows us to identify the process of selection via the exam separately from
other mechanisms, such as the endogenous choice of starting the apprenticeship period and
expectations of future earnings.
Our data combine university administrative records covering the universe of all law school
graduates between 2007-2013 with the lists of all officially licensed lawyers, allowing us to
know which graduates eventually become lawyers and when. In addition, all graduates are
interviewed at the end of their university program as well as one, three and five years after
graduation. From these surveys, we derive information on family background, apprenticeship
and earnings.
A crucial element of our analysis is the measurement of ability and connectedness. Our
preferred proxy of professional ability is the GPA in law school and we also have information
on high school grades, that we use as a proxy of general ability. Regarding connections, we
build on a now rather extended literature using surnames and we code graduates as connected
if their surnames appear at least once in the local register and among lawyers who obtained
their license at least 25 years before the year of their (presumed) first attempt at the bar exam
(Angelucci, De Giorgi, Rangel, and Rasul, 2010; Brollo, Kaufmann, and La Ferrara, 2017;
Buonanno and Vanin, 2017; Güell, Mora, and Telmer, 2015; Güell, Pellizzari, Pica, and Mora,
2018).7 Of course, we transparently acknowledge that these are only imperfect proxies and we
include extensive robustness checks to investigate the implications of measurement error for
our main results (see Sections 7.1 and 7.2 for details).
We are not the first to look at the relationship between occupational regulation and quality
of producers and/or output. Contrary to the predictions of the basic theory, most papers in this
branch of the literature find no or even negative effects: our main contribution is to uncover
potential mechanisms that could explain this surprising and rather robust finding.
Already Carroll and Gaston (1981) in their exploratory analysis concluded that “[..] there
is [..] evidence from several professions and trades that indicates that restrictive licensing may
lower received service quality. We know of no contrary findings[..].”. More recently, Kleiner,
the character and fitness requirement for admission is hardly anonymous. Candidates are required to disclose
substantial personal, financial and professional information. Other common law countries as well as Israel require
aspiring lawyers to serve in articling positions under the supervision of senior members of the profession. Most
European countries, such as France and Germany, also require extensive apprenticeship periods and vocational
training after graduation from law school. Spain is considering shifting its admission process to one very similar
to the Italian system.
7
For robustness, we also experiment with the total number of times one’s surname appears in the local register.
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Marier, Park, and Wing (2016) could not find any detectable improvement in the quality of
health services when licensing regulations for nurses were stricter. Similarly, Kleiner and Kudrle (2000) show that stricter licensing requirements for dentists result in higher prices with
no significant improvement in quality.8 Barrios (2018) exploits changes in the licensing requirements for accountants to find that “[...] restrictive licensing laws reduced the supply [...]
and increased rents to the profession without drastically improving quality [...]”. Haas-Wilson
(1986) and Kugler and Sauer (2005) show similar results for optometrists and physicians, respectively.
An important profession that has attracted a lot of attention is teachers and, once again, there
does not seem to be clear positive effects of regulation on quality. Angrist and Guryan (2008)
investigate the introduction of state-mandated teacher testing in the US and find positive effects
on wages, but no effect on quality, measured by teacher qualifications. Larsen, Ju, Kapor, and
Yu (2020) examine the effect of stricter licensing requirements for teachers in the US and find
an increase in the left tail of the quality distribution.
Anderson et al. (2020) is perhaps the only study to document a clear positive effect on
quality. They examine the introduction of licensing requirements for midwives over time and
across US states and find significant reductions in maternal and infant mortality.9
A recent advancement in this literature is Kleiner and Soltas (2019), who develop a sufficient statistics approach to assess the overall welfare cost or benefit of occupational licensing.
They apply their methodology to a variety of occupations exploiting variations in regulations
across US states and find an overall welfare loss, suggesting that, even if there were quality
effects, they are more than offset by the welfare loss due to higher prices and lower supply.
Compared to some of these studies, our analysis is limited to the quality of service providers
or input quality. Measuring output quality can be an insurmountable task for many occupations
and, although theoretically possible, it is hard to imagine situations in which input and output
quality would move in opposite directions.
This paper is tightly connected to the literature on the intergenerational transmission of occupations. Already Lentz and Laband (1989) and Laband and Lentz (1992) documented strong
intergenerational persistence of professions for doctors and lawyers in the US and rationalised
this evidence with either nepotism or transmission of human capital within the family. Dunn
and Holtz-Eakin (2000) and Bjorklund, Roine, and Waldenström (2012) further find similar
results for general self-employment and capitalist dynasties and Corak and Piraino (2011) even
document that parents and children are often employed by the very same employers. More directly related to our work, a recent literature documents sizeable intergenerational correlations
8

Wanchek (2010) and Wing, Langelier, Continelli, and Battrell (2005) also investigate occupational regulations
for dentists but do not focus on quality.
9
Deyo, Hoarty, Norris, and Timmons (2020) also look at quality, but rather indirectly by studying the implications on crime and health of licensing massage therapists.
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of professional affiliations in Italy (Aina and Nicoletti, 2018; Bamieh and Cintolesi, 2020; Mocetti, 2016; Mocetti and Roma, 2020; Mocetti, Roma, and Rubolino, 2018; Raitano and Vona,
2018). Compared to these papers, we link the intergenerational transmission of occupations to
the effectiveness of licensing regulations by directly addressing selection and quality of professionals.
Many other papers have looked at occupational licensing in a variety of professions, but
without a specific focus on quality. Most of these studies document an increase in costs
for consumers and profits or rents for incumbent professionals. This is the case for driving
school in France (Avrillier, Hivert, and Kramarz, 2010), lawyers (Pagliero, 2010, 2011), barbers (Thornton and Weintraub, 1979; Timmons and Thornton, 2010), and radiologists (Timmons and Thornton, 2008) in the USA.
The rest of the paper is organized as follows. Section 2 describes the institutional setup of
the legal profession in Italy. Section 3 presents our main data sources and how we combine
them. The model that guides our empirical investigation is introduced in Section 4. The empirical implementation of the model and the results are discussed in Section 5. In Section 6 we
present counterfactual simulations allowing us to quantify the role of various mechanisms in the
process of selection into the legal profession. Section 7 contains a large battery of robustness
checks. Section 8 concludes.

2

Institutional Background

The regulation of the legal profession in Italy is similar to many other countries. A governmentissued license is required to offer legal services to clients and represent them in court. Only
graduates from law schools, offered by either public or private universities, can obtain the
license conditional on completing 18 months of compulsory practice and then passing an entry
exam.
The exam is organised by the courts of appeal, the second layer of the Italian judiciary
system.10 There are 26 such courts in the country, approximately one per region, with the most
populated regions having more than one. For simplicity, we will hereafter refer to these 26
courts of appeal as districts.
The exam takes place once per year and consists of two parts. First, candidates sit a written
exam that lasts three consecutive days. The first day they have to write an opinion on a civil
case, the second day on a penal case and the third day they have to prepare a judiciary act. The
dates and the texts of the exam are the same throughout the country but each district has its own
location and grading commission. Candidates sit the exam in the district where they did their
10
Beside the organisation of the lawyer entry examination, courts of appeal are mainly responsible for appeals
against judgements issued by the ordinary courts, the first layer of the system.
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apprenticeship.
The written tests are graded anonymously by the commission of a randomly chosen district.
The randomisation is performed by the Ministry of Justice and is clustered within 5 groups of
districts of similar sizes. The randomisation is also designed to avoid pairing, namely two
commissions grading each other. As an example, in 2019 the group of the biggest districts,
comprising Rome, Naples and Milan, had Naples grading Rome, Rome grading Milan and
Milan grading Naples. The outcome of the randomisation process is made public at or after the
start of the written exams.11
For a variety of reasons, ranging from differences in social capital to differences in local
labour market conditions, commissions in different parts of the country apply different standards to the correction of the exam papers. Hence, the random assignment of grading commissions generates exogenous variation in the probability of passing the entry exam and it is a
crucial element of our empirical strategy.
Figure 1 shows the average pass rates at the entry exam (both written and oral) over the
period 2004-2012 over all districts. On average 34% of candidates eventually pass, but there
are very large differences across districts, ranging from 27% in Turin (TO) to 50% in Palermo
(PA).
Every year several thousand candidates attempt the written exam: on average during the
the period of our analysis, over 30,000 candidates participated every year. Hence, the grading
process takes a long time, usually around 6 months, with some variation both over time and
across districts. The written exam takes place on the same dates for districts, normally in the
first half of December. In most cases, results are published sometime during the summer, and
successful candidates are then admitted to the oral exam. The interviews happen in alphabetical
order, starting from a randomly drawn letter. Each district draws its own letter and starts the
oral examinations as soon as the results of their written exams are available, independently of
the other districts. Each interview takes usually around one hour and candidates are notified the
outcome at the end. In most districts the calendar of interviews spans all the months between
September and December and, eventually, the entire process is completed only a few days
before the new round of written exams begins.12
Given the 18 months of practice and the length of the examination process, young lawyers
obtain their license approximately 2.5-3 years after graduation, unless they fail the exam (either
the written or the oral part), in which case the process takes substantially longer. The entry
exam can be retaken any number of times.13 Figure 2 summarizes the entry process into the
11

For example, in 2019 the written exam took place on December 10-11-12 and the grading commissions
were announced on December 10. In 2018 the written exam took place on December 11-12-13 and the grading
commissions were announced on December 21.
12
It is common for candidates who successfully passed the written exam but are waiting to take the oral part to
enroll in the written exam of the following year and be ready to sit it in case they would fail the interview.
13
However, the completion of the 18-month training period is valid only for 5 years.
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Figure 1: Pass rates at the bar exam
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Source: Buonanno and Pagliero (2018).

profession, from the moment of graduation to the final occupational outcome. Candidates who
fail the exam can either retake or, in many cases, choose to enter a different occupation, often
as legal consultants in private firms.
Candidates who successfully pass both the written and the oral exam can then register with
the local bar associations and operate in the corresponding local market. There exists one bar
for each ordinary court, the lower level of the judiciary system, corresponding approximately
to administrative provinces. In total, there currently are 139 local bar associations that are
responsible for enforcing the professional code of conduct and organising training for their
associates.14 Lawyers are only allowed to represent clients in the ordinary and appeal courts
outside their local bar if they pair with a local lawyer, but they can freely choose to transfer to
any bar in the country at any time of their career. Registered lawyers can only work as selfemployed professionals and cannot be dependent employees in the private sector (exceptions
are possible in the public sector).
The local bar associations play an important role also in the organisation of the entry
exam. They nominate the local exam commissions which are composed of five members: three
lawyers, nominated by the local bars, one (retired) judge and one university professor. The
14

The number of local bars has varied slightly over time due to the separation of a few large ones and the
re-aggregation of smaller ones.
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president of the commission must be chosen among the three lawyers. The local commissions
are responsible for the logistics of both the written and the oral examinations, they mark the
written exams of the candidates of the randomly assigned district and they carry out the oral
interviews of the local candidates who passed the written exam.
A commission with the same composition is created at the Ministry of Justice, with the
responsibility to prepare the questions of the written tests, defining the general criteria for
grading and evaluating the oral exams and overseeing the entire examination process. All
commissions are redone every year.

2.1

International comparison

The overall structure of the licensing process is quite similar across most industrialised countries, Italy included. Virtually everywhere aspiring lawyers need to graduate from law school,
complete some compulsory vocational training and go through an exam based admission process.15
The characteristics of the law degrees which give access to the vocational training are usually also highly uniformed across countries. Within the European Union, agreements exist
allowing the automatic mutual recognition of degrees and systems of minimum requirements
determine the validity of degrees across a broader set of countries. In most Western countries,
15

One notable exception is the state of Wisconsin in the US, where individuals who obtained a degree in Law
from an American Bar Association accredited school in the state may be admitted to the state bar through diploma
privilege.
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access to the legal profession requires the equivalent of 4 to 5 years of study at the tertiary level.
The subsequent period of professional apprenticeship is usually organized in collaboration between universities and the state, with slight differences between countries. In most common
law countries (e.g., UK, Canada, Australia), the young graduates go through a compulsory
articling period, during which they train directly with senior members of the bar.16
In the US, graduates must enroll in a post-graduate American Bar Association (ABA) accredited law school, which includes some vocational training. Alternatively, some states accept
work periods within the court system as an alternative to law school. Overall, even though
a mandatory articling period is seldom required in the US, the system encourages aspiring
lawyers to obtain on-field training through pro-bono programs, clerical work and supervised
“Public Service Requirements” (now compulsory in certain law schools). In France, law graduates must obtain a state-administered vocational degree certificat d’aptitude à la profession
d’avocat (CAPA), which is commonly produced by attending a post-graduate law school (including both academic and vocational training), with entrance through a competitive examination. Germany requires two state-administered exams before becoming a lawyer: a first
one after university which allows successful candidates to qualify for two years of compulsory training period (Referendariat), and a second one after its successful completion. Israel
follows a similar system, with two state-administered examinations (one after university and
one after the vocational training), and one year of articling which is accessible conditional on
passing the first exam successfully. Other countries requiring a compulsory articling period after obtaining a law degree at university are Singapore (six months), Spain (two years), Poland
(the duration depends on the specialization), Iran (18 months), Finland (four years), Denmark
(three years), Japan (one year), India (two years).17 All these countries then require passing
a state-administered exam, which upon successful completion allows an individual to practice
law.18
The written exam is always anonymous, however many countries require some sort of oral
examination (Italy, Germany), trial examination (Finland, Australia), or fitness of character
(US), which, by their nature, cannot be anonymous. Furthermore, most countries organize their
local bar associations in a way similar to Italy, by relieving the responsibility of administering
the final admission exam to local, self-regulated bar associations.
16

Most common law countries require different vocational training and state-administered exams depending on
whether a candidate wishes to pursue a career as a barrister or as a solicitor. Even though this difference does not
exist in Italy, it does not change the admission mechanism substantially, as both careers require university training,
articling and passing a state-administered exam, just as in Italy.
17
Japan’s vocational training takes place after sitting a nationally administered exam, which has the lowest
success rate in the world, around 22%.
18
The level at which an individual can practice may vary from country to country: in Italy, separate training
and competitive examinations must be undertaken to practice as a judge or a notary. Common law countries
usually distinguish between barristers and solicitors, and countries such as Poland and Hungary allow for different
specializations.
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Given the information we collected, we observe that most countries broadly follow a threestep procedure to regulate access to the legal profession: a tertiary degree, a compulsory apprenticeship and a state-administered exam, which is seldom completely anonymous. The
similarity of the regulations across countries suggests that the mechanisms that we highlight in
this study, most notably the role of the inter-generational transmission of occupation, is likely
to be present in many other contexts.

3

Data and descriptive evidence

We combine various data sources allowing us to follow several cohorts of Italian law school
graduates over the first 5 years after graduation, observing, in particular, their occupational
destinations and wages at the end of the process.
The starting point is an administrative dataset covering (almost) the entire universe of university graduates in Italy.19 This dataset is constructed and maintained by AlmaLaurea, a consortium of Italian universities sharing their administrative records for research purposes and
offering placement services to both graduates and employers.
In addition to maintaining the administrative data, the consortium also runs a series of
regular surveys of all graduates. A first survey takes place right after graduation and collects
information about the students’ backgrounds, opinions about the university experience and
expectations about their professional careers. Then, students are interviewed again at one,
three and five years since graduation to collect information about their labour market status.
Almost all students fill in the survey at graduation, which is administered as part of the process
to obtain their diplomas. The response rates of the other surveys are very high: 80% at one
year, 75% at three years and 70% at five years since graduation.
For this study we focus on students who graduated from a law school between 2007 and
2013. Before 2007, the follow-up surveys were only administered to those who graduated
in the summer session (that is, about one third of graduates) and data on only 49 out of the 76
participating universities was available, whereas the 5-year post graduation surveys for students
graduated after 2013 have not yet been released.
From the administrative records we observe high school type and marks, the university
the students graduated from, GPA, graduation grades, age and gender. Important survey information includes employment status and wages, parental education and parental occupation,
scholarships, experiences abroad, proficiency in foreign languages and computer skills.
To identify graduates who eventually enter the legal profession, we match the main dataset
with the official registers of licensed lawyers in the entire country. It is the responsibility
19
All 50 public universities offering law degrees are included. Five of the nine private universities offering law
degrees are included.
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of the local associations to publish and maintain the lists of licensed professionals in their
jurisdictions and most of the associations make them available on their websites. We have
collected all of them during the period from November 2017 to January 2018. The registers
contain information on the names, surnames and unique fiscal codes of all the associates. We
use this information to match them with our main dataset of law school graduates, allowing us
to identify those who eventually entered the legal profession and where.20
This information might suffer from some inaccuracy. For example, some individuals might
register and then unregister shortly after if they choose to leave the profession.21 Given the
very high cost of entering the profession, we expect this to happen very rarely. The opposite
source of error is also possible, namely individuals who become lawyers more than 5 years
after graduation and are not recorded as licensed professionals in our data. We also expect this
to happen rarely, essentially only for candidates who fail the exam several times or who try a
different career path at first.
We further complement our data with measures of connection with the profession based
on surnames. For all graduates, both those who eventually work as lawyers and those who do
not, we compute whether and how frequently their surnames appear in the local register (or
in others). For lawyers, we define the local district as the one in which we observe them for
the first time, whereas for non-lawyers we use the register corresponding to the location of the
university from which they graduate. Of course, this is an imperfect measure of connectedness.
There can be family ties not sharing the same surname, like one’s mother and her relatives,
and, conversely, individuals sharing the same surname may not be connected to one another.
We know from the literature that, given the usual Western conventions for surname transmission
(and Italy is no exception), the second source of error is likely to be very small because the vast
majority of individuals holds surnames that are very infrequent. Hence, the probability that
any two individuals with the same surname are linked by some family tie is extremely high.22
It remains possible, however, that we fail to capture some connections because they do not
share the same surname. In Section 7.2, we simulate various scenarios of mismeasurement to
show that, under most assumptions, the degree of error must be very large to overturn our main
findings, at least from the qualitative viewpoint.
In addition, from the public registers we also observe the professional coordinates of each
lawyer - postal addresses, emails and phone/fax numbers - allowing us to identify those who
20

The matching has been performed for us by AlmaLaurea and we only have access to the matched anonymised
version of the final dataset.
21
It is also unclear whether it would be correct to classify them as lawyers. Ideally, we would like to consider
them as successful candidates when we look at the likelihood of passing the exam but change their status to
non-lawyers when we look at their earnings.
22
By using some very restrictive assumptions (i.e. that the size of the average household is equal to 3), (Güell
et al., 2018) compute that in Italy the probability of two people taken at random being family members, conditional
on having the same surname, is 0.1838, which is about 2000 times higher than the unconditional probability.

12

are likely working in the same law firms.23 More specifically, we assume that any two lawyers
reporting the same phone number or fax address or postal address in the register work in the
same firm.24
Finally, we collect information on the distribution of surnames in each district from tax
records.25 Specifically, we compute the number of times each surname appears in the tax
records of each district and we use this information to control for the incidence of each surname
in the underlying population.26
In our empirical analysis we estimate several equations and, due to missing values and
survey non-response, the number of observations available for each of them varies. For comparability purposes, in our main analysis we restrict the sample only to the observations that
can be used for all equations but in Section 7.4 we replicate all our estimates to show that the
results are largely unaffected by this sample selection.
Table 1 reports some basic descriptive statistics for the 24,260 individuals in this common
sample, broken down by those who eventually enter the legal profession and those who do not.
Legal studies attract over 60% of female students and a little majority of them eventually end
up not practicing as a licensed professional. The simple descriptive statistics suggest some minor positive selection on ability into the profession, both looking at high school and university
grades.27 Over half of the graduates have some connection with the profession and the incidence of connections is substantially higher among those who eventually enter the profession.
These students are also slightly more likely to come from educated and affluent families, which
we measure with parental education and occupation. The data suggests that most law school
graduates attempt entering the legal profession: 88% of them do start the apprenticeship and
eventually 77% of those who do not become licensed lawyers report having started an apprenticeship. Earnings five years after graduation are already significantly higher for lawyers than
non-lawyers by about 10% of a standard deviation.
23

Postal addresses, emails and phone/fax numbers are treated in strictly anonymous format. AlmaLaurea simply
recorded all these variables with unique and anonymous alphanumeric codes.
24
Ideally, one would like to match co-workers on the basis of phone and fax numbers. This is necessarily more
precise and less likely to be prone to errors than using postal addresses because multiple firms might be located in
the same building. We manually checked (by searching their websites on the internet) the largest resulting studios
from matching on postal addresses to confirm that indeed the coordinates refer to a single firm. However, many
younger lawyers do not provide fax numbers and 9.97% of those who provide a phone number give a cell phone
number. In the end, we are able to retrieve matchable addresses for 240,727 out of 240,957 registered lawyers
(99.9%), telephone numbers for 220,438 lawyers (91.5%), and fax numbers for 192,609 lawyers (79.9%), so we
opt for matching on addresses. However, information on phone, fax and email is used to validate this matching,
and we conclude that misclassification is a very minor problem.
25
We extract this information from the same data used in Güell et al. (2018).
26
Of course, the population appearing in the tax records is not exactly identical to the total population but Güell
et al. (2018) show that it is a quite reasonable approximation, especially of the adult population.
27
Notice that, to account for differences in grading standards, we have standardised GPA to have mean zero and
standard deviation equal to one within each university. High school final grades are instead standardised across
the entire sample because they attributed via a common national exam.
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Table 1: Descriptive statistics
1=female
High school gradeb
GPAc
1=connectedd
Number of connectionse
1=graduate parent(s)f
1=parent(s) in high-ranked occup.g
1=apprenticeshiph
Log earningsi

Full sample
0.63
(0.482)
-0.00
(1.000)
0.00
(0.999)
0.58
(0.494)
4.14
(12.26)
0.38
(0.486)
0.44
(0.496)
0.88
(0.323)
5.82
(2.600)

Lawyersa
0.62
(0.485)
0.03
(0.984)
0.04
(0.977)
0.62
(0.485)
4.54
(13.16)
0.40
(0.489)
0.46
(0.498)
1.00
(0)
5.96
(2.266)

Non-lawyersa
0.64
(0.479)
-0.02
(1.014)
-0.04
(1.017)
0.53
(0.499)
3.76
(11.36)
0.37
(0.483)
0.41
(0.492)
0.77
(0.419)
5.69
(2.868)

24260

11629

12631

Observations
a

Graduates who appear or not in some local register of lawyers in 2017/2018.
Standardised over the sample.
c
Grade point average for all graded exams taken over the five-year law school program,
weighted by academic credits and standardised within university.
d
At least one person (25y+ older) with the same surname appears in the local register at the
(expected) time of sitting the bar exam.
e
Number of persons (25y+ older) with the same surname appearing in the local register at
the (expected) time of sitting the bar exam.
f
At least one parent with a university degree.
g
At least one parent employed as a professional, entrepreneur, or executive manager.
h
Graduates who self-reported having started a legal apprenticeship in at least one
post-graduation survey (one, three and five years after graduation) or who are registered as
apprentices in the official lawyer registry.
i
Self-reported earnings five years after graduation (in Euros 2015).
b
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Figure 3: Share of lawyers by ability
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We conclude this section presenting some descriptive evidence on the selection of lawyers
into the profession and the role of family connections. Figure 3 plots the share of law school
graduates in our sample by decile of the distribution of GPA. This plot shows that some positive
selection on ability does take place but it is quite limited. About 43% and 46% of graduates
in the first and second deciles access the profession and this figure goes up only to 50% at the
very top of the distribution.
Figure 4 shows instead the share of connected individuals in our sample, broken down
both by deciles of GPA and by the groups of those who eventually become licensed lawyers
and those who do not. Several notable facts emerge from this figure. Family connections are
much more frequent among lawyers than the others throughout the distribution of GPA but
differences are much larger at the bottom. Among the least able graduates, almost 70% of
those who eventually enter the legal profession have some family member who is already a
licensed lawyer. Among those who end up in a different occupation this figure is about 50%.
At the top of the distribution of GPA, the difference is smaller than 5% (less than 60% versus
55%). The share of connected lawyers evidently declines with GPA whereas it appears to be
rather flat for the non lawyers.
Taken together, Figure 4 and Figure 3 suggest that family connections might interfere with
the selection process and explain, at least in part, the mild positive selection on ability that we
detect in the data.
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Figure 4: Share of connected individuals by occupation and ability
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Lawyer

A model of occupation choice with regulated professions

In this section we present a statistical model of selection into the legal profession. The model
is developed with the explicit purpose of being implemented empirically. Hence, we tailor it
to maintain proximity with our data, but the model remains quite general given the similarity
of the Italian legal profession with many other regulated occupations around the world (see
Section 2.1).
The model consists of a sequential processes, mimicking the scheme in Figure 2. First,
individuals accumulate human capital and we allow this process to take place both in school,
college and at home. Second, at the end of college, agents make occupational choices, namely
whether they want to try entering the regulated legal profession or not. Those who choose the
legal profession need to do an apprenticeship and pass the entry exam, whereas the others can
immediately start producing earnings in another non-regulated occupation. Agents who attempt
the entry exam work in some other non-regulated occupation whereas those who successfully
pass it become lawyers and generate earnings from professional practice. The following paragraphs describe how we model each of the steps, starting from earnings and moving backward
in the sequence of events.
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4.1

Earnings

Once the entire process of occupational selection has played out, a generic agent i can be
employed as a lawyer or as a non-lawyer and her earnings are determined as follows:
(
Yi =

y L (Ai , Si , Ni , Gi , Xi ) + uLi
y 0 (Ai , Si , Ni , Gi , Xi ) + u0i

if working as a lawyer
if working as a non-lawyer

(1)

where Ai is general ability, Si is occupation-specific (legal) ability, Ni is a measure of connection with the legal profession and Gi is parental human capital. We measure Ai with high
school grades, Si with GPA in law school and Ni with the presence of older licensed lawyers
with i’s same surname in the same district. We allow the human capital of the parents to have
a direct effect on earnings beyond ability and connections to account for dimensions of ability
that are not captured by Ai and Si . We measure Gi with parental education. Xi is a set of additional controls including gender, age at graduation and dummies for graduation years, district
and university. In order to make our measure of connectedness comparable across individuals
with more or less popular surnames, we also condition on the log number of individuals with
own surname in the district and log population size of the district.

4.2

Compulsory apprenticeship and bar exam

After graduation, individuals make occupational choices. Those who choose the legal profession have to first complete the compulsory apprenticeship and then pass the bar exam. Individuals who, instead, choose other professions can start producing earnings right after graduation.
Let us start describing how we model the probability of passing the bar exam. We assume
that the overall performance at the exam is a function of general and occupation-specific skills,
individual and family characteristics, and a random shock i , that is realised only on the day of
the exam (e.g. luck, fatigue, anxiety, etc.):
p(Ai , Si , Gi , Xi ) + i

(2)

The agent passes the exam if her performance is above a given threshold, which we allow
to vary according to the strictness of the grading district and on one’s connections. Recall
that the exam consists of both a written and an oral part. The written part is marked by a
randomly selected district and in Section 2 we have documented the large heterogeneity in
grading standards across districts (see Figure 1). Hence, being randomly assigned to a lenient
or strict district may substantially affect the probability of passing the exam. Next, the oral
part takes place in one’s local district and it obviously cannot be anonymous. Hence, nepotistic
practices may emerge at this stage of the process and connected candidates may be more likely
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to pass.
We define the minimum performance threshold to pass the exam t(Rr , Ni ), where Rr is the
grading standard of district r and Ni is our usual indicator of connectedness for agent i. District
r is the district grading i’s written exam, which varies both by district and over time. We do
not have exact information on the year when the individuals in our sample took the bar exam
and some of them might have done it multiple times. However, even if we had this information
it would be quite difficult to interpret it because both the decision to postpone the exam and
failing it are not fully exogenous to the processes we are modelling. Hence, we simply define
the grading district r as the district that was randomly assigned to grade the written exams of
i’s own district in the third year after i’s graduation. Considering that the exam takes place
only once per year in December, that most graduations happen in Spring/Summer and that the
apprenticeship lasts a minimum of 18 months, for the vast majority of individuals the third year
after graduation is the first time when they could theoretically take the exam.
Eventually, the probability of passing the bar exam is defined by the following event:
p(Ai , Si , Gi , Xi ) + i ≥ t(Rr , Ni )

(3)

At graduation, agents make their occupational choices taking into account the probability
of passing the exam, the cost of the apprenticeship period and expected future earnings, in the
legal profession or in other occupations. For simplicity, we assume that apprentices are not
remunerated and we define the cost of the apprenticeship as a function the family’s socioeconomic status.28 The intuition is that affluent parents are better able to support their children
during this relatively long period with no or very little income. In our data, we do not observe
family income and we proxy socioeconomic status with parental occupation, namely whether
one or both of the parents work in high paying occupations, such as professionals, managers
and entrepreneurs.29 Let this indicator be Wi and the cost of the apprenticeship C(Wi ).
We further assume that the idiosyncratic component of earnings ui in equation (1) is realized
only upon entering the labour market and that its conditional mean is zero, i.e. E(uJ |Ai , Si , Ni , Gi , Xi ) =
0 with J = {L, 0}. Then, agent i chooses to start an apprenticeship and eventually sit the exam
if:


P [i ≥ t(Rr , Ni ) − p(Ai , Si , Xi )] y L (Ai , Si , Ni , Gi , Xi ) − y 0 (Ai , Si , Ni , Gi , Xi ) +
vi ≥ C(Wi )

(4)

where vi is an idiosyncratic preference component that is unobservable to the econometrician
but known to the agent.
28

This is actually very close to reality, as only in very few cases apprentices receive some salary.
This follows a relatively standard definition of social groups that is also adopted by the Italian National
Statistical Institute (ISTAT) (ISTAT, 2017).
29

18

Eventually, the probability of becoming a lawyer can be computed as the product between
the probability of starting an apprenticeship (equation (4)) and the probability of passing the
bar exam, conditional on having started an apprenticeship (equation (3)).

4.3

Human capital formation

One important innovation of our data is the availability of a relatively good (although certainly
not perfect) proxy of the agents’ ability in legal matters, namely GPA in law school. We model
the accumulation of this dimension of occupation specific human capital as follows:
Si = s(Ai , Ni , Gi , Wi , Xi ) + ei

(5)

where all variables have the usual meaning and ei is a idiosyncratic error term. It seems natural
to allow generic ability - Ai - to influence the accumulation of occupation specific skills. In
addition, we also allow connectedness to affect the accumulation of specific human capital,
as one can acquire occupational skills from parents or other relatives with experience of the
profession.
We assume here that all skills are fixed over our observation period. More specifically, we
assume that the accumulation of generic skills is completed by the end of high school and the
accumulation of specific skills is fixed at graduation from law school. These assumptions reflect
the information available in the data, where we only observe proxies of individual ability at the
end of high school and at graduation. Nevertheless, in Section 7.1, we discuss the implications
for our analysis of a more complex process of skill formation that takes place also during the
apprenticeship period.
Identification of equation (5) might be complicated by omitted variables, most notably innate ability. We believe that the problem is relatively minor in our setting because the explanatory variables that we include in these equations are unlikely to be endogenous.30 At a
minimum, equation (5) can be identified under the assumption that, once controlling for general skills via high school grades, innate ability would have no direct effect on specific skills,
which is a commonly used assumption for proxy variables. We maintain this assumption also
for the identification of all the other equations, but we return to the implications of relaxing it
in Section 7.1.
30

Perhaps the one variable that might be the most problematic is Wi . However, given that we proxy the socioeconomic status of the family with predetermined parental occupation, we find it unlikely that this indicator could
be affected by the children’s innate ability.
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5

Empirical implementation and results

Conditional on imposing functional form and distributional assumptions, our data allows us to
estimate all the equations of the simple model presented in the previous section. The resulting
estimates are interesting in the their own right: taken together and interpreted through the lenses
of the model, they also allow running simulations where we change a number of structural
features and analyse their implications for the selection of professionals.
In this Section, we present our main estimates and we leave the simulations to the next
section (Section 6). The main results are produced using the restricted sample of observations
that are available for all equations (see Table 1), thus avoiding compositional issues when
comparing results across equations. In the robustness checks of Section 7.4 we show that these
main findings are robust to changing samples across equations.
We estimate most equations of our model separately. Of course, it is possible to also estimate them jointly and we do it when necessary for identification purposes. For example, we
jointly estimate the earnings equation (1) in a switching regression model, where we use dummies for the randomly assigned grading district as exclusion restrictions (parental occupation
is an additional exclusion restriction). Otherwise, we prefer to limit the number of required
distributional assumptions and estimate equations separately.

5.1

Human capital formation

We start with equation (5), which describes the process of occupation specific human capital
formation. We assume linearity and we estimate it by simple OLS:
Si = β0 + β1 Ai + β2 Ni + β3 Gi + β5 Wi + β4 Xi + eSi

(6)

Results are reported in Table 2. Perhaps not surprisingly, law school GPA is positively
associated with both high school graduation marks and parental education. More importantly
for the purpose of our paper is the lack of a statistically significant association between law
school GPA and our indicator of connectedness with the legal profession. Our data does not
support the notion that occupation specific human capital is transmitted within the family. If
anything the results in Table 2 indicate that law school graduates with at least one relative in
the local register have slightly lower GPA, although the estimated coefficients do not reach
conventional levels of statistical significance.
In our simplest specification (column 1), the estimated β2 is equal to −0.013 (1.3% of a
standard deviation, given the standardisation of GPA) with a standard error of 0.015, implying
that a standard one-sided test assigns a probability of 81.5% to the coefficient taking any nonpositive value.
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Table 2: Occupation-specific human capital
Dep. variable= GPAa
High school gradeb
1=connectionsc
1= few connectionsd

(1)
0.423***
(0.006)
-0.013
(0.015)
-

(2)
0.423***
(0.006)
-

(3)
0.423***
(0.006)
-

(4)
0.423***
(0.006)
-

-

-

-

-

1= many connectionsd

-

Number of connections

-

-0.011
(0.015)
-0.030
(0.021)
-

24,260

24,260

Number of connections2
1=female
1=graduate parente
Observations

-0.001
(0.001)
-0.000
(0.000)
0.094*** 0.093*** 0.093*** 0.093***
(0.012)
(0.012)
(0.012)
(0.012)
0.133*** 0.134*** 0.133*** 0.133***
(0.012)
(0.012)
(0.012)
(0.012)

a

-0.001*
(0.001)
-

24,260

24,260

Standardised within university.
Standardised over the sample
c
1=some connections; 0=no connections
d
few = 1-3 ; many = 4+
e
At least one parent with university degree.
All regressions include fixed effects for university, district, year of graduation, log
size of district and log name frequency in district. Robust standard errors in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
b
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Given the importance of this finding, the following columns of Table 2 investigate whether
it might be due to non-linearities in the relationship between GPA and connectedness. Column
2 categorises connections in three broad groups: no connections (the baseline), few connections
(1 to 3) and many connections (4 or more). Column 3 and 4 further look at the linear number
of connections and its square. None of the specifications seems to even remotely point towards
a positive effect of connectedness on GPA.
One may argue that having a relative in the profession may help develop a set of skills that
are not necessarily captured by performance in university exams. Unfortunately, we do not have
direct measures of the most obvious suspects, such as the ability to speak in public or to inspire
confidence to perspective clients. However, the surveys include a variety of variables that
should capture other dimensions of ability, such as certified knowledge of foreign languages
and computer skills, whether the person engages in volunteering activities or whether she has
done an study exchange abroad. In Table 3 we report the estimates of regression equations like
equation (6) but with each of these indicators as dependent variables.
Table 3: Additional measures of human capital
Dep. Variable
High school gradee
1=connectionsf
1=female
1=graduate parentsg
Observations

(1)
Languagesa
0.069***
(0.003)
0.016*
(0.008)
0.013**
(0.006)
0.093***
(0.006)

(2)
Computer Skillsb
0.019***
(0.003)
-0.007
(0.007)
-0.011**
(0.005)
-0.015***
(0.005)

(3)
Volunteeringc
0.007**
(0.003)
-0.003
(0.009)
0.004
(0.006)
0.035***
(0.006)

(4)
Study Exchanged
0.001
(0.002)
0.004
(0.006)
-0.015***
(0.005)
0.080***
(0.005)

21,983

22,655

21,448

24,260

a

Dummy equal to 1 if the respondent holds an internationally-recognized language certificate 5e.g.
TOEFL).
b
Dummy equal to 1 if the respondent holds the “European Computer Driving License” (ECDL).
c
Dummy equal to 1 if the respondent participates in volunteering activities.
d
Dummy equal to 1 if the respondent has spent a study period abroad (e.g. Erasmus).
e
Standardised over the sample.
f
1=some connections; 0=no connections
g
At least one parent with university degree.
All regressions include fixed effects for university, district, year of graduation, log size of district
and log name frequency in district. Robust standard errors in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1

While students with higher high school grades are more likely to hold certifications of proficiency in both foreign languages and computer skills, and are also more likely to volunteer,
the coefficient on connectedness shows up as positive and significant at 10% only for foreign
languages. The point estimates of the coefficients on connectedness for computer skills, volunteering and study exchanges are all non significant and very small.
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Overall, the evidence in this section suggests that, at least for lawyers in Italy, the accumulation of occupation specific human capital within the family is very limited or even absent.

5.2

Compulsory apprenticeship and bar exam

Our data allows us to identify both those graduates who at some point during their first 5 years
after graduation started an apprenticeship and those who eventually pass the bar exam and
register as lawyers. Hence, we can estimate both equation (3), which describes the probability
of passing the exam (both written and oral), and equation (4), which describes the probability
of starting the apprenticeship. In both cases, we need to make distributional and functional
form assumptions. We assume that the error terms in both equations are normally distributed,
with mean zero and unitary variance, as in standard probit models.
The estimation samples are, however, different. While for the likelihood of starting an
apprenticeship we can use all graduates, when we look at the probability of passing the bar
exam we need to restrict the sample to those who actually took the exam. Unfortunately,
we do not have direct information about whether someone actually sits the exam, but we can
approximate it quite precisely with those who did an apprenticeship. This is the only group of
individuals who can take the exam and, given the length of the apprenticeship, it is unlikely
that someone in this group does not take it.
Eventually, we adopt the following specification for the probability of doing an apprenticeship and the probability of passing the bar exam:
P (Ti = 1|Zi ) = Φ{θ0T + θ1T Si + θ2T Ni + θ3T (Si × Ni ) +

(7)

θ4T Ai + θ5T Gi + θ6T Wi + θ7T Xi }
P (Li = 1|Ti = 1, Zi ) = Φ{θ0L + θ1L Si + θ2L Ni + θ3L (Si × Ni ) +

(8)

θ4L Ai + θ5L Gi + θ7L Xi }
Ti is a dummy equal to one for all those graduates who report having started or completed an
apprenticeship in one of the post-graduation surveys. Li is a dummy equal to 1 if individual i
eventually appears in one of the lawyers’ registers within 5 years since graduation. We use Zi to
indicate the full set of explanatory variables, namely {Ai , Si , Ni , Gi , Wi , Xi }. δir indicates the
fixed effect for the randomly assigned district r marking written exams in the year in which i
was expected to take sit it, which we set at three years after graduation. Following conventional
notation, Φ(·) is the cumulative density of the standard normal distribution. Results are reported
in Table 4.
We find that GPA matters for both passing the exam and deciding to undertake the apprenticeship period, while connections only for the former. The interaction of these two terms is
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Table 4: Probabilities of apprenticeship and exam

GPAa
1=connectionsb
GPA × [1=connections]
High school gradec
1=female
1=graduate parentd
1=parent(s) in high-ranked occup.e
grading district FEf

Probability of
doing an apprenticeship
passing the exam
P (Ti = 1|Zir )
P (Ei = 1|Ti = 1, Zir )
0.131***
0.038**
(0.018)
(0.015)
0.049
0.126***
(0.031)
(0.025)
-0.020
-0.067***
(0.022)
(0.019)
-0.074***
-0.018*
(0.013)
(0.011)
0.067***
-0.091***
(0.024)
(0.019)
0.036
-0.018
(0.026)
(0.019)
0.093***
(0.026)
No
Yes

Observations

24,256

a

21,380

Average grade in all exams at the law school. Standardised within each university.
1=some connections; 0=no connections.
c
Standardised over the sample.
d
At least one parent with university degree.
e
At least one parent employed as professional, entrepreneur or manager.
f
Fixed effects for the district of exam correction.
All regressions include fixed effects for university, district, and year of graduation. Probit coefficients
are reported. Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
b
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negative and significant only in the probability of passing the bar exam. This suggest that GPA
is more important for non-connected candidates than connected ones. To further investigate this
important issue and get a sense of the magnitudes, Figure 5 shows the predicted probabilities of
passing the bar exam for connected and non-connected candidates by deciles of the distribution
of GPA.
Figure 5: Predicted pass rates by ability and connections
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Note: Predictions based on estimates Table 4, column 2.

Connected candidates are systematically more likely to pass the exam, especially at low
levels of GPA, where the difference is over 10 percentage points. Interestingly, GPA matters a
great deal for non-connected candidates and very little for connected ones. As GPA goes up, the
gap between non-connected and connected candidates narrows down, albeit not enough to disappear: at the highest deciles there is still a 5 percentage points difference between connected
and non-connected candidates in the probability to pass the exam.
To the extent that GPA captures professional ability, these results suggest that family connections can heavily distort the selection process into the profession. Notice that, having controlled for ability and parental human capital, it is unlikely that the results in Table 2 and Figure
5 are generated by transmission of abilities within the family, which already appeared to be
rather unimportant from Table 2.
In Figure 6 we show the fixed effects for the district of exam correction, as estimated from
equation 8, against the pass rates at the written exam of the corresponding districts. For exam25
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Figure 6: District fixed effects and pass rates at the written exam.
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Note: Fixed effects for the district of exam correction from Table 4, column 2.

ple, the fixed effect of the district of Milan is associated to the average pass rates at the written
exams of the districts that were randomly matched with Milan over the period of our data.
Reassuringly, larger fixed effects are associated with higher average pass rates, supporting
our intuition that they capture the heterogeneity in grading standards already documented in
Figure 1. The differences are non-negligible: the predicted probability to pass the exam when
the written test is graded by Trento - the district with the lowest estimated fixed effect - is over
12 percentage points lower than when Trieste - the district with the highest estimated fixed
effect - is grading.
These results corroborate the use of the grading district fixed effects for the identification
of the earnings model of the next section.

5.3

Earnings

As a last step, we estimate equation (1), once again assuming linear functional forms:
yiL = α0L + α1L Si + α2L Ni + α3L (Si × Ni ) + α4L Ai + α5L Gi + α6L Xi + νiL
yi0 = α00 + α10 Si + α20 Ni + α30 (Si × Ni ) + α40 Ai + α50 Gi + α60 Xi + νi0
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(9)
(10)

where yiJ is the log of the monthly earnings that individual i self-reported in the 5-year postgraduation survey. Importantly, we do not want to drop individuals who report zero earnings,
mostly because lawyers are self-employed and, thus, sometimes may have zero earnings. More
generally, yiL and yi0 are meant to measure the monetary returns from alternative occupational
choices and we do not model explicitly the process of finding employment in the non-legal
sector. In order to avoid dropping the observations with zero earnings when taking logs, we
simply add one to all records.
Equations (9) and (10) are estimated on different samples, lawyers and non-lawyers respectively. As individuals endogenously sort into these two groups, we estimate the equations
jointly using a switching regression model, where the selection equation is the combined probability of both doing an apprenticeship and passing the bar exam:
P (Li = 1|Zir ) = Φ [θ0 + θ1 Si + θ2 Ni + θ3 (Si × Ni )+

(11)

θ4 Ai + θ5 Gi + θ6 Wi + θ7 Rr + θ8 Xi ]
The dummies for the randomly assigned grading districts are the exclusion restrictions and
guarantee that identification does not rest exclusively on the arbitrarily chosen distributional
assumptions. Under our basic set of assumptions, also Wi , our indicator of socioeconomic
background based on parental occupation, is an exclusion restriction and we are aware that its
role might be more questionable than that of r.31
Result are reported in Table 5. We find that higher GPA commands higher earnings in all
occupations, but more so in the legal profession. This is perfectly consistent with the idea that
GPA in law school captures abilities that are more valuable in the legal profession than elsewhere. Notice also that high school grade is more important for non-legal earnings, presumably
because, in the absence of a measure of occupation specific ability, this variable captures the
returns to a broader set of skills.
Having relatives in the profession is also associated with higher earnings, but only for those
working as licensed lawyers, which is consistent with our interpretation of what this variable
should capture. In addition, the interaction of GPA and connectedness is negative for lawyers
(and non-significant for non-lawyers), suggesting that occupation specific ability might presumably be less important when one has facilitated access to a portfolio of potential clients via
family ties.
The exclusion restrictions also work as expected. The children of parents employed in high
ranked occupations are more likely to become lawyers because they are in a better position to
sustain the costs of the long preparation. The randomly assigned grading district also matters
31

We have also experimented a version of the model without Wi and the estimates are robust. Results are
available upon request.
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Table 5: Lawyer and non-lawyer earnings

GPAa
1=connectionsb
GPA × [1=connections]
High school gradec
1=female
1=graduate parentd
Exclusion restrictions:
1=parent(s) in high-ranked occup.e
Grading district FEf
Chi-sq. of exclusion restrictions
Prob > Chi-sq.
Observations

Lawyer earnings
yiL
0.221**
(0.038)
0.169***
(0.057)
-0.103**
(0.045)
0.061***
(0.024)
-0.626***
(0.044)
0.044
(0.043)

Non-lawyer earnings
Selection
0
P (Li = 1|Zir )
yi
0.138***
0.069***
(0.044)
(0.015)
-0.096
0.119***
(0.084)
(0.024)
0.004
-0.069***
(0.053)
(0.018)
0.087***
-0.034***
(0.031)
(0.010)
-0.656***
-0.067***
(0.057)
(0.018)
0.032
-0.031
(0.054)
(0.020)

-

-

No
-

No
-

0.081***
(0.019)
Yes
58.63
0.000

24,260

24,260

24,260

a

Average grade in all exams at the law school. Standardised within each university.
1=some connections; 0=no connections.
c
Standardised over the sample.
d
At least one parent with university degree.
e
At least one parent employed as professional, entrepreneur or manager.
f
Fixed effects for the district of exam correction.
All regressions include fixed effects for university, district and year of graduation. Robust standard errors in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
b
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substantially for the probability of passing the exam.
The test of the joint significance of both the grading district dummies and parents’ occupation solidly rejects the null hypothesis, as reported in Table 5. We obtain a similar result also
when testing the significance of the set of grading district dummies alone (The Chi-squared
statistics is equal to 40.9, with a p-value of 0.022).
Consistent with a large body of empirical evidence, we find very significant gender gaps in
earnings.
To get a better sense of the magnitudes of the effects implied by the estimates in Table
5, Figure 7 shows the predicted difference in log earnings in the legal profession between
connected and non-connected lawyers along the distribution of GPA. In the bottom decile of
the distribution, connected lawyers earn almost 40% more than their non-connected colleagues
and it is only towards the very top of the distribution that this difference becomes statistically
insignificant.
Figure 7: Predicted (log) wage differences between connected and non-connected lawyers by
ability
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Notes: Predictions based on the estimates of Table 5, columns 1 and 2.
The vertical bars represent 95% confidence intervals.

One possible interpretation of this effect is that non-connected lawyers, especially at the
beginning of their careers, have a very hard time accessing clients. Having relatives who can
partially share their portfolio of clients and perhaps expand it, might represent a very signifi29

cant advantage. This interpretation is also consistent with the very strict regulations concerning
professional practice. In Italy, like in many other countries in continental Europe, professional
associations impose codes of conduct that regulate, among other things, commercial practice.
For example, it is often prohibited to approach clients who are already served by another professional and, until recently, commercial advertisement was considered to be contrary to the
“dignity of the profession”. In addition, the code of conduct indicates price floors.32 Being
unable to lower prices and to advertise their services, it is extremely difficult for new entrants
in the market for legal services to attract clients.
5.3.1

Working with relatives

In this Section, we present additional evidence suggesting that the effect of connections on
earnings in the legal profession is substantially larger when young lawyers work in the exact
same law firm as their connections. We do not formally incorporate the process of selection
into law firms into our model of Section 4 because its identification would require an additional exclusion restriction, which we do not have. Hence, we present these results merely as
descriptive evidence in support of our interpretation of the main findings.
Using our proxy of law firms based on professional coordinates (see Section 3 for details),
we find that about 7% of the lawyers in our data work with relatives. We augment equation
(9) with a term indicating whether the young lawyer works in the same law firm with someone holding her/his same surname. Let Fi be such indicator. We then estimate the following
equation:
yiL = α0L +α1L Si +α2L Ni +α3L (Si ×Ni )+α4L Ai +α5L Gi +α6L Xi +α7L Fi +α8L (Fi ×Si )+νiL (12)
For brevity, we only report results graphically. Figure 8 follows the same logic as Figure
7, but it extends the comparison to lawyers working in the same firms as their connections or
in others. For completeness, Panel A replicates under the specification of equation (12), the
same analysis of Figure 7, namely the comparison of the average earnings of connected and
non-connected individuals, regardless of which firm they work in. The three subsequent panels
decompose this earnings gap by both connectedness status and firm type.
Panel B of Figure 8 focuses exclusively on connected individuals and compares the average
earnings of those working with relatives with the others. Throughout the distribution of GPA,
young lawyers working in the same law firm as some relative earn around 4% more than colleagues who, despite having family connections with the profession, do not work with them in
the same firm.
32

Some of these regulations were reformed recently in Italy but, in the daily practice of the profession, they
remain strongly present.
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Figure 8: Predicted (log) wage differences by occupation, ability, connectedness and firm type.
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Notes: In Panel A, we show the baseline result (wage differences between connected vs. non-connected lawyers).
In Panel B, we show the wage differences of connected lawyers working with relatives with those who do not.
Panel C reports the wage differences of connected lawyers not working with their relatives against non-connected
lawyers. Finally, Panel D reports the wage differences between connected lawyers working with relatives and
non-connected ones.
The vertical bars represent 95% confidence intervals.
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Panel C compares connected lawyers who do not work with their relatives against nonconnected colleagues. The resulting figure is very similar to Panel A, with a difference of 2.5-3
percentage points in the lowest deciles that vanishes approximately above the median.
Finally, Panel D compares connected individual working with relatives and non-connected
individuals, and shows a large 6.5 percentage points differential in average earnings at low
GPA deciles, that shrinks modestly as GPA increases. Only in the tenth decile, this difference
in earnings becomes statistically insignificant (at the 95% level).
Overall, the results in this section show that when connected lawyers work in the same firm
as their family tie their earning advantage over non connected colleagues increases substantially
and remains significant across almost the entire distribution of GPA.

6

Simulations

Using the estimates of our model, we can perform counterfactual exercises. We are particularly interested in understanding the role of connections in the selection process into the legal
profession. In our model of Section 4 there exist two potential channels through which family
ties could influence the process of occupational choice. First, connected candidates are apparently facilitated in passing the bar exam. Figure 5 suggests that the effect of connections
on the probability of passing the exam is stronger at lower levels of GPA. To the extent that
academic performance in law school captures occupation specific ability, this could generate
negative selection or, at least, mitigate positive selection. Second, connected individuals earn
higher earnings than other colleagues and, once again, the effect is stronger at the bottom of
the distribution of GPA. To the extent that individuals are forward looking, we expect also this
second channel to generate negative selection.
Theoretically, there also exists a third channel, namely the differential accumulation of
human capital, especially occupation specific human capital. However, in Section 5.1 we show
that, at least in the case of Italian lawyers, the data does not seem to indicate that connected and
non-connected individuals might be accumulating human capital differently. Hence, we will
disregard this channel in our simulation exercise.33
Entering the legal profession is the combined outcome of two events. First, one needs to do
the compulsory apprenticeship and, then, one needs to pass the bar exam. Our model describes
these events in equations (3) and (4), respectively, and in Section 5 we have produced estimates
of their probabilities. However, in order to separately identify the different channels through
which family ties affect the process, we need to modify the way we estimate the choice of an
apprenticeship. In Section (5) we estimated it as described in equation (7), which does not
33
Of course, our framework can be applied to other settings and, if the human capital channel appeared to be
important, the simulation exercise could easily be extended to incorporate it.

32

allow disentangling the role of connectedness on earnings and the probability of passing the
bar exam.
Hence, we go back to the definition of the probability of doing an apprenticeship presented
in the theoretical Section (4), equation (4). First, we use the estimates of equations (3), (9) and
(10) to compute the expected earnings premium in the legal profession (conditional on doing
the apprenticeship):
b [∆yi |Zir ] = ybL (Ai , Si , Ni .Gi , Xi ) − yb0 (Ai , Si , Ni , Gi , Xi )
E

(13)

Then, we re-estimate the probability of the apprenticeship directly from its theoretical definition in equation (4):
h
i
bT
b
Pb(Ti = 1|Zir ) = P vi < Pb(Li = 1|Ti = 1, Zir )E[∆y
i |Zir ] − θ6 Wi =
h
i
T
b
b
Φ Pb(Li = 1|Ti = 1, Zir )E[∆y
W
|Z
]
−
θ
i
i ir
6

(14)

where Φ(·) is the cumulative density of the standard normal distribution. Notice that we had
already assumed normality of vi in Section 5, so there are no additional assumption in equation
(14).34
Finally, we estimate the probability of being a lawyer as follows:
Pb(Li = 1|Zir ) = Pb(Li = 1|Ti = 1, Zir )Pb(Ti = 1|Zir )
= Pb(Li = 1|Ti = 1, Zir )
h
i
T
b
b
b
Φ P (Li = 1|Ti = 1, Zir )E[∆yi |Zir ] − θ6 Wi

(15)

Panel A of Figure 9 compares the average estimated probability of being a lawyer from
equation (15) with the share of lawyers in the raw data, breaking down the results by deciles
of the distribution of GPA. Although the model predicts slightly higher incidence of lawyers at
the bottom of the distribution and slightly higher at the top, the overall fit is quite good and we
can replicate the small degree of positive selection on ability that is observed in the data.
The following panels replicate the simulations of the selection probabilities under different
scenarios and compare results with the predictions of the original model, i.e. those reported in
the first panel.
34
improve
the
accuracy
our
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actually
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h To
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T
b
b
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b
Φ Pb(Li = 1|Ti = 1, Zir )E[∆y
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θ
W
as
a
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Figure 9: Counterfactual simulations exercises
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Notes: The Figure reports the results of the counterfactual simulation exercises described in Section 6. Panel
A reports the baseline results of the empirical model. Panel B reports the results of the simulations with no
connections at the exam stage. Panel C reports the results of the simulations with no connections at the earnings
stage. Panel D reports the results of the simulations with no connections at any stage.

Panel B shows results produced by eliminating the influence of family connections from
the probability of passing the bar exam, but not from the earnings process. More specifically,
we simulate the probability of being a lawyer as:
PbB (Li = 1|Zir0 ) = Pb(Li = 1|Ti = 1, Zir0 , Ni = 0)
h
i
bT
b
Φ Pb(Li = 1|Ti = 1, Z 0 , Ni = 0)E[∆y
i |Zir ] − θ Wi
ir

(16)

6

where Zir0 is the set of all explanatory variables of the model, excluding the dummy indicator
of connected individuals Ni , Zir0 = {Ai , Si , Gi , Wi , Xi , Rr }. Results show that, when family
connections do not influence the results of the entry exam, a substantial degree of positive
selection on GPA emerges, especially due to fewer individuals with low GPA entering the
profession. The simulation shows that, compared to the original model, the predicted share of
lawyers declines by over 4 percentage points (from 0.45 to 0.41) in the lowest decile of GPA,
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whereas it increases by one percentage point at the top.
In Panel C, we repeat the simulation exercise, but this time we eliminate the effect of family
connections from the earnings process and we maintain it in the exam:
PbC (Li = 1|Zir0 ) = Pb(Li = 1|Ti = 1, Zir )
h
i
0
bT
b
Φ Pb(Li = 1|Ti = 1, Zir )E[∆y
i |Zir , Ni = 0] − θ6 Wi

(17)

Contrary to the previous analysis, now the effect is much more limited and the predicted shares
of lawyers by deciles are very similar under this scenario and the original model.
Finally, in Panel D we consider a scenario in which family connections have no influence,
neither on earnings nor on the exam:
PbD (Li = 1|Zir0 ) = Pb(Li = 1|Ti = 1, Zir0 , Ni = 0)
(18)
h
i
0
bT
b
Φ Pb(Li = 1|Ti = 1, Zir0 , , Ni = 0)E[∆y
i |Zir , Ni = 0] − θ6 Wi
Consistently with the previous simulations, we find that positive selection is now much stronger
than in the original model and the results are numerically very similar to those in Panel B.
Taken together, these simulations point to the fact that without connections there would be
significantly fewer low-ability lawyers, while high ability lawyers would not be penalized. In
addition, eliminating connections would also slightly reduce the overall pass rate, hence the
overall number of licensed lawyers. The average simulated pass rate declines from 47.2% in
the model with connections to 44.8% when connections are completely eliminated. Overall,
without connections there would be fewer lawyers on the market with comparatively higher
ability, and the channel through which connections impact the probability of becoming a lawyer
is through the probability of passing the exam, rather than through potentially higher future
earnings and a greater network base.
We believe that the existing structure of the bar exam in Italy does allow for nepotistic
practices to emerge. Presumably this happens due to two factors: (i) the important role of
incumbent lawyers in the process and (ii) the very partial anonymity of the examination (in our
specific case, this is due to the oral interview). In many systems of occupational regulation
around the world, especially with regard to liberal professions, either one or the other or both
of these factors are present and our results could easily generalise to most of these settings.

7

Robustness checks

In this Section, we present several robustness checks to complement our main analysis. Specifically, Section 7.1 and Section 7.2 investigate the implications of measurement error in our
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measures of professional ability and family connections, respectively. In Section 7.3, we study
how our results change when we take into account that wage growth in the legal profession
might be different than in other occupations. Finally, in Section 7.4 we replicate our main findings using the largest possible number of observations for each equation instead of using the
same sample in all of them, as we do in Section 5.

7.1

Measurement error in ability

To have an unbiased estimate of the effects of connections and ability on passing the bar exam
and on future earnings, we should observe the “true” ability of an individual, a multidimensional vector that ideally captures all aspects that affect her preparedness to be a lawyer (we
discuss the measurement of connections in the next subsection). These entail both general
skills, such as writing and speaking, and the knowledge of the law: we proxy the first set of
skills with high school grades, the latter with law school GPA. As is well known, these proxy
variables are valid under the following two assumptions. First, GPA should be uncorrelated
with the outcome variables, conditional on true ability. Second, family connections should be
uncorrelated with true ability, once controlling for GPA and high school grades (conditional on
our additional controls that include parental human capital).
None of these conditions can be directly tested in the data. The first one, however, is quite
intuitive as we do not see reasons why high or low school grades can determine bar exam passing or earnings, once controlling for ability. The second one would be instead invalidated if,
conditional on all other controls, being related to a lawyer impacts law-specific ability on top
of what has been learned during formal education (for instance, during the apprenticeship as
further discussed below). To confirm indirectly that this concern is not present in our setting,
we exploit the panel dimension of five law registers (of five districts in the north-eastern Italian
region of Veneto) collected on a yearly basis from the early 2000s to 2009, in which we observe both lawyers and apprentices.35 We then test if an apprentice with connections is able to
pass the bar exam earlier than an apprentice without connections, a proxy for higher acquired
law ability. In robustness checks available upon request, we find no systematic difference between connected and non-connected apprentices, meaning that relatives do not seem to convey
unobservable legal ability traits that are not captured by GPA.
If the two above assumptions hold, the estimated coefficient for connections in equations
(3) and (1) would be unbiased. Based on a simple omitted-variable argument, the estimated
coefficients for general and law-specific ability in the same equations would instead be biased.
While we cannot quantify the extent of the bias (“real” ability is unobservable), we can presume that they would have the same expected sign. In fact, we can reasonably assume that
35

These registers were collected in the context of a previous project focusing on the region of Veneto (Pellizzari
and Pica, 2010).
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ability, if observed, would have a positive impact on the probability of passing the bar exam
or on earnings. Similarly, GPA and high school grades are positively correlated with ability.
Therefore, we can conclude that the sign of the proxies would be that of the unknown “real”
abilities. Moreover, we could get a sense of the direction of the bias –whether it is upward or
downward– if we could quantify the correlation between high school grades and GPA and the
respective types of ability they proxy for.
Let us notice that, rather obviously, the closest to 1 are the correlations between the proxies
and the two ability dimensions, the smaller is the extent of the bias. If we further assume that
both proxies are noisy unbiased measures of ability (i.e., the noise is not systematically related
to the underlying skills of the individual), then they would represent an underestimate of the
true effect.
Furthermore, we acknowledge that occupation-specific human capital may be accumulated
after law school during the compulsory apprenticeship period before taking the bar exam. Unfortunately, our data does not include proxies for occupation-specific human capital measured
after apprenticeship. This might exacerbate measurement error in ability if connected individuals systematically exert little effort in law school and then, thanks to their connections, recoup
the lost human capital through apprenticeships in high-quality law firms. Should this happen,
GPA would systematically underestimate the occupation-specific human capital of connected
lawyers.
We investigated this issue in an extension of our theoretical framework in which individuals
exert effort to accumulate occupation-specific human capital in two steps: first in law school
and then during the apprenticeship period. Within this framework, it is never optimal to exert
low effort in law school and high effort during the apprenticeship period, if the production
function of human capital displays complementarity between the human capital accumulated in
law school and the effort exerted during the apprenticeship period. The intuition is that exerting
high effort in law school – and therefore raising the amount human capital accumulated before
the apprenticeship – raises the marginal productivity of exerting effort during the apprenticeship
period. Thus, unless the production function of human capital displays an implausible degree
of substitutability between the human capital accumulated in law school and the effort exerted
during the apprenticeship period, it is unlikely that GPA systematically underestimates the
amount of occupation-specific human capital of connected individuals.
To conclude, while the proxies we use to capture general and legal-specific skills are necessarily imperfect, we believe that, under reasonable assumptions, they allow us to get unbiased
estimates of the effect of connections and lower bound estimates of the effect of GPA and
school grades.
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7.2

Measurement error in connectedness

We measure family connections with family names and it is rather obvious that such a measure
is subject to error. The direction of the error is difficult to predict. On the one hand, we might
be missing some relevant family ties who do not share the same surname as the individuals
in our sample. Given that Italy adopts the relatively standard practice of giving children the
surname of the father, our measure clearly misses relatives coming from the maternal arm of
the family. On the other direction, there can also be individuals who share the same surname
and are nevertheless not linked to each other by any kinship connection. This is especially true
for frequent surnames. However, we know from previous studies that only a very small share
of the population holds very frequent surnames and, for the very vast majority of cases sharing
the same surname is associated with a very high probability of being related to each other via
some family link (Güell et al., 2015, 2018).
Some datasets contain information on direct parent-children connections (Chetty, Hendren,
Kline, and Saez, 2014; Raitano and Vona, 2018). This is not the case in our data. Notice,
however, that it is difficult to say whether, for the purposes of this paper, our surname-based
measure of connections is better or worse than one relying on exact parent-children links. Using
surnames is subject to the mis-classification errors discussed above but it allows capturing
some family ties beyond mothers and fathers, like grandparents or uncles/aunts, who might
also influence one’s occupational career.
Unfortunately, there is little we can do with our data to identify or reduce the error in our
indicator of family connections. Hence, we take a different approach and, instead of trying
to reduce mis-measurement, we increase it and we look at how much more error would be
necessary to make our main results go away.
For brevity, we only focus on two outcomes, namely the probability of passing the bar exam
and earnings, and we re-estimate the corresponding equations using an indicator of family
connections where a given share of observations are randomly re-coded.36
Table 6 reports the results of this exercise for the probability of passing the bar exam.
For comparison purposes, the first column simply reports our main results from equation (8)
(compare with column 2 of Table 4). In column 2, we replicate the same estimation, but we
randomly recode 1% of the connected individuals as non-connected and we randomly take
an equal number of non-connected individuals recoding them as connected.37 The following
columns perform the same exercise with more and more random re-classifications. Of course
the magnitude of the estimates changes across columns, but we find reassuring that our main
36

Results for the other equations confirm the findings in this section and can be obtained upon request.
We also experimented with other forms of recoding, such as recoding a given share of the connected and of
the non-connected, and results are consistent with what we report in this Section. An advantage of our specific
choice of the exercise is that the share of connected individuals remains fixed and we can associate the differences
in results exclusively to mis-measurement.
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Table 6: Measurement error in connections and the probability of passing the bar exam
Percentage of randomly re-assigned connectionsa
0%
1%
5%
10%
[1]
[2]
[3]
[4]
b
GPA
0.038**
0.037**
0.026*
0.022
(0.015)
(0.015)
(0.015)
(0.015)
1=connectionsc
0.126*** 0.113*** 0.103*** 0.065***
(0.025)
(0.025)
(0.023)
(0.022)
GPA × [1=connections] -0.067*** -0.065*** -0.047** -0.040**
(0.019)
(0.019)
(0.019)
(0.019)
High school graded
-0.018*
-0.019*
-0.019*
-0.020*
(0.011)
(0.011)
(0.011)
(0.011)
1=female
-0.091*** -0.091*** -0.091*** -0.092***
(0.019)
(0.019)
(0.019)
(0.019)
e
1=graduate parent
-0.018
-0.017
-0.017
-0.014
(0.019)
(0.019)
(0.019)
(0.019)
Observations

21,380

21,380

a

21,380

21,380

20%
[5]
0.011
(0.015)
0.052***
(0.020)
-0.021
(0.018)
-0.020*
(0.011)
-0.093***
(0.019)
-0.013
(0.019)

30%
[6]
-0.001
(0.015)
0.026
(0.019)
-0.000
(0.018)
-0.020*
(0.011)
-0.093***
(0.019)
-0.012
(0.019)

21,380

21,380

Percentage of connected individuals who are randomly reassigned to having no connections. Each time an equal
number of non-connected individuals is randomly assigned to being connected.
b
Average grade in all exams at the law school. Standardised within each university.
c
1=some connections; 0=no connections.
d
Standardised over the sample.
e
At least one parent with university degree.
All specifications include fixed effects for university, district, district of exam correction three years after graduation,
and year of graduation. Probit coefficients are reported. Robust standard errors in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1
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results on GPA, connections and their interaction are qualitatively robust and tend to disappear
only when we reclassify large shares of individuals, i.e., more than 20%.
Table 7: Measurement error in connections and lawyers’ earnings
Percentage of randomly re-assigned connectionsa
0%
1%
5%
10%
[1]
[2]
[3]
[4]
b
GPA
0.221*** 0.213*** 0.230*** 0.216***
(0.038)
(0.038)
(0.037)
(0.037)
c
1=connections
0.169*** 0.157*** 0.172*** 0.128***
(0.057)
(0.056)
(0.052)
(0.049)
GPA × [1=connections] -0.103** -0.090** -0.120*** -0.099**
(0.045)
(0.045)
(0.044)
(0.043)
High school graded
0.061**
0.061**
0.062**
0.061**
(0.024)
(0.025)
(0.024)
(0.024)
1=female
-0.626*** -0.626*** -0.625*** -0.628***
(0.044)
(0.044)
(0.044)
(0.044)
e
1=graduate parent
0.044
0.045
0.046
0.051
(0.043)
(0.043)
(0.043)
(0.043)
Observations

24,260

24,260

24,260

24,260

20%
[5]
0.182***
(0.036)
0.110**
(0.044)
-0.047
(0.042)
0.061**
(0.025)
-0.629***
(0.044)
0.052
(0.043)

30%
[6]
0.156***
(0.034)
0.040
(0.042)
-0.003
(0.042)
0.060**
(0.025)
-0.630***
(0.044)
0.056
(0.043)

24,260

24,260

a

Percentage of connected individuals who are randomly reassigned to having no connections. Each time an equal
number of non-connected individuals is randomly assigned to being connected.
b
Average grade in all exams at the law school. Standardised within each university.
c
1=some connections; 0=no connections.
d
Standardised over the sample.
e
At least one parent with university degree.
All specifications include fixed effects for university, district, and year of graduation. Results are obtained with a
switching regression model, where the exclusion restrictions are fixed effects for the grading district and parental
occupation. Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1

In Table 7 we reproduce the same exercise for the earnings equations (9) and (10), with
equation (11) completing the switching regression model. For brevity, we only report results
for earnings in the legal profession and, similarly to Table 6, we find that adding measurement
error to our indicator of family connections only affects our coefficients of interest when we
reclassify relatively large shares of individuals (above 20%).
Overall, we are reassured by the results in this section. Although we cannot exclude a
priori that measurement error in connections can affect the magnitude of our most important
estimates, it seems unlikely that it is large enough to overturn their qualitative message.

7.3

Differential wage growth

One limitation of our data is that we observe earnings only at the very beginning of one’s
career. More specifically, we observe self-reported earnings via the survey carried out at five
years since graduation. For rational forward-looking agents, this is not the relevant measure
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of earnings they should use for their occupational choices. Rather, they should consider the
present discounted value of the entire stream of future earnings.
Unfortunately, we do not have longitudinal earnings data for lawyers and for law school
graduates who entered a different occupation. Nevertheless, we have collected from external
sources the average annual growth rates of earnings for these two categories of individuals,
broken down by gender.
For lawyers, we obtain this information from the professional social security administration
(Cassa Forsense).38 For non-lawyers we compute the growth rates of earnings from the official
Italian Labour Force Survey, which contains information on field of study and occupation. We
pool all surveys from 2009 to 2018 and we restrict the sample to graduates from law school who
are not employed in a liberal profession. With this data, we estimate cross-sectional experience
profiles, separately by gender and conditional on year effects.39
Figure 10 shows the earnings profiles implied by these growth rates and, to facilitate the
comparison, we normalise initial earnings to one for all four categories. Apparently, earnings in
the legal profession grow more rapidly than in other professions (but for law school graduates)
but they are also more concave.
To understand the implications of the differential growth rates of earnings for our simulations, Figure 11 reproduces the exercise by redefining expected (log) earnings as the full stream
of discounted future earnings over 30 years of experience:
"
b [∆yi |Zir ] = E
b (y L +
E
i

30
X
e=1

L
γie
) − (yi0 +

30
X

#
0
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)|Zir

(19)

e=1

L
0
where γie
and γie
are the growth rates of earnings for lawyers and non-lawyers at experience
e and the variation across individuals is restricted to gender. Obviously, we similarly redefine
b [∆yi |Z 0 , Ni = 0].
E
ir
Results are very similar to those in our main simulations of Section 6. Only a few minor differences are worth noticing. Consistent with the notion that individuals make forward-looking
decisions, Panel A suggests that considering lifetime earnings allows the model to fit the data
a bit better, especially at higher deciles of GPA. Panel B now shows a slightly stronger effect
38

We thank Michele Raitano for providing us with these aggregate growth rates. The experience profiles are
produced via a simple OLS regression with log earnings as a dependent variable and year dummies (data is
available for 6 years: 1985, 1990, 1995, 2000, 2005 and 2008) and experience dummies (one per each year of
experience) as explanatory variables. The regression is estimated separately for men and women. The coefficients
on the experience dummies are the annual growth rates of earnings for lawyers (male and female) that we use in
equation 19.
39
Each yearly labour force survey is a representative cross-section of the Italian population. We estimate the
experience profiles in the same way they are estimated for lawyers (see footnote 38), namely via a simple OLS
regression with log earnings as a dependent variable and year dummies and experience dummies (one per each
year of experience) as explanatory variables. We estimate one regression for each gender and the coefficients on
the experience dummies are the annual growth rates of earnings for non-lawyers that we use in equation 19.
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Figure 10: Wage-experience profiles for lawyers and non-lawyers by gender
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Source: Own calculations on ISTAT LFS 2009-2018 and Cassa Forense data.
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30

of eliminating connections in the exam than in our baseline simulations. Evidently, considering longer careers makes the returns to the legal profession larger, especially for individuals of
higher ability, who already start off with higher earnings. One potential limitation is that the
experience profiles might be different for connected and non-connected individuals and we, unfortunately, have no information about this particular issue. We do not expect particularly large
differences outside the legal profession and it is hard to say whether the earnings of connected
lawyers would grow faster or slower than those of their non-connected colleagues.
Given how we incorporated the earnings profiles in our simulation, it is not surprising to find
that they do not change much the effect of eliminating the role of connections in earnings (see
Panel C). In equation 19, the differential growth rates simply enter linearly and are unaffected
by connections. Hence, the only reason why they might influence occupational choices is
when expected returns are multiplied by the probability of passing the bar exam, which does
not change in the simulation shown in Panel C.
Figure 11: Counterfactual simulations with wage-experience profiles
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Notes: The Figure reports the results of the counterfactual simulation exercises with earnings’ yearly growth rates
described in Section 7.3. Panel A reports the baseline results of the empirical model. Panel B reports the results
of the simulations with no connections at the exam stage. Panel C reports the results of the simulations with no
connections at the earnings stage. Panel D reports the results of the simulations with no connections at any stage.

Eventually, and as in our baseline simulation, eliminating the role of connections both in
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earnings and in the exam yields very similar results as when eliminating them only in the exam
(Panel D).

7.4

Sample composition

In our main analysis of Section 5, we estimate all the equations of the model using the same
sample of observations with valid information on all the variables required for each and every
equation. This approach allowed us to produce results that could be easily compared across
equations but it might also generate some doubts about the implications of sample selection.
To clear such potential doubts, in this section we replicate our main estimates using the largest
available sample for each equation separately.
Table 8: Occupation specific human capital with largest possible sample
Dep. variable= GPAa
High school gradeb
1=connectionsc
1= few connectionsd

(1)
0.422***
(0.004)
-0.007
(0.011)
-

(2)
0.422***
(0.004)
-

(3)
0.422***
(0.004)
-

(4)
0.422***
(0.004)
-

-

-

-

-

-0.001***
(0.000)
0.102***
(0.009)
0.157***
(0.008)

-0.002**
(0.001)
-0.000
(0.000)
0.102***
(0.009)
0.157***
(0.008)

46,427

46,427

1= many connectionsd

-

Number of connections

-

-0.006
(0.011)
-0.020
(0.015)
-

Number of connections2

-

-

1=female
1=graduate parente
Observations

0.102*** 0.102***
(0.009)
(0.009)
0.157*** 0.157***
(0.008)
(0.008)
46,427

46,427

a

Average grade in all exams at the law school. Standardised within each university.
Standardised over the sample.
c
1=some connections; 0=no connections
d
few = 1-3 ; many = 4+
e
At least one parent with university degree.
All regressions include fixed effects for university, district, year of graduation, log
size of district and log name frequency in district. Robust standard errors in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
b

Table 8 is the equivalent of Table 2 implemented on the largest available sample of individuals for whom information on our human capital indicators (and controls) is available.
Despite the large difference in sample sizes, results remain very similar, both qualitatively and
quantitatively. The large difference in samples arises because, when we restrict the analysis to
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the common sample, we need to drop several individuals for whom we have no information
on earnings and apprenticeship. These variables are gathered via the post-graduation surveys,
whereas most of the information needed to produce the estimates in Table 8 comes directly
from administrative archives, where the issue of missing data is minimal.
Table 9 reproduces a similar exercise with reference to Table 4 in our main results of Section
5. The number of available observations is smaller than in the previous Table 8 because we now
need to use information about whether the individuals have ever done a professional apprenticeship. Yet, sample size is substantially larger than in the common sample and some important
differences in the estimates are present. For example, connections now appear to affect not only
the probability of passing the bar exam but also the decision to undertake an apprenticeship,
although the magnitude of the latter coefficient is less than half the former. Moreover, the effect
of GPA on the exam is now more distinctively different between connected and non-connected
individuals. Overall, our main results are confirmed.
Table 9: Probabilities of apprenticeship and exam with largest possible sample

GPAa
1=connectionsb
GPA × [1=connections]
High school gradec
1=female
1=graduate parentd
1=parent(s) in high-ranked occup.e
Grading district FEf

Probability of
doing an apprenticeship
passing the exam
P (Ti = 1|Zir )
P (Ei = 1|Ti = 1, Zir )
0.121***
0.001
(0.016)
(0.013)
0.063**
0.136***
(0.027)
(0.021)
-0.028
-0.068***
(0.020)
(0.015)
-0.075***
-0.037***
(0.012)
(0.009)
0.051***
-0.086***
(0.021)
(0.016)
0.036
-0.047***
(0.023)
(0.015)
0.088***
(0.022)
No
Yes

Observations

38,046

34,667

a

Average grade in all exams at the law school. Standardised within each university.
1=some connections; 0=no connections.
c
Standardised over the sample.
d
At least one parent with university degree.
e
At least one parent employed as professional, entrepreneur or manager.
f
Fixed effects for the district of exam correction.
All regressions include fixed effects for university, district, and year of graduation. Probit coefficients
are reported. Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
b

Finally, in Table 10 we look at earnings, expanding the size of the sample as much as
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possible for each equation. Once again, results are extremely comparable to those reported in
our main analysis.
Table 10: Lawyer and non-lawyer earnings with largest possible sample

GPAa
1=connectionsb
GPA × [1=connections]
High school gradec
1=female
1=graduate parentd
Exclusion restrictions:
1=parent(s) in high-ranked occup.e
Grading district FEf
Observations

Lawyer earnings
yiL
0.233**
(0.039)
0.189***
(0.057)
-0.109**
(0.046)
0.056**
(0.024)
-0.629***
(0.045)
0.046
(0.045)

Non-lawyer earnings
Selection
P (Li = 1|Zir )
yi0
0.129***
0.054***
(0.046)
(0.013)
-0.131
0.115***
(0.088)
(0.021)
0.026
-0.080***
(0.056)
(0.015)
0.107***
-0.014
(0.036)
(0.009)
-0.643***
-0.095***
(0.056)
(0.016)
0.025
-0.047***
(0.054)
(0.017)

-

-

No

No

0.038***
(0.016)
Yes

36,611

33,907

36,611

a

Average grade in all exams at the law school. Normalized within each university.
1=some connections; 0=no connections.
c
Standardised over the sample.
d
At least one parent with university degree.
e
At least one parent employed as professional, entrepreneur or manager.
f
Fixed effects for the randomly assigned district of exam correction.
All regressions include fixed effects for university, district and year of graduation. Robust standard errors in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
b

8

Conclusions

The available evidence indicates that occupational regulation almost invariably fails to improve
the quality of professionals and the services they provide. Whereas this finding is quite well
established, much less is known about the reasons for such a blatant failure. Of course, not
knowing the reasons why occupational regulation so often fails, it is hard to offer policy advice.
In this paper, we provide what we believe to be the first systematic analysis of the mechanism by which occupational licensing selects professionals and we highlight where and how
the system breaks down. Our results suggest that the problem lies with the strong degree of
intergenerational transmission of occupations that, while being a general phenomenon, is also
46

particularly relevant in the presence of professional licensing.
Of course, our findings are specific to the context that we analyse, namely that of licensed
lawyers in Italy, and they may not be easily generalized to all other settings. Nevertheless, the
institutional environment of the legal profession in Italy is relatively standard for intellectual
liberal professions in most industrialised countries. Beyond lawyers, these liberal professions
include accountants, notaries, architects, and pharmacists, among others. Hence, we believe
that our work can be very informative for a large and important set of regulated professions
around the world. For example, Koumenta and Pagliero (2018) report that, in the European
Union approximately one quarter of the self-employed and a similar share of all graduates
work in a regulated profession.
Our analysis offers insights that can be immediately useful for policy interventions. We
show that the malfunction of the system is mostly concentrated in the entry exam, which assigns
an important role to incumbent professionals and does not guarantee the complete anonymity of
the candidates. Incumbent lawyers might have an interest in facilitating connected candidates
and they might be able to do so lawfully and even unconsciously. By statistical discrimination, commissioners might explicitly or implicitly assume that young lawyers coming from
successful dynasties of professionals are better than others. Hence, any intervention that might
preserve the anonymous identity of the candidates and limit or regulate the role of incumbents
could have potentially important effects on selection.
In the specific case of Italy, one could change the composition of the local commissions and
avoid having lawyers of one district interviewing candidates in the same district. For example,
the random allocation of districts could be extended to commissioners. A more drastic solution
would be the complete abolition of the oral examination.
A number of important avenues remain open for future research. Among the most important ones we can mention the investigation of output quality. The ultimate aim of the regulation
is guaranteeing the quality of the services that are offered on the market, whereas our analysis focuses on the quality of providers. Measuring quality is a notoriously difficult task and
it is already an important achievement that we were able to measure or proxy input quality
satisfactorily in this paper. Measuring output quality is even more challenging and Anderson
et al. (2020) is the only paper we are aware of that does it. In addition, we acknowledge very
transparently that our measure of quality or competence is imperfect and improving it would
be a very welcome development that could lead to a better understanding of the process of
professional human capital accumulation.
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