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Abstract
This study explores the evolution of intergenerational educational mobility across Italian
regions using Bank of Italy survey data, covering seven ten-year cohorts beginning with
individuals born in the 1920s. The results show a substantial increase in educational mobility
over the past century, though this progress appears to have stalled for the youngest cohorts.
Mobility is highest in theNortheast andCentral regions, followedby theNorthwest andSouth.
We further investigate the relationship between intergenerational educational mobility (from
the 1930–1939 cohort to the 1980–1994 cohort) and various regional socio-economic factors.
A panel analysis, both with and without fixed effects, reveals a positive correlation between
regional estimates of intergenerational mobility and GDP per capita, social capital indicators
and the quality of education. Lastly, a positive correlation emerges between intergenerational
educational persistence and educational inequality, aligning with the well-known "Great
Gatsby curve" observed across countries.

Keywords Intergenerational mobility · Education and inequality · Italy · Geography

1 Introduction

Since the post-war period, the expansion of publicly provided compulsory education and the
broader public financing of education have played a central role in promoting educational
advancement for all children. This widespread educational upgrading has contributed to
greater intergenerational social mobility and a reduction in the global inequality of human
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capital distribution.1 However, socioeconomic background continues to exert a significant
influence on educational outcomes and disparities in achievement persist across social groups,
not only in developing countries but also within advanced economies.2

Education is central to understanding inequality, as early studies (Becker and Tomes,
1986; Loury, 1981) have shown that parental income and credit constraints affect investment
in children’s education. Later research (e.g., Carneiro and Heckman, 2002; Cunha and Heck-
man, 2007) has emphasized the role of family environment, linked to parental education, in
shaping children’s skills. Studying educational mobility thus offers key insights into equality
of opportunity in early life, as educational attainment is predominantly determined by con-
ditions encountered during childhood. Thus, a high degree of intergenerational persistence
in education may be interpreted as evidence of a society’s limited capacity to provide equal
opportunities for children with different family backgrounds.

This paper investigates intergenerational educational attainment in Italy, focusing on tem-
poral trends and regional disparities. Our findings - based on Bank of Italy survey data,
covering seven ten-year cohorts beginningwith individuals born in the 1920s - show that in the
last century educational mobility increased in nearly all Italian regions, although this upward
trend appears to have stalled for the youngest cohorts. Nonetheless, substantial regional varia-
tion in mobility persists. The highest levels of mobility are found in the Northeast and Central
regions, followed by theNorthwest and the South. Importantly, geographical location appears
to exert a particularly strong influence on children from low-income families, highlighting
that regional disparities are most acute among the socioeconomically disadvantaged.

Exploiting both temporal and regional heterogeneity, we then investigate the correlation
between regional estimates of educational mobility and a range of socio-economic factors
for birth cohorts from the 1930s to the 1980s, while refraining from making causal claims.
Our analysis reveals a positive correlation between educational mobility and indicators of
economic and labor market conditions, lending support to the hypothesis that financial con-
straints may reinforce educational persistence, particularly among individuals from lower
socioeconomic backgrounds. Furthermore, we identify a positive association between edu-
cational mobility and various measures of school quality, accessibility, and social capital.

Finally,we construct an education-basedGini index using parental education data, and find
a negative correlation with educational mobility across regions. This pattern aligns with the
"Great Gatsby curve" traditionally observed across countries in relation to income inequality
and intergenerational income mobility (Corak, 2013).3 The emergence of an educational
"Great Gatsby curve" across regions might suggest that in regions with greater disparities in
parental education, children’s educational attainment is more heavily influenced by family
background than by individual ability or effort.

This paper makes a twofold contribution to the literature. First, it investigates regional
disparities in the evolution of intergenerational educational attainment in Italy. Second, it
explores the relationship between educational mobility and regional socioeconomic condi-
tions, providing insights into the broader factors associatedwith intergenerational educational
mobility.

1 The inequality in the distribution of education in the world has halved in about fifty years: the average Gini
coefficient for human capital inequality dropped from 0.55 in 1960 to 0.28 in 2005 (Castelló-Climent and
Doménech, 2021).
2 This topic is important not only for evaluating the level of "equality in opportunities" reached by a society,
but also in relation to economic efficiency. In fact, a growing literature has stressed the role of the distribution
of human capital in economic growth (Sauer and Zagler, 2012).
3 Note that the "Great Gatsby curve" shows just a negative correlation between inequality andmobility. Causal
links must be established by suitable theory (see on this point (Durlauf et al., 2022).
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The remainder of this paper is organised as follows. Section 2 discusses the conceptual
framework and themeasures of educational mobility used in our work. Section 3 offers a brief
review of the empirical literature on the estimation of intergenerational educational mobility.
Section 4 presents the dataset and provides descriptive statistics. Section 5 details the statisti-
cal models used in the analysis. Section 6 discusses findings at the national level and Section 7
documents the geographical variation of educational mobility. Section 8 explores the cor-
relation between intergenerational mobility and regional characteristics. Finally, Section 9
concludes and highlights policy implications.

2 Conceptual Framework and Intergenerational Educational Mobility
Measures

2.1 Conceptual Framework

Models of human capital formation and accumulation were developed by Becker and Tomes
(1976, 1979, 1986); Loury (1981), and Solon (1999, 2004), building on the notion of
human capital defined by Becker (1964). The Becker-Tomes-Solon analysis conceptualizes
the relationship between parental and offspring human capital as a linear projection. Indexing
families by i , human capital transmission can be represented as:

Hi,c = α + βHi,p + εi,c, (1)

where Hi,c and Hi,p denote the human capital of the child and the parent, respectively.4 Since
human capital and education are considered almost equivalent, one can interpret educational
attainment as a discrete categorization of human capital. The parameter β captures the degree
of “inheritability” of educational attainment, reflecting the extent to which parental education
influences offspring education. The term εi,c accounts for unsystematic variation, including
random shocks or “luck” in the transmission process. The intercept α can be interpreted as a
cohort-specific parameter, potentially varying over time due to structural factors such as edu-
cational reforms that raise the minimum level of schooling. The correlation between parental
and offspring education operates through multiple channels. From an economic perspective,
wealthier families—who tend to have higher levels of educational attainment—are better
positioned to invest in their children’s human capital by providing access to resources such
as books, private tutoring, and extracurricular educational activities (Becker and Tomes,
1986). Beyond financial advantages, non-monetary factors also play a crucial role in this
intergenerational persistence. Parents with higher educational attainment often provide more
effective support for their children’s academic development, compared to parents with lower
levels of education; they are better able to identify high-quality schools, instill a strong appre-
ciation for education, and transmit higher educational aspirations (Carneiro and Heckman,
2002; Cunha and Heckman, 2007). In addition, the broader social environment—including
neighborhood quality, peer influences, and school characteristics—significantly shapes edu-
cational outcomes. The core idea is that the segregation of rich and poor families into distinct
communities generates different social interactions for their children, thereby reinforcing the
transmission of socioeconomic status across generations (Durlauf and Seshadri, 2018; Chetty
and Hendren, 2018a, b). Arenas and Hindriks (2021), for example, extend the standard par-
ent–child transmission model à la Becker–Tomes–Solon and show that disparities in school

4 Equation 1 can be viewed as the reduced form of a simple human capital investment model, similar to Solon
(2004).
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quality lead to greater parental investment among wealthier families. As a result, intergener-
ational persistence tends to be stronger at the top of the income distribution. Similar findings
are reported by Becker et al. (2018), who depart from the standard Becker-Tomes-Solon
framework by introducing complementarities in the production of children’s human capital.
These complementarities lead to differential persistence of economic status between families
at the top and those in the middle of the income distribution and under certain conditions
successive generations within the same family may no longer regress toward the mean.

2.2 MeasuringMobility

To examine the intergenerational transmission of human capital, researchers commonly rely
on measures of mobility (or persistence) that fall into two main categories: relative mobility
and absolute mobility. Relative mobility refers to changes in individuals’ positions within the
educational distribution, highlighting the degree to which educational outcomes are shaped
by parental background, independent of broader trends in educational expansion. In contrast,
absolute mobility captures generational changes in educational attainment in absolute terms
and is largely influenced by structural transformations, such as the overall increase in edu-
cational levels.5 In the following we briefly describe the measures of mobility that we use in
the paper.

Relative Mobility Two commonly used indicators of educational persistence are the inter-
generational regression coefficient (IGR) and the intergenerational correlation (Pearson)
coefficient (IGC). Educational attainment in Eq. 1 is operationalized with the years of school-
ing needed to reach that level of education. IGR is the regression coefficient between parent’s
and child’s years of schooling. It reflects the average increase in child’s education when
parental education increases by one year. To compute the IGC, the years of schooling for
both parents and children are divided by their respective standard deviations. Unlike the IGR,
the IGC tends to be more stable over time, as it factors out the dispersion across cohorts. The
IGC represents the increase in a child’s standardized years of schooling resulting from a one
standard deviation increase in parental education. The relationship between the IGC and the
IGR can be expressed as:

IGC = IGR ∗ σp

σc
,

where σc and σp denote the standard deviations of educational attainment of children and
parents. Another measure of relative mobility that takes into account changes in the dis-
tribution of education across generations is the rank-rank slope (RRS), which has become
popular after the seminal work of Chetty et al. (2014) in the context of income mobility.
The rank-rank slope is the regression coefficient between the educational rank of child and
parent in the population education distribution. A rank-rank slope equal to 0.5 implies that a
10-percentile difference in ranks between parents is associated to 5-percentile difference in
ranks between children, all else being equal.

Absolute Mobility We also estimate (at regional level) an absolute measure of mobility
that focuses on the bottom of the distribution: the Conditional Expected Rank (CER25) as
implemented in Chetty et al. (2014). CER25 reflects the (expected) mean rank of a child
whose parents are in the 25th percentile of the education distribution where percentiles ranks

5 Discussion on the difference between these indicators are available in Narayan et al. (2018) and Van der
Weide et al. (2024). See also Deutscher and Mazumder (2023) for a full discussion of the measures of relative
and absolute mobility in the context of income mobility
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are fixed based on the marginal distribution of ranks at the national level. The adoption
of national ranks, as opposed to regional ranks, offers a more comprehensive perspective
on intergenerational mobility across regions. Indeed, variations in CER25 might stem not
only from shifts in the rank-rank slope but also from movements of the curve, which are
attributable to changes in the distribution of national human capital across regions (Heidrich,
2017). As a result, while two regions may exhibit identical relative mobility (as reflected by
the same rank-rank slope), their absolute mobility can differ due to the different position of
the regions in the national human capital distribution.

3 Related Literature

A substantial body of empirical literature on intergenerational educational mobility examines
how it has evolved over time and across different geographical contexts.6 Hertz et al. (2008)
estimate intergenerational persistence for a sample of 42 countries, covering birth cohorts
from 1920 to 1980. They document a decline in intergenerational persistence as measured
by the regression coefficient, while the correlation coefficient remains relatively stable over
time. In the case of Italy, they report only a modest decline in educational persistence, with
levels remaining high compared to similarly developed countries.7 Checchi et al. (2013),
focusing on Italian cohorts born between 1930 and 1980, confirm Italy’s relatively poor
performance in cross-country comparisons. They argue that the slow decline in intergener-
ational persistence—as measured by the correlation coefficient—is driven by a persistent
gap in the likelihood of attaining a university degree between children of college-educated
parents and those whose parents have only completed lower secondary education. Brunetti
(2021) reinforces these findings. Using transition matrices, to more precisely capture dif-
ferential mobility patterns across population subgroups, she shows that, despite numerous
educational reforms over the past sixty years, intergenerational transmission of education
in Italy remains highly polarized. Bussolo et al. (2023), also focusing on Italy, document
a steady decline in intergenerational persistence as measured by the regression coefficient,
though they note signs of reversal beginning in the second decade of 2000s. Similar trends
are observed in other countries: Blanden and Machin (2004) for the UK, Karlson and Lan-
dersø (2021) for Denmark, and Güell et al. (2007) for Spain all find that improvements in
educational mobility appear to have stalled for more recent cohorts. This suggests that the
recent expansion of higher education might have disproportionately benefited children from
more educated -and likely higher-income -families.

While the previous contributions have focused on national data, a new literature, starting
with Chetty et al. (2014), has argued that the intergenerational social mobility process in
a country might be heterogeneous across geographical areas. Chetty et al. (2014) analyze
intergenerational income mobility at the level of U.S. counties and census tracts, uncover-
ing substantial regional differences. Their research indicates that segregation and income
inequality negatively impact social mobility, while social capital and the quality of K-12
education system positively affect it. The influence of the geographic location is especially
pronounced for children from low-income families, highlighting how a supportive social
environment can shape behavior and opportunities. Similar findings have been reported by

6 See Black et al. (2011) for a review of the literature on estimation issues and empirical cross-country
evidence.
7 Chevalier et al. (2009) for a more limited sample of European countries and the U.S. confirms Hertz et al.
(2008) results.
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Connolly et al. (2019) for Canadian census tracts and Eriksen and Munk (2020) for Danish
municipalities. Acciari et al. (2022), using Italian administrative tax data, reveal that inter-
generational incomemobility is significantly lower in Southern Italy compared to Central and
Northern Italy. This regional disparity correlates with local labor market conditions, family
instability, and school quality. Güell et al. (2018) corroborate Acciari et al. (2022)’s results
for Italian provinces using a methodology based on the economic variability associated with
surnames. This new stream of research might contribute to highlighting the causal drivers of
intergenerational mobility more than between-country comparisons (Connolly et al., 2019).

Studies that look at the intergenerational transmission of education by geographical areas
in developed countries are still few.8 An exception is the contribution of Fletcher and Han
(2019) that documents differences in educationalmobility across time (1982-2004) and geog-
raphy for the U.S. states. They identify local community and public education policy factors
which are correlated with educational mobility. Card et al. (2022) confirm that upwardmobil-
ity in educational attainment in the US is significantly related to differences in local public
education policies that allow for flexibility in school curriculum, funding or management.
Likewise, Bell et al. (2022) find evidence of significant differences in educational mobility
across areas in England and Wales for multiple cohorts. These works point to the evidence
that the role of family background can be attenuated or enhanced by the place where children
grow up.

4 Data and Descriptive Statistics

4.1 The Survey on Household Income andWealth

The Survey on Household Income and Wealth (SHIW), developed by the Bank of Italy,
provides valuable information for assessing education mobility in Italy. As a household
survey representative of the entire Italian population, it includes data on income and wealth,
as well as detailed socio-demographic information about family members.9 The household
is the unit of analysis of the survey and its reference member is the householder, defined as
the person responsible for the economic decisions of the family.10

We use data from the 1993 to 2022 waves of the SHIWHistorical Archive, as respondents
have been asked since 1993 to report not only the educational attainment of the householder’s
parents when they were the same age, but also that of the householder’s spouse’s parents.
However, the latter information is missing for the waves conducted in 2008, 2010 and 2012.
To reduce the risk of having respondents without completed degrees, we keep individuals
aged at least 28 in every wave and remove students still present in our dataset.11 In addition,

8 Using education instead of income ismore common in studies on emerging and developing countries (Van der
Weide et al., 2024). See, for instance, the work of Alesina et al. (2021), which documents both within-country
and cross-country variations in intergenerational educational mobility in Africa.
9 Until 1989 the SHIW has been conducted annually as repeated independent cross-sectional surveys. Since
then, the Bank of Italy began to follow several families over time; therefore, the SHIW is now a split sample,
with a cross-sectional and a panel component. For a detailed discussion of the history and structure of the
SHIW see Baffigi et al. (2016).
10 To belong to the household, persons ought to live permanently in the householder’s dwelling and contribute
at least partially to the income of the household in the year of the survey.
11 Recent data on newly graduated from master’s degree (laurea magistrale) suggest that 28 is still a conser-
vative choice as graduated are on average around 27 years old. For further details, see the 2021 AlmaLaurea
report, available at https://www.almalaurea.it.
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Table 1 Unconditional Distribution of Children’s and Parents’ Education

Cohort Education of the child Education of the parents Obs.

NQ PR LS US UD NQ PR LS US UD

1920-29 19.6 51.0 15.4 9.9 4.2 50.7 38.4 5.2 4.3 1.5 6,651

1930-39 11.6 50.5 21.3 12.1 4.6 39.4 47.6 6.2 5.1 1.7 11,778

1940-49 3.7 35.5 31.5 19.6 9.7 26.7 53.9 9.8 6.7 2.8 15,272

1950-59 1.2 15.7 39.9 29.9 13.3 18.2 55.4 14.3 8.5 3.6 15,891

1960-69 0.5 5.4 45.1 34.5 14.5 11.1 49.6 22.0 12.4 4.9 14,270

1970-79 0.4 2.8 40.1 35.4 21.3 6.0 36.2 31.5 19.4 6.9 6,051

1980-94 0.2 1.5 30.3 35.5 32.4 2.7 17.3 35.6 30.8 13.6 3,743

Notes: Highest completed educational attainment of children and parents by birth cohort of the child. The
reference category for parental education is the maximum educational level attained by the parents. NQ stands
for No Qualification; PR for Primary Education; LS for Lower Secondary; US for Upper Secondary; UD for
University Degree. Obs. stands for the number of pairs of child-parent. Values are expressed as percentages.
Source: Adapted from Checchi et al. (2013) based on SHIW Historical Archive data

with reference to the panel component, we select the last available observation to account
also for those who achieved higher levels of education later in life.

The categorical variables representing the educational qualification of family heads,
spouses, and offsprings range from none to post-graduate. Given the very limited numbers of
post-graduates, we pool them with the university degree holders.12 Following Checchi et al.
(2013), we count no qualification as 0 years of schooling; primary school as 5 years; lower
secondary as 8 years; upper secondary as 13 years; and university degree and post-graduate
as 18 years of education. The final sample contains 73,656 child-parent pairs divided in seven
ten-year cohorts according to the child’s birth year. The first cohort spans the years 1920 to
1929, and the last spans 1980 to 1994, with cohort sizes ranging from 3,743 for the 1980s
cohort to 15,891 for the 1950s cohort (see Table 1).

While the SHIW has previously been used to compute intergenerational mobility in edu-
cation, existing studies either consider only family heads and their parents (Brunetti, 2021)
or include family heads, their spouses, and their respective parents (Cannari and D’Alessio,
2018; Checchi et al., 2006, 2013). For the 1980–1994 birth cohort, we also include first-
born individuals who are co-resident with their parents, pooling them with household heads
and spouses from the same cohort.13 As a result, we have an enlarged data set with new
observations, the co-resident firstborns, that can be used to compute national and regional
intergenerational mobility.14

12 According to the ISCED codes, the complete scale is the following: no qualification, primary school
certificate (ISCED 1), lower secondary school certificate (ISCED 2), upper secondary school diploma (ISCED
3), university degree (ISCED 5-8).
13 The analysis is restricted to firstborn children in order to mitigate potential correlations among siblings.
Parental education is linked to the firstborn child only when the parents and child are surveyed together.
Firstborn children constitute approximately 46% of the total observations within the 1980–1994 birth cohort.
14 The use of coresidents is common in studies on intergenerational mobility that rely on census data. For
example, Van der Weide et al. (2024) estimate intergenerational mobility for 147 countries, 39 of which were
samples with coresidence conditions. Hertz et al. (2008) combine retrospective data with co-residence data
to bolster the sample size of the last cohort of their study. A similar approach has been followed by Narayan
et al. (2018) who use retrospective data to estimate mobility for several cohorts and co-residence data for the
1980s cohort.
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Table 2 Summary Statistics Child Parents

Cohort Avg. Std. Dev. Avg. Std. Dev.

1920-1929 5.82 4.37 3.16 3.87

1930-1939 6.62 4.20 3.84 3.90

1940-1949 8.59 4.45 4.86 4.07

1950-1959 10.26 4.22 5.66 4.12

1960-1969 10.97 3.89 6.74 4.23

1970-1979 11.78 4.03 8.09 4.34

1980-1994 12.96 4.13 10.16 4.46

Notes: Average years of schooling and standard deviation of the educa-
tion of parents and children by birth cohort of the child. The reference
category for parental education is the maximum level of education
attained by the parents. Source: Authors’ computation based on SHIW
Historical Archive

4.2 Descriptive Statistics

We begin this section with some stylized facts on the temporal evolution of human capital
at the national level. Table 1 provides the unconditional distribution of the highest level
of completed education of parents and children at the national level and over time.15 The
share of children without any qualification or attaining only primary education collapsed
between the 1940s and 1950s and nearly disappeared thereafter. This sharp decrease along
with the expansion of lower secondary education can be attributed to the 1962 reform of the
schooling system - known asUnifiedMiddle School Law -whichmandated at least eight years
of compulsory education for all children. This reform instituted the unified lower secondary
school in Italy, which boosted participation rates and therefore average years of schooling.
During the same period, the proportion of children obtaining upper-secondary qualifications
and university degrees grew steadily until the 1960s. After that, the number of high school
diplomas continued to increase, albeit at a slower pace, while the share of university degree
holders more than doubled between the 1960s and 1980s. By the 1980s, nearly one-third of
children had completed a university degree.16 Parental educational patterns closely resemble
those of their children when accounting for generational age differences.17 The proportion of
parents with only a primary school education dropped from 50% to 17% between the 1960s
and 1980s, while the share of parents with a university degree nearly tripled over the same
period.

Alongside the steady increase in the average years of schooling, which more than dou-
bled for children and even tripled for parents between the 1920s and 1980s (Table 2), these

15 Unless differently specified, the reference category for parental education is the maximum years of school-
ing attained by parents.
16 The 1969 Codignola Law reformed the requirements to access university, liberalizing the rigid post-war
tertiary schooling system. As opposed to today’s rules, the attended high school determined the enrollment
into university. Only those studying at the classical liceo could have enrolled into all university programs
before the reform, while those enrolled at the scientific liceo had access only to scientific courses, and those
studying at technical schools did not have access to university. Thus, school tracking had an overwhelming
impact on the student’s career.
17 Although the birth cohorts of parents are not directly observed, a lag of twenty to thirty years between the
birth years of parents and children is a reasonable assumption. For example, the share of children with primary
qualification in the cohort 1940-49 is very close to the quote of parents with the same education level in the
cohort 1970-79.
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stylized facts indicate a significant expansion towards higher levels of education throughout
the past century. Nevertheless, the expansion did not occur uniformly across the educational
distribution, as demonstrated in Table 1. This is likely attributable to the evolution of human
capital accumulation over the century, as well as to the schooling policies implemented in the
post-war period. Policies extending compulsory schooling enhance equality of opportunities,
as all individuals - and notably the poor - obtain at least a minimum level of education. In
contrast, the 1969 reform that opened university access to graduates from all types of sec-
ondary schools seems to have primarily benefited children from more advantaged families,
as liberalizing access does not necessarily lead individuals with an upper-secondary qualifi-
cation to enroll in university (Bertola and Sestito, 2011). The limited expansion of university
degree among children from disadvantaged background helps explain the sluggish education
mobility that characterizes Italy since the 1960s.

5 Methodology

Building on the conceptual framework and measures of educational mobility outlined in Sec-
tion 2, this section introduces the statistical models that will be used to estimate educational
mobility at the national level (Section 6) and the regional level (Section 7). Denoting by Yi,c
and by Yi,p the years of schooling for child and parent belonging to family i , respectively, and
by Zi,c a set of control variables, the IGR is estimated using the following linear regression,
for each ten-year cohort.

Yi,c = α + βYi,p + γ Zi,c + εi,c. (2)

The key coefficient β, representing the IGR, is estimated at the national level controlling
for gender, region of birth, and year of the survey. At the regional level, to account for internal
migration, we include an additional control variable that indicates whether the region of birth
differs from the region of residence, following a similar approach to that of Barbieri et al.
(2020).

Similarly, the IGC is estimated as follows:

Si,c = α + βs Si,p + γ Zi,c + εi,c, (3)

where

Si,c = Yi,c
σc

and

Si,p = Yi,p
σp

.

Si,c and Si,p are the standardized years of schooling for the child and the parent belonging
to family i , respectively; σc and σp denote the standard deviations of educational attainment
of children and parents. The coefficient βs , representing the IGC, shows the increase in
children’s years of schooling for a standard deviation increase in parental schooling.

To further investigate how relative mobility has changed over time in Italy, we study the
transmission of human capital using the rank-rank slope (RRS). Since educational data are
usually discrete, we follow Fletcher and Han (2019), assigning the education percentile to
each parent (child) computed as the fraction of parents (children) with strictly less education,
plus one-half the fraction of parents (children) with equal education.
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For each cohort, we estimate the following equation:

Ri,c = α + βr Ri,p + γ Zi,c + εi,c, (4)

where Ri,c and Ri,p are the educational ranks of child and parent belonging to family i . The
key parameter βr is the rank-rank slope.18

Finally, at the regional level, we also estimate absolute mobility at the lower end of the
educational distribution. To do so, we calculate the predicted value of Eq. 4 for parents
located at the 25th percentile of the national education distribution. This measure, computed
separately for each region and cohort, can be expressed as

CER25 = α j + 25 ∗ βr j ,

where α j and βr j are the parameters of Eq. 4 estimated for region j and for each birth cohort.

6 National Estimates of Educational Mobility

This section summarizes the results of educational mobility at the national level, based on the
models presented in Section 5. The results reported in Table 3 suggest a general increase in
mobility (i.e., lower persistence) during the "Economic Boom", the period following WWII,
as reflected in the threemeasures employed.As expected, the IGR in column1 exhibits greater
variation over time compared to the other two indicators. In the 1980s, a one-year increase in
parents’ education is associated with a 0.46-year increase in children’s education. Persistence
summarized by IGC slowly decreased between the 1920s and the 1960s and remained stable
in the subsequent cohorts.19 In the last cohort, a one-standard deviation increase in parents’
education is associated with a 0.5-standard deviation increase in children’s education.20 Note
that until the 1960s cohort, the standard deviation of children’s education was higher than
that of the parents, causing the IGR to exceed the IGC. This trend reversed in subsequent
cohorts.21

The last column in Table 3 presents the estimates of the rank-rank slope. Accounting for
changes in the marginal distribution of education seems to confirm the findings reported
above with the trend followed by the RRS being close to that of the IGR and the IGC.
The rank-rank slope in the cohort of the 1980s indicates that a ten-percentiles difference in
the generation of parents is associated with a 4.9-percentile difference in the generation of
children.22 The estimates reported in Table 3 are obtained controlling for gender, the child’s

18 To compute the RRS at the local level, percentiles ranks are fixed based on the marginal distribution of
ranks at the national level. As pointed out byDeutscher andMazumder (2023), the local RRS based on national
ranks is still a measure of relative mobility as increases in child human capital (or income) can affect mobility
depending onwho receives them.However, it is no longer ameasure of strong positional mobility as in Fletcher
and Han (2019), who compute the human capital measures based on the local marginal distribution.
19 Narayan et al. (2018), in their discussion of the difference between the IGR and the IGC, highlight that the
standard deviation of years of schooling follows a reversed U-shape. This pattern indicates that variability is
lowest when the majority of individuals have either very low or very high levels of education.
20 Our findings remain consistent when distinguishing between university using either father’s or mother’s
education as the reference category for parental background (see Appendix Table 8).
21 The results show minimal variation when distinguishing between university graduates (18 years of educa-
tion) and PhD holders (21 years of education). This pattern likely reflects the limited representation of PhD
holders in our sample, comprising just 0.1% of parents and approximately 1% of children.
22 We compute the IGC for five-year birth cohorts, which yields very similar results. The analysis for one-year
birth cohorts shows a high degree of variation, particularly in the 1980s and early 1990s, due to the small
sample size.
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Table 3 Educational Mobility in
Italy over the 20th Century

IGR IGC RRS Obs.
(1) (2) (3)

1920-1929 0.638 0.565 0.532 6,651

(0.016) (0.014) (0.014)

1930-1939 0.601 0.558 0.545 11,778

(0.012) (0.011) (0.010)

1940-1949 0.583 0.534 0.537 15,272

(0.011) (0.010) (0.010)

1950-1959 0.527 0.514 0.525 15,891

(0.009) (0.009) (0.010)

1960-1969 0.467 0.508 0.489 14,270

(0.009) (0.010) (0.010)

1970-1979 0.456 0.491 0.464 6,051

(0.014) (0.015) (0.015)

1980-1994 0.463 0.500 0.487 3,743

(0.020) (0.022) (0.021)

Notes: Regressions are estimated using sample weights. Robust standard
errors are in parentheses. Control variables: gender and region of birth
of the child, year of the survey. Source: Authors’ computation based on
SHIW Historical Archive

region of birth, and the year of the survey. Interestingly, the coefficient on the gender dummy
is negative for cohorts born up to the 1950s and turns positive thereafter, suggesting that
women’s educational attainment has recently surpassed that of men.

Our estimates of the correlation coefficient are in line with previous results by Checchi et
al. (2013), who found a similar trend over time and a correlation coefficient of 0.50 for the
1975-1979 birth cohort. In absolute terms, our estimates confirm that Italy is one of the least
mobile countries in the Western world (Hertz et al., 2008).2324

6.1 Co-residents in the Cohort of the 1980s

To study intergenerational mobility in the most recent cohort, we combined the subsample
of co-resident (first-born) offspring with that of householders and spouses. Considering the
co-resident offspring may introduce a selection bias, known in the literature as co-residence
bias, since those who have moved out are not observed and may differ in key character-
istics from co-residents.25 However, unlike in other developed countries, Italy has a high
co-residence rate even among individuals in their early thirties. Consequently, we expect that
offspring who remain at home are relatively similar to their peers who have moved out. To

23 The trend we document is also consistent with that found by Cannari and D’Alessio (2018). Using the
wave from 1993 to 2016 of the SHIW and a log-log model, they report that persistence in education decreased
over time but slightly increased in Italy in the last decades.
24 Recent studies on intergenerational incomemobility based on large administrative data show, however, that
Italy seems more mobile than what actually thought, although with dramatic differences within the country
(Acciari et al., 2022).
25 Eurostat data show that the share of Italian adults aged 25-34 living with their parents in 2018 was 49%,
more than three times that of Germany, four times that of France and almost ten times that of Norway. See
https://doi.org/10.2908/ILC_LVPS08. In our sample, 80% of firstborn individuals are aged between 28 and
34 years.

123

https://doi.org/10.2908/ILC_LVPS08


D. Di Gioacchino et al.

test this assumption, we examined whether the inclusion of co-resident offspring affects our
intergenerational mobility estimates across three indicators. We conducted a Wald test with
the null hypothesis that the beta coefficients in models with and without co-resident offspring
are statistically equivalent. This approach is warranted, as the sample of householders and
spouses, based on retrospective data, can be considered random. Table 9 in the Appendix
presents the estimates for the three mobility indicators, separately for the sample of house-
holders and spouses, and for the combined sample that includes householders, spouses, and
offspring. Since the null hypothesis could not be rejected, there is no statistically significant
difference between the coefficients.

7 Geographic Variation Across Regions

In this section, we study the geography of intergenerational mobility in education focusing
on Italian regions. In the last century, Italy has experienced significant differences across
geographic areas not only in economic development and growth, but also in human capital
accumulation (Bertola and Sestito, 2011). Evidence from the Programme for International
Student Assessment (PISA) tests suggests a high degree of polarization of schools’ outcomes
within the country, with students from the regions of the North that perform on average
better than the regions of the South (Giancola et al., 2010). Focusing on adult competencies,
Baldissera and Cornali (2020) found similar results, although with more nuances, with the
North-East that achieve better results in every field of the Programme for the International
Assessment ofAdult Competencies (PIIAC) tests than the Southern regions. These disparities
occurred despite the highly centralized public school system and the limited role of local
governments in affecting schooling policies.

To document the evolution of mobility over time, we estimate the models outlined in
Section 5 for each region of birth of the child and for each birth cohort.26 We assume that
the region of birth is the region in which the child grows up and where the schooling cycle
is completed (childhood location). According to this assumption, childhood exposure effects
are better described by the region of birth than that of residence.

The estimated intergenerational regression coefficient, the intergenerational correlation
coefficients and the rank-rank slopes are reported in Tables 11, 12 and 13 in the Appendix.
Consistently with national data shown in Table 3, we observe a decline in persistence from
the period prior toWorldWar II to the youngest cohorts in most of the regions, although some
variability is evident. Figure 1 displays range plots of IGC with 90% confidence intervals for
each birth cohort. The regions exhibiting the most notable dynamism are predominantly situ-
ated in Northern and Central Italy; Veneto, Marche, and Umbria show a significant decrease
in persistence over time, contrasting with the less favorable trend observed in the Southern
regions. Nonetheless, there are notable exceptions within the South.

In absolute terms, the data reveal that persistence is highest in Sicily, Calabria, and Cam-
pania across nearly all cohorts examined. Sardinia appears to deviate from other Southern
regions, with its mobility levels being comparable to those of the more dynamic regions.
This discrepancy may be attributed to the enduring influence of the educational system of the
Savoy Kingdom, as suggested by Bertola and Sestito (2011). Another notable exception is
Abruzzo, whose mobility patterns align more closely with those of the Central regions rather
than the South.

26 Due to the small sample size of Aosta Valley, Molise, Basilicata and Friuli Venezia Giulia, we merge
them with Piedmont, Abruzzo, Calabria and Veneto respectively, as they are neighboring regions with similar
characteristics. Moreover, we delete children born abroad that account for almost 5% of the total sample.
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Fig. 1 Intergenerational Correlation Coefficient across Italian Regions
Notes: Aosta Valley, Molise, Basilicata, and Friuli Venezia Giulia are merged with Piedmont, Abruzzo, Cal-
abria, and Veneto, respectively. The horizontal dashed line represents the national estimates from Table 3.
Source: Authors’ computation based on SHIW Historical Archive

Additionally, the findings indicate that mobility has either reversed or plateaued in certain
regions for the 1980s cohort. Notably, Tuscany, Trentino-Alto Adige, Calabria, Lazio, and
Piedmont appear to have experienced a rebound.However, caution iswarranted in interpreting
these results, as the number of observations for the 1980s cohort is relatively limited. A more
reasonable conclusion is that mobility has stagnated, a trend also evident at the national
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level since the 1960s. Overall, these results highlight a significant degree of heterogeneity in
intergenerational mobility estimates across Italy. We also estimate the IGC for individuals
whose birth and residence regions coincide, finding little variation compared to the full
sample. Interestingly, in Sicily, the estimates are equal to or higher than those from the full
sample, indicating greater persistence among individuals who remain in the region. Results
are reported in Table 14 in the Appendix.

Table 4 presents the estimates of CER25, which broadly confirm the trends observed in the
relativemobilitymeasures.27 However, it is worth noting that in Calabria, CER25 has steadily
improved over the decades—a development that would have gone unnoticed if only relative
mobility had been considered. Despite this progress, it is crucial to emphasize that relative
mobility remains low, as shown in Fig. 1 and Tables 11, 12, and 13. Consequently, equality
of opportunity for children from less-educated families remains far from being achieved.

Regarding theNorthwest regions, Piedmont, Lombardy andLiguria experienced both high
absolute and relative mobility, summarized by the RRS, compared to the rest of the country
in the old cohorts. This might reflect the economic and cultural role of this area in the first
part of the XX century. After WWII absolute mobility has stagnated or decreased in these
regions, and eventually converged towards the mean.

The geographical heterogeneity of intergenerational mobility, however, has not an equal
impact across children with different background. The impact of the birthplace region seems
more important for children whose parent belongs to the 25th percentile than for those whose
parent belongs to the 75th percentile (CER75).28 Indeed, Table 5 shows, across all cohorts,
that the unweighted standard deviation of the regional CER25 is systematically higher than
the standard deviation of the expected ranks of children with parents in the upper-tail of
the distribution.29 This confirms Chetty et al. (2014) result that location matters more for
children coming from disadvantaged background.30

8 Socioeconomic Correlates

In this section, we exploit the heterogeneity across Italian regions to study how education
mobility correlates with a number of socioeconomic variables at the regional level, without
necessarily making causal claims. Indeed, it must be stressed that, because of endogeneity
problems, all these socio-economic variables must not be interpreted as causal determinants
of educational mobility. However, our findings can provide useful insights for future research
on the topic.

We construct a panel focusing on the cohorts from 1930 to 1980, and selecting indicators
for our 16 regional entities from various sources (see Appendix B for the list of variables and
sources). The choice of the indicators is aimed at describing the prevailing economic and

27 Correlations between the rank-rank slope and the CER25 show a high negative relationship across all
cohorts (ρ = −0.80), as expected. In general, absolute mobility is negatively correlated with all the indicators
of persistence in our analysis.
28 Table 15 in Appendix reports the estimates of the conditional expected rank for children with parents at
the 75th percentile of the national distribution (CER75).
29 Handy and Shester (2022) identify the underlying mechanism of a similar pattern characterizing the 1980s
birth cohort in the U.S. They point out that the height of the rank-rank line and the rank-rank slope are
negatively correlated, indicating that regions with higher mobility for children from households at the median
of the distribution tend to have flatter slopes. Consequently, children coming from disadvantaged families tend
to have higher standard deviation than those coming from advantaged families.
30 In line with the national estimates, the coefficient on the gender dummy turns positive beginning with the
1960s cohort in almost all regions.
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Table 4 Conditional Expected Rank of Children with Parents at the 25th Percentile

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Piedmont-Aosta
Valley

.431 .407 .36 .399 .379 .377 .321

(.0167) (.0134) (.0126) (.0133) (.0119) (.0166) (.0243)

Lombardy .451 .433 .367 .388 .395 .404 .386

(.0132) (.0106) (.0102) (.0122) (.0104) (.0163) (.0256)

Trentino-Alto
Adige

.333 .366 .356 .35 .364 .405 .376

(.0453) (.0446) (.0245) (.0196) (.0212) (.0378) (.0469)

Veneto-Friuli
Venezia Giulia

.374 .357 .332 .331 .38 .423 .429

(.0105) (.0081) (.0088) (.0096) (.0106) (.0174) (.0304)

Liguria .458 .418 .404 .394 .448 .396 .411

(.0266) (.0188) (.0189) (.0208) (.0180) (.0400) (.0557)

Emilia-Romagna .396 .427 .395 .414 .404 .415 .481

(.0136) (.0102) (.0102) (.0121) (.0131) (.0236) (.0330)

Tuscany .391 .387 .35 .385 .412 .434 .395

(.0126) (.0101) (.0105) (.0142) (.0134) (.0240) (.0322)

Umbria .305 .363 .356 .402 .425 .455 .392

(.0176) (.0119) (.0114) (.0132) (.0167) (.0333) (.0403)

Marche .324 .352 .369 .365 .438 .483 .471

(.0142) (.0097) (.0112) (.0138) (.0143) (.0310) (.0421)

Lazio .371 .386 .431 .403 .397 .46 .412

(.0181) (.0132) (.0115) (.0119) (.0125) (.0261) (.0311)

Abruzzo-Molise .346 .365 .427 .436 .453 .442 .454

(.0181) (.0120) (.0138) (.0133) (.0148) (.0248) (.0354)

Campania .334 .326 .336 .322 .317 .313 .347

(.0139) (.0088) (.0072) (.0069) (.0069) (.0100) (.0136)

Apulia .334 .303 .33 .335 .341 .391 .413

(.0147) (.0090) (.0078) (.0080) (.0083) (.0147) (.0201)

Calabria-
Basilicata

.28 .317 .337 .352 .374 .406 .405

(.0147) (.0094) (.0093) (.0085) (.0100) (.0216) (.0254)

Sicily .314 .33 .345 .329 .331 .349 .324

(.0132) (.0084) (.0078) (.0075) (.0078) (.0122) (.0159)

Sardinia .34 .364 .385 .372 .363 .362 .408

(.0171) (.0126) (.0116) (.0113) (.0122) (.0208) (.0322)

Notes: For each region, CER25 is computed as the predicted rank of children with parents at the 25th percentile
based on Eq. 4. Standard errors in parentheses. Control variables: gender, year of the survey, and a binary
variable that accounts for internal migration. Source: Authors’ computation based on SHIWHistorical Archive

social conditions of the regions when the children were on average around 14 or 15 years
old.31 Various indicators are available for the years 1951, 1961, 1971, 1981, 1991 and 2001,

31 After having concluded the three-years lower-secondary school, Italian students choose whether to enroll
into liceo, an academic oriented high school, or into a technical oriented high school. This is a crucial choice
for the students’ career as data from the Ministry of Public Education, University and Research referred to
2016 show that students coming from liceo have more than twice the probability of enrolling into university
than those coming from technical schools - 74% against 33% (MIUR, 2017).
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Table 5 Unconditional Standard
Deviation of CER25 and CER75
Across Regions

St.Dev. CER25 St. Dev. CER75

1920-1929 0.052 0.031

1930-1939 0.039 0.027

1940-1949 0.033 0.028

1950-1959 0.036 0.023

1960-1969 0.040 0.021

1970-1979 0.040 0.020

1980-1994 0.043 0.029

so we match the 1930s cohort with indicators from 1951, and continue this pattern up to
the 1980s cohort, which is matched with indicators from 2001.32 For indicators with annual
data available, we calculate 10-year averages. There are some exceptions, particularly the
indicators of primary and lower-secondary school quality, which are matched to cohorts to
approximate the environment when the children were on average around 6 or 7 years old.

Building on the conceptual framework presented in Section 2 and drawing on the existing
literature, we categorize the socio-economic indicators into three groups (see Table 16 in
AppendixA for summary statistics). The first group includes economic variables such asGDP
per capita, value added per worker, the unemployment rate, female labor force participation,
and educational inequality. The first four indicators serve to capture the level of economic
development within a region. The final variable—educational inequality—reflects disparities
in human capital distribution, which are closely linked to income inequality, and is intended
to capture segregation effects, as discussed in Section 2.

The second group contains social indicators that give a picture of the environment outside
the stricter family circle. The idea is that human capital accumulation is, along important
dimensions, socially determined (Durlauf and Seshadri, 2018). Amore advantaged surround-
ingmight be associated with higher cognitive and non-cognitive abilities creating a beneficial
synergy with learning at school, thereby improving educational attainment. This creates a
strong relationship between the communities in which children develop and human capital
accumulation.Accordingly,we consider the following variables: several indices of social cap-
ital, which serve as proxies for the strength of social networks and community engagement
within the region; population density (measured as inhabitants per square kilometer); average
population per municipality; and the share of the population residing in mountainous areas.
We expect both regional population density and the average population per municipality to
be positively associated with mobility, as higher concentrations of people may enhance social
interactions and access to cultural opportunities for children. Conversely, a greater share of
the population living in mountainous areas is expected to hinder social exchange (and also
school attendancy), thereby negatively affecting mobility. Finally, the third group includes
indicators of school quality, represented by the student-to-teacher ratio, and the proportion
of public schools relative to the total number of schools at the primary, lower-secondary, and
upper-secondary levels. In addition, we measure accessibility for upper-secondary education
by the number of schools per square kilometer.

Table 6 reports the results of a linear regression of IGC and CER25 with the socioeco-
nomic factors - one at the time - with and without regional fixed effects. As for the economic
variables, the unemployment rate appears to be positively and significantly correlated with

32 Van derWeide et al. (2024) follow a similar approach in their correlations between socio-economic variables
and intergenerational mobility. However, they use indicators to approximate the children’s environment when
they are about to go to school, specifically around the age of five.
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Table 6 Univariate Linear Regression between Educational Mobility and Various Social and Economic Out-
comes

IGC Pooled
OLS

IGC
Regional
FE

CER25
Pooled
OLS

CER25
Regional
FE

Obs

Economic Factors

Unemployment rate 0.440*** 0.183 -0.162** 0.131* 96

(0.099) (0.126) (0.077) (0.069)

Female labor force participa-
tion rate

-0.242*** -0.193*** 0.181*** 0.131*** 96

(0.066) (0.068) (0.041) (0.037)

GDP per capita -0.004*** -0.004*** 0.003*** 0.002*** 96

(0.001) (0.001) (0.001) (0.001)

Education Gini index 0.225*** 0.205*** -0.120*** -0.100*** 112

(0.032) (0.032) (0.020) (0.022)

Total value added per worker -0.001** -0.001*** 0.001*** 0.001*** 80

(0.001) (0.000) (0.000) (0.000)

Social Factors

Index of trust -0.056*** -0.023 0.045*** 0.021* 96

(0.012) (0.017) (0.007) (0.011)

Index of social capital -0.048*** -0.066** 0.018* 0.031 96

(0.010) (0.033) (0.010) (0.022)

Population in mountainous
areas

-0.078*** 1.191*** 0.030 -0.613*** 96

(0.028) (0.265) (0.021) (0.147)

Regional population per Km2 0.134*** -0.765*** -0.065 0.087 96

(0.051) (0.219) (0.041) (0.144)

Regional population per
municipality

0.003* -0.028*** -0.002** 0.007 96

(0.002) (0.006) (0.001) (0.005)

School Quality and Accessibil-
ity

Primary school quality, pr
stud/pr teachers

0.003*** 0.002** -0.003*** -0.002*** 80

(0.001) (0.001) (0.001) (0.001)

Lower sec school quality, ls
stud/ls teachers

0.006 0.003 -0.008** -0.004 80

(0.004) (0.005) (0.004) (0.003)

Upper sec school quality, us
stud/us teachers

0.006 0.003 -0.008*** -0.005*** 96

(0.004) (0.003) (0.003) (0.002)

Accessibility us school, us
schools per Km2

0.098 -2.013*** -0.062 0.719** 96

(0.423) (0.493) (0.363) (0.316)

Primary public schools/total
primary schools

-0.191*** -0.039 0.145*** 0.075** 80

(0.054) (0.055) (0.034) (0.033)

Lower sec public school/total
lsec schools

-0.050* -0.066*** 0.031 0.047*** 80

(0.030) (0.020) (0.020) (0.012)
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Table 6 continued

IGC Pooled
OLS

IGC
Regional
FE

CER25
Pooled
OLS

CER25
Regional
FE

Obs

Upper sec public school/total
usec schools

-0.150*** -0.172*** 0.026 0.065** 95

(0.036) (0.043) (0.032) (0.027)

Notes: See Appendix B for further information on the construction of social and economic variables. The
regressions are weighted with the inverse of the standard errors of the dependent variables. Robust standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01

IGC in the pooled model, but not in the fixed effects model though with expected sign. The
correlation with CER25 is instead negative in the pooled model, as expected, but positive
when accounting for regional fixed effects, although only slightly significant, making the
results less clear-cut than for IGC. Overall, these results may suggest that credit constraints
are important in explaining bottom tail persistence. Productivity is negatively correlated with
IGC, as expected, and positively and significantlywithCER25.As forGDPper capita,wefind
a negative and significant relationship with intergenerational persistence and a positive rela-
tionshipwith absolutemobility. This suggests that wealthier regions tend to have higher levels
of mobility. It is important to highlight the potential inverse relationship between persistence
and GDP, suggesting that greater intergenerational mobility may foster economic growth by
enabling a more efficient allocation of talents and skills across the economy. Female labour
force participation is strongly correlated with education mobility. Specifically, we observe a
negative correlation with IGC (albeit not significant in the fixed effects model), and a signif-
icant positive correlation with CER25. This suggests that regions with higher female labour
force participation tend to exhibit greater educational mobility. One possible interpretation is
that the prospect of finding a job represents an incentive for women’s education, particularly
in contexts where gender norms are less restrictive.

The link between intergenerational persistence and educational inequality is particu-
larly interesting. Using parental schooling data, we construct a cohort-level Gini index (see
Appendix B) and find a strong positive correlation between persistence measures and educa-
tional inequality, consistent with the “Great Gatsby Curve” observed across countries (Corak,
2013). Various mechanisms may underlie this relationship. As discussed in Section 2, social
theories of intergenerational mobility posit that neighborhoods exert a significant influence
on educational outcomes due to factors such as the availability of resources, social networks,
and the overall quality of the local environment. As disparities in parental education and
income widen, the heterogeneity of neighborhood environments experienced by children
also increases. This growing inequality intensifies the variation in social influences across
neighborhoods, affecting key aspects such as the quality of schools and the nature of social
interactions. Consequently, spatial segregation amplifies disparities in education and income,
further entrenching the persistence of inequality across generations (Durlauf et al., 2022).
Interestingly, we find no significant correlation between educational inequality and CER75
(Table 17 in Appendix). This suggests that the negative effects of inequality are concentrated
specifically at the lower tail of the education distribution, rather than affecting mobility
patterns more broadly.

As for the second set of variables, we observe that various indices of social capital are
negatively correlated with educational persistence, as expected. Moreover, when incorpo-
rating fixed effects, the proportion of the population residing in mountainous areas shows
a positive correlation with persistence, while population density and the number of inhabi-
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Table 7 Multivariate Regression with Social and Economic Variables

IGC Pooled OLS IGC Regional
FE

CER25 Pooled
OLS

CER25 Regional
FE

Upper secondary school
quality, us stud/us teachers

0.00394 0.00784* -0.00941*** -0.00471*

(0.00414) (0.00420) (0.00274) (0.00247)

Education Gini Index 0.177*** 0.197*** -0.110*** -0.100***

(0.0468) (0.0448) (0.0292) (0.0273)

Unemployment rate 0.320** 0.521*** -0.285*** -0.0518

(0.129) (0.149) (0.0951) (0.0993)

Index of social capital -0.0216* -0.0482 -0.00558 0.0136

(0.0118) (0.0388) (0.00825) (0.0192)

Observations 96 96 96 96

R2 0.366 0.590 0.269 0.680

Notes: The R2 for fixed effects estimation is the within R2. The regressions are weighted with the inverse of
the standard errors of the dependent variables. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05,
*** p < 0.01

tants per municipality are negatively correlated. These findings might support the hypothesis
that more frequent social interactions foster a dynamic environment, providing children with
greater opportunities to advance further up the educational ladder.

Regarding the quality of the school system, despite Italy’s historically centralized edu-
cation policies, there is significant variation in the student-to-teacher ratio at regional level,
indicating the existence of school inequalities across regions. As expected, the student-to-
teacher ratio correlates positively with IGC across educational levels, regardless of the model
used (note that a higher ratio indicates lower quality). However, the coefficients are slightly
lower when adding fixed effects. School accessibility at the upper secondary level, proxied
by the number of schools per square kilometer, is negatively correlated with educational per-
sistence and positively with absolute mobility when controlling for regional fixed effects.33

This may indicate that a greater distribution of schools across the territory reduces the cost
of attending high school, thereby increasing opportunities for those at the bottom tail of
the distribution. Finally, as expected, the share of public schools on total schools is nega-
tively and significantly correlated with IGC, and positively correlated with CER25, across
all educational levels.

Finally, we perform a multivariate linear regression with at least one variable for each of
the three groups. Thus, we include school quality (at the upper-secondary level), educational
inequality, unemployment rate, and the index of social capital. The results are reported in
Table 7 and are broadly consistent with the correlations shown in Table 6.

9 Conclusion

Recent research on intergenerational social mobility increasingly focuses on its geographical
variation within countries. This study contributes to the ongoing debate by examining the

33 We focus on the upper-secondary level because this indicator appears less relevant for primary and lower-
secondary education. Primary schools have been widely accessible across the country, and both primary
and lower-secondary education have been compulsory since the 1962 national reform of lower-secondary
education.
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temporal evolution of educational attainment based on parental background across different
regions of Italy, spanning seven birth cohorts. The findings highlight regional disparities in
educational mobility, with the Northeast and Central regions showing the highest levels of
mobility, followed by the Northwest and the South. This is particularly notable in a country
like Italy, where the institutional framework and educational policies are centrally managed
and uniform across all regions.

Drawing on both temporal and regional heterogeneity, we then investigate the relationship
between educational mobility and a range of socioeconomic factors. The findings suggest
that adverse economic and labor market conditions may hinder educational mobility, poten-
tially due to financial constraints. Additionally, the analysis reveals a negative correlation
between intergenerational educational mobility and educational inequality, as captured by
the education Gini coefficient. Social models of intergenerational mobility posit that rising
inequality fosters segregation, which in turn amplifies disparities in social environments and
perpetuates educational and income inequalities across generations. This interpretation is
further supported by the positive association found between educational mobility and social
capital indicators, highlighting the role of interpersonal interactions in shaping human cap-
ital through personality development and socialization. Finally, despite Italy’s centralized
education policies, significant regional disparities in school quality persist, pointing to the
presence of educational inequalities. Indicators of school quality and school accessibility are
positively correlated with educational mobility.

Although this study avoidsmaking causal claims, the key takeaway is that intergenerational
mobility in Italy is, to some extent, a localized issue that could potentially be addressed
through place-based policies. Such policies would aim to reduce inequalities by channeling
public investments and subsidies to disadvantaged regions, cities, or neighborhoods (Kline
and Moretti, 2014).

Appendix A

Table 8 Indicators of Relative Mobility with Father’s and Mother’s Education as Parental Reference

Cohort IGR
Father

IGC
Father

RRS
Father

Obs. IGR
Mother

IGC
Mother

RRS
Mother

Obs.

1920-1929 0.657 0.571 0.544 6,541 0.698 0.504 0.506 6,525

(0.017) (0.014) (0.014) (0.020) (0.014) (0.015)

1930-1939 0.603 0.555 0.548 11,578 0.659 0.507 0.501 11,635

(0.012) (0.011) (0.010) (0.014) (0.011) (0.011)

1940-1949 0.580 0.530 0.530 15,020 0.632 0.495 0.502 15,125

(0.011) (0.010) (0.010) (0.013) (0.010) (0.011)

1950-1959 0.525 0.506 0.513 15,663 0.543 0.470 0.484 15,745

(0.009) (0.009) (0.010) (0.011) (0.009) (0.010)

1960-1969 0.461 0.494 0.481 14,053 0.476 0.466 0.450 14,149

(0.010) (0.010) (0.011) (0.011) (0.010) (0.011)

1970-1979 0.454 0.479 0.454 5,957 0.475 0.473 0.439 6,007

(0.014) (0.015) (0.016) (0.015) (0.015) (0.016)

1980-1994 0.453 0.485 0.474 3,433 0.463 0.484 0.469 3,658

(0.022) (0.023) (0.021) (0.021) (0.022) (0.021)

Notes: We estimate the regression using sample weights. Robust standard errors are in parentheses. Control
variables: gender and region of birth of the child, year of the survey. Source: Authors’ computation based on
SHIW Historical Archive
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Table 9 Coefficients with and
without the Offspring in the 1980
Cohort

Incomplete Complete
(1) (2)

IGR 0.478 0.463

(0.026) (0.020)

IGC 0.517 0.500

(0.028) (0.022)

RRS 0.501 0.487

(0.026) (0.021)

Obs. 2,000 3,743

Notes: Column (1) refers to the sample containing only householders and
spouses. Column (2) is estimated pooling the offspringwith family heads
and spouses, as in the last row of Table 3. We estimate the regression
using sampleweights. Control variables: gender and region of birth of the
child, and year of the survey.Wald test for equality of the coefficients: p =
0.24 for years of schooling, p = 0.24 for standardized years of schooling
and p = 0.31 for ranks. Source: Authors’ computation based on SHIW
Historical Archive

Table 10 Average Years of Schooling of Children and Parents and Number of Observations by Region

1920-29 1930-39 1940-49 1950-59 1960-69 1970-79 1980-94

Piedmont- Child 7.04 7.57 9.57 11.18 11.42 11.73 12.76

Aosta Valley Parent 4.23 4.88 6.06 6.78 7.62 8.14 10.30

Obs. 439 744 836 785 851 437 158

Lombardy Child 7.27 7.97 9.60 11.36 12.02 12.82 14.08

Parent 3.84 5.16 6.25 7.06 8.18 9.30 11.65

Obs. 581 1,099 1,233 1,240 1,312 526 254

Trentino-Alto Adige Child 6.74 7.45 8.60 10.50 11.12 12.85 13.97

Parent 5.34 5.64 5.73 6.54 7.35 8.82 11.63

Obs. 136 231 378 371 290 141 67

Veneto - Friuli V.G. Child 5.90 6.45 8.34 10.29 11.18 12.33 14.12

Parent 3.51 4.10 5.22 6.11 7.15 8.64 10.84

Obs. 770 1,152 1,523 1,248 1,046 387 170

Liguria Child 7.85 8.24 9.74 11.68 12.23 13.34 13.08

Parent 4.68 5.48 6.45 7.64 8.26 9.94 11.23

Obs. 241 440 433 457 527 134 64

Emilia-Romagna Child 5.91 7.17 9.08 11.21 12.08 13.36 14.58

Parent 2.87 3.85 4.99 6.56 8.15 10.01 11.94

Obs. 569 886 1,068 1,019 827 338 174

Tuscany Child 6.21 7.09 8.92 10.72 11.89 12.86 13.89

Parent 3.49 4.36 5.54 6.16 7.89 9.55 11.16

Obs. 572 877 1,101 913 732 304 140

Umbria Child 4.506 5.625 7.654 10.163 11.003 12.492 13.179

Parent 2.236 2.518 3.602 4.874 6.347 8.720 10.795

Obs. 237 392 460 461 337 118 78

Marche Child 4.623 6.136 8.362 10.292 11.310 12.907 14.458

Parent 1.961 3.126 4.284 5.342 6.155 9.129 11.635

Obs. 361 596 663 638 407 140 96
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Table 10 continued

1920-29 1930-39 1940-49 1950-59 1960-69 1970-79 1980-94

Lazio Child 5.270 7.287 9.533 11.015 11.469 12.761 13.790

Parent 2.719 4.300 5.577 6.321 7.626 9.399 11.775

Obs. 274 547 781 820 746 293 200

Abruzzo-Molise Child 5.254 6.373 9.058 10.934 11.892 12.995 14.440

Parent 2.180 3.126 4.092 5.178 6.946 9.052 11.248

Obs. 283 533 587 623 535 213 125

Campania Child 5.452 6.168 7.846 9.366 9.941 10.539 12.216

Parent 3.176 3.700 4.353 4.947 5.850 6.709 9.295

Obs. 546 1,054 1,576 1,878 1,618 625 518

Apulia Child 5.285 5.477 7.929 9.442 10.218 11.593 13.042

Parent 2.375 3.123 4.078 4.671 5.632 7.288 9.628

Obs. 453 807 1,339 1,416 1,278 511 401

Calabria-Basilicata Child 4.302 5.332 7.689 9.464 10.581 11.861 13.774

Parent 2.233 2.548 3.627 4.308 5.334 7.491 10.049

Obs. 378 764 883 1,003 781 230 164

Sicily Child 5.412 5.953 8.048 9.544 10.383 11.261 12.458

Parent 3.031 3.055 4.192 5.122 6.127 7.541 9.882

Obs. 514 1,041 1,434 1,684 1,344 547 432

Sardinia Child 4.641 5.862 7.820 9.565 10.388 11.664 13.497

Parent 1.852 2.630 3.670 4.662 6.093 8.004 10.246

Obs. 209 443 622 696 570 244 175

Table 11 Intergenerational Regression Coefficient (IGR)

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Piedmont-Aosta
Valley

0.581 0.546 0.627 0.495 0.479 0.470 0.584

(0.0480) (0.0403) (0.0311) (0.0294) (0.0255) (0.0500) (0.0499)

Lombardy 0.643 0.542 0.608 0.506 0.461 0.473 0.500

(0.0315) (0.0243) (0.0204) (0.0229) (0.0194) (0.0336) (0.0453)

Trentino-Alto
Adige

0.582 0.528 0.497 0.533 0.476 0.360 0.583

(0.0944) (0.0948) (0.0564) (0.0461) (0.0497) (0.0824) (0.0979)

Veneto-Friuli
Venezia Giulia

0.601 0.542 0.594 0.559 0.469 0.377 0.442

(0.0299) (0.0277) (0.0225) (0.0256) (0.0260) (0.0423) (0.0689)

Liguria 0.646 0.542 0.525 0.471 0.395 0.508 0.309

(0.0530) (0.0467) (0.0415) (0.0355) (0.0324) (0.0703) (0.1200)

Emilia-Romagna 0.655 0.512 0.558 0.479 0.464 0.467 0.412

(0.0511) (0.0314) (0.0266) (0.0236) (0.0279) (0.0416) (0.0543)

Tuscany 0.605 0.540 0.573 0.496 0.446 0.394 0.544

(0.0379) (0.0340) (0.0272) (0.0297) (0.0290) (0.0541) (0.0835)
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Table 11 continued

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Umbria 0.676 0.611 0.573 0.573 0.378 0.350 0.326

(0.0719) (0.0498) (0.0483) (0.0409) (0.0460) (0.0776) (0.1450)

Marche 0.685 0.673 0.579 0.585 0.433 0.366 0.346

(0.0651) (0.0324) (0.0339) (0.0339) (0.0411) (0.0617) (0.0897)

Lazio 0.529 0.620 0.472 0.478 0.424 0.347 0.527

(0.0407) (0.0313) (0.0262) (0.0242) (0.0266) (0.0498) (0.0529)

Abruzzo-Molise 0.765 0.609 0.617 0.509 0.390 0.415 0.339

(0.0669) (0.0448) (0.0381) (0.0346) (0.0318) (0.0482) (0.0714)

Campania 0.646 0.653 0.615 0.585 0.514 0.564 0.547

(0.0334) (0.0298) (0.0221) (0.0191) (0.0196) (0.0278) (0.0310)

Apulia 0.752 0.649 0.681 0.586 0.514 0.461 0.447

(0.0640) (0.0368) (0.0268) (0.0221) (0.0242) (0.0349) (0.0412)

Calabria-
Basilicata

0.719 0.638 0.690 0.581 0.525 0.511 0.531

(0.0671) (0.0371) (0.0270) (0.0239) (0.0255) (0.0448) (0.0537)

Sicily 0.715 0.709 0.664 0.575 0.560 0.543 0.506

(0.0477) (0.0297) (0.0205) (0.0182) (0.0188) (0.0289) (0.0366)

Sardinia 0.640 0.598 0.511 0.418 0.496 0.519 0.427

(0.0949) (0.0534) (0.0375) (0.0332) (0.0271) (0.0408) (0.0603)

Notes: Robust standard errors in parentheses. Control variables: gender, year of the survey, and a binary
variable that takes value 1 if the region of birth of the individual is different from the region of residence.
Source: Authors’ computation based on SHIW Historical Archive

Table 12 Intergenerational Correlation Coefficient (IGC)

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Piedmont-Aosta
Valley

.555 .517 .548 .485 .529 .426 .579

(.0458) (.0381) (.0272) (.0288) (.0282) (.0453) (.0495)

Lombardy .590 .550 .601 .507 .515 .500 .521

(.0289) (.0247) (.0202) (.0229) (.0216) (.0355) (.0471)

Trentino-Alto Adige .436 .443 .348 .498 .482 .327 .555

(.0707) (.0796) (.0395) (.0431) (.0504) (.0748) (.0931)

Veneto-Friuli
Venezia Giulia

.621 .548 .520 .513 .478 .400 .425

(.0310) (.0280) (.0197) (.0235) (.0265) (.0449) (.0662)

Liguria .581 .509 .508 .486 .439 .521 .300

(.0477) (.0439) (.0402) (.0366) (.0360) (.0721) (.1170)

Emilia-Romagna .536 .499 .501 .492 .492 .498 .457

(.0418) (.0306) (.0239) (.0242) (.0296) (.0444) (.0603)

Tuscany .555 .524 .510 .444 .497 .421 .527

(.0348) (.0330) (.0242) (.0266) (.0323) (.0579) (.0809)

Umbria .616 .534 .471 .529 .430 .432 .321

(.0655) (.0436) (.0397) (.0378) (.0523) (.0958) (.1430)
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Table 12 continued

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Marche .523 .631 .504 .512 .476 .414 .391

(.0498) (.0304) (.0295) (.0296) (.0452) (.0698) (.1010)

Lazio .561 .622 .525 .520 .497 .405 .578

(.0432) (.0313) (.0291) (.0263) (.0312) (.0582) (.0581)

Abruzzo-Molise .561 .510 .509 .474 .450 .499 .392

(.0490) (.0375) (.0314) (.0322) (.0367) (.0580) (.0827)

Campania .600 .603 .558 .553 .530 .570 .585

(.0310) (.0275) (.0200) (.0181) (.0202) (.0281) (.0332)

Apulia .557 .576 .561 .522 .515 .471 .464

(.0475) (.0326) (.0221) (.0197) (.0242) (.0357) (.0427)

Calabria-Basilicata .559 .521 .591 .556 .520 .536 .563

(.0522) (.0303) (.0231) (.0229) (.0252) (.0470) (.0570)

Sicily .623 .578 .606 .565 .611 .601 .546

(.0415) (.0242) (.0187) (.0179) (.0205) (.0320) (.0395)

Sardinia .537 .501 .486 .416 .554 .561 .449

(.0796) (.0447) (.0357) (.0330) (.0303) (.0441) (.0634)

Notes: Robust standard errors in parentheses. Control variables: gender, year of the survey, and a binary
variable that takes value 1 if the region of birth of the individual is different from the region of residence.
Source: Authors’ computation based on SHIW Historical Archive

Table 13 Rank-Rank Slope (RRS)

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Piedmont-Aosta
Valley

.465 .485 .607 .508 .488 .443 .622

(.0388) (.0325) (.0287) (.0310) (.0288) (.0490) (.0553)

Lombardy .49 .489 .592 .541 .496 .506 .544

(.0308) (.0230) (.0216) (.0268) (.0231) (.0366) (.0506)

Trentino-Alto Adige .534 .418 .516 .606 .484 .363 .655

(.0994) (.0981) (.0602) (.0502) (.0548) (.0903) (.1090)

Veneto-Friuli
Venezia Giulia

.504 .477 .543 .588 .452 .369 .487

(.0271) (.0228) (.0221) (.0251) (.0296) (.0436) (.0785)

Liguria .466 .512 .506 .485 .394 .562 .338

(.0571) (.0408) (.0406) (.0415) (.0395) (.0810) (.1310)

Emilia-Romagna .475 .441 .523 .494 .494 .493 .462

(.0386) (.0281) (.0256) (.0274) (.0305) (.0478) (.0643)

Tuscany .483 .482 .542 .522 .484 .395 .553

(.0335) (.0278) (.0265) (.0345) (.0328) (.0558) (.0918)

Umbria .630 .538 .495 .515 .366 .345 .369

(.0573) (.0437) (.0410) (.0410) (.0487) (.0848) (.1390)

Marche .583 .579 .552 .581 .440 .350 .385

(.0482) (.0316) (.0325) (.0365) (.0430) (.0698) (.1010)
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Table 13 continued

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Lazio .503 .575 .451 .480 .469 .368 .580

(.0477) (.0327) (.0262) (.0286) (.0307) (.0561) (.0614)

Abruzzo-Molise .642 .530 .516 .487 .420 .483 .399

(.0584) (.0420) (.0350) (.0336) (.0347) (.0516) (.0763)

Campania .579 .607 .549 .572 .549 .589 .577

(.0352) (.0241) (.0198) (.0186) (.0208) (.0303) (.0318)

Apulia .632 .612 .607 .567 .557 .477 .473

(.0450) (.0307) (.0223) (.0216) (.0250) (.0389) (.0425)

Calabria-Basilicata .622 .580 .595 .570 .544 .513 .541

(.0514) (.0339) (.0279) (.0250) (.0290) (.0517) (.0584)

Sicily .634 .608 .616 .571 .632 .583 .537

(.0379) (.0250) (.0195) (.0186) (.0199) (.0302) (.0361)

Sardinia .527 .458 .417 .414 .545 .537 .467

(.0830) (.0435) (.0379) (.0352) (.0335) (.0491) (.0671)

Notes: Robust standard errors in parentheses. Control variables: gender, year of the survey, and a binary
variable that takes value 1 if the region of birth of the individual is different from the region of residence.
Source: Authors’ computation based on SHIW Historical Archive

Table 14 IGC for Individuals Born and Residing in the Same Region

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Piedmont-Aosta
Valley

.574 .488 .523 .493 .506 .446 .57

(.0468) (.0424) (.0318) (.0306) (.0312) (.0454) (.0519)

Lombardy .576 .556 .596 .533 .523 .521 .507

(.0322) (.0269) (.0216) (.0242) (.0235) (.0364) (.0505)

Trentino-Alto Adige .503 .446 .335 .499 .483 .308 .547

(.0794) (.0886) (.0435) (.0444) (.0548) (.0748) (.0912)

Veneto-Friuli
Venezia Giulia

.621 .558 .496 .498 .467 .395 .433

(.0357) (.0329) (.0234) (.026) (.0274) (.0475) (.068)

Liguria .551 .514 .457 .475 .425 .549 .326

(.0527) (.0478) (.0439) (.0413) (.0404) (.0791) (.122)

Emilia-Romagna .475 .486 .519 .469 .501 .506 .412

(.0461) (.0353) (.0258) (.0257) (.0298) (.0462) (.0625)

Tuscany .542 .516 .512 .409 .492 .406 .543

(.0368) (.0368) (.0267) (.0293) (.0341) (.06) (.0813)

Umbria .563 .512 .46 .503 .399 .352 .299

(.0746) (.0485) (.0433) (.0373) (.0549) (.0954) (.145)

Marche .528 .58 .508 .492 .503 .441 .433

(.0551) (.0368) (.0316) (.0324) (.0467) (.0801) (.115)

Lazio .546 .617 .547 .507 .498 .385 .55

(.049) (.0334) (.0316) (.0296) (.0331) (.0686) (.0637)

Abruzzo-Molise .497 .487 .521 .476 .448 .518 .387

(.0568) (.0454) (.0355) (.0339) (.0381) (.062) (.085)
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Table 14 continued

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Campania .591 .584 .56 .54 .528 .542 .578

(.0355) (.0335) (.0221) (.0207) (.0235) (.0324) (.036)

Apulia .561 .55 .572 .519 .526 .49 .474

(.054) (.0415) (.026) (.0228) (.0261) (.0384) (.0457)

Calabria-Basilicata .559 .534 .605 .555 .537 .498 .561

(.0563) (.0348) (.0289) (.0301) (.0314) (.0608) (.0693)

Sicily .687 .582 .627 .579 .611 .621 .565

(.0405) (.0292) (.0204) (.0197) (.0227) (.0361) (.0422)

Sardinia .544 .504 .49 .407 .57 .545 .449

(.0829) (.0487) (.039) (.0371) (.0309) (.0454) (.0638)

Notes:Robust standard errors in parentheses. Control variables: gender and year of the survey. Source:Authors’
computation based on SHIW Historical Archive

Table 15 Conditional Expected Rank of Children with Parents at the 75th Percentile

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Piedmont-Aosta
Valley

.664 .646 .667 .648 .617 .605 .653

(.0111) (.00951) (.00805) (.00896) (.00924) (.016) (.0205)

Lombardy .696 .674 .664 .657 .642 .646 .665

(.00992) (.00703) (.00625) (.0065) (.00674) (.0113) (.0143)

Trentino-Alto
Adige

.598 .598 .599 .637 .613 .625 .662

(.0165) (.017) (.0149) (.0129) (.0175) (.026) (.0329)

Veneto-Friuli
Venezia Giulia

.627 .598 .606 .63 .605 .614 .661

(.00919) (.00837) (.00741) (.00798) (.00982) (.0143) (.0207)

Liguria .69 .675 .651 .658 .645 .665 .584

(.0163) (.0112) (.0111) (.0105) (.0109) (.0223) (.0397)

Emilia-Romagna .632 .651 .659 .659 .652 .668 .66

(.0133) (.00997) (.00883) (.00768) (.00878) (.0127) (.0158)

Tuscany .632 .626 .628 .636 .645 .626 .646

(.0112) (.00975) (.00893) (.00985) (.0102) (.0155) (.0207)

Umbria .619 .626 .599 .651 .609 .626 .587

(.0237) (.0199) (.0187) (.0162) (.0183) (.0236) (.0407)

Marche .615 .64 .643 .654 .655 .641 .659

(.0192) (.0142) (.013) (.0127) (.0165) (.0245) (.0294)

Lazio .622 .676 .665 .651 .625 .626 .643

(.018) (.0123) (.00921) (.00903) (.0102) (.016) (.0161)

Abruzzo-Molise .668 .633 .681 .685 .666 .676 .668

(.0235) (.0178) (.0137) (.0126) (.0115) (.0167) (.0229)

Campania .623 .629 .608 .608 .598 .62 .63

(.0134) (.00999) (.00824) (.00775) (.00859) (.0141) (.0135)

Apulia .65 .609 .636 .622 .623 .633 .642

(.0182) (.0134) (.00983) (.00963) (.0104) (.015) (.0157)
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Table 15 continued

1920-1929 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1994

Calabria-
Basilicata

.591 .613 .642 .641 .656 .655 .692

(.0221) (.0152) (.0123) (.0114) (.0128) (.0199) (.0202)

Sicily .634 .636 .649 .619 .645 .634 .613

(.0145) (.011) (.00865) (.00774) (.00855) (.0129) (.0146)

Sardinia .603 .599 .591 .588 .621 .628 .648

(.0367) (.0192) (.0168) (.014) (.0135) (.0185) (.0212)

Notes: For each region, CER75 is computed as the predicted rank of children with parents at the 75th percentile
based on Eq. 4. Standard errors in parentheses. Control variables: gender, year of the survey, and a binary
variable that accounts for internal migration. Source: Authors’ computation based on SHIWHistorical Archive

Table 16 Descriptive Statistics of Socioeconomic Correlates

Variable N Mean SD Min Max

Primary school quality, pr stud/pr teachers 80 19.07 6.33 8.05 37.05

Lower secondary school quality, ls stud/ls teachers 80 10.39 1.44 7.47 13.21

Upper secondary school quality, us stud/us teachers 96 9.82 1.42 7.20 13.27

Accessibility upper secondary school, us schools per Km2 96 0.02 0.01 0.00 0.06

Primary public schools/total primary schools 80 0.90 0.10 0.34 0.99

Lower sec public school/total lsec schools 80 0.78 0.21 0.32 0.99

Upper sec public school/total usec schools 95 0.73 0.14 0.36 0.94

Index of trust, Italy = 1 96 1.04 0.38 -0.20 1.60

Index of social capital, Italy = 1 96 1.12 0.64 0.34 4.10

Population living in mountainous territory (perc points) 96 0.21 0.25 0.00 1.00

Regional population per Km2 (in thousands) 96 0.18 0.10 0.05 0.42

Regional population per municipality (in thousands) 96 7.76 3.76 2.29 15.69

Unemployment rate 96 0.09 0.04 0.03 0.22

GDP per capita (in thousands euro) 96 10.88 6.45 2.23 26.68

Education Gini index 112 0.37 0.16 0.17 0.77

Total value added per worker (in thousands euro) 80 29.33 11.91 8.36 51.88

Female labor force participation rate 96 0.29 0.09 0.09 0.46

Table 17 Regressions with CER25, CER75 and Education Gini Index

CER25 Pooled
OLS

CER25
Regional FE

CER75 Pooled
OLS

CER75
Regional FE

Gini educational index -0.120*** -0.100*** -0.0212 -0.0116

(0.0196) (0.0216) (0.0146) (0.0153)

Constant 0.420*** 0.414*** 0.646*** 0.648***

(0.00878) (0.0125) (0.00580) (0.00986)

Observations 112 112 112 112

R2 0.185 0.615 0.0144 0.536

Notes: The R2 for fixed effects estimation is the within R2. Robust standard errors in parentheses. * p < 0.10,
** p < 0.05, *** p < 0.01
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Appendix B: Construction of Mediating Factors

School Quality

We digitize education data from SVIMEZ (2011) and use the student-to-teacher ratio as an
indicator of school quality. For primary and lower-secondary education, we link intergenera-
tional mobility for the 1940s cohort to the ratio in 1951—when the child was approximately
6–7 years old—to approximate their educational environment. This procedure is repeated for
subsequent cohorts up to the 1980s, which we link to the 1991 ratio.

For upper-secondary education, we assign the 1951 ratio to the 1930s cohort, the 1961
ratio to the 1940s cohort, and continue this pattern through the 1980s cohort. We measure
school accessibility using the number of upper-secondary schools per square kilometer of
regional area. Additionally, we account for the proportion of public schools relative to total
schools across all three educational levels: primary, lower-secondary, and upper-secondary.

Economic and Social Variables

To study educational inequality, we calculate a Gini index for each region and cohort using
data on parents’ education. We apply the following formula taken from Thomas et al. (2003):

Gini = 1

m

n∑

i=2

i−1∑

j=1

pi |yi − y j |p j

where m represents the average parental years of schooling for each region and cohort. pi
and p j denote the proportions of the parental population having a specific level of education
i and j , while yi and y j denote the corresponding years of education for attainment levels i
and j , respectively. n represents the total number of educational levels, which in our case is
five. This formula is implemented using the SSC command ineqdec0 in STATA.

The unemployment rate is derived from SVIMEZ (2011) for the 1930, 1940, and 1950
cohorts, using the available reference years: 1952, 1959, and 1969. For the 1960, 1970, and
1980 cohorts, we collect annual data from ISTAT (https://serie-storiche.istat.it/, accessed on
04/08/2023) for the period 1977–2005 and compute averages for the following sub-periods:
1977–1985, 1986–1995, and 1996–2005.

The female labor force participation rate is derived from two sources. For the 1930, 1940,
and 1950 cohorts, we use unadjusted census data for the reference years 1951, 1961, and
1971, taken from Mancini (2017). For the 1960, 1970, and 1980 cohorts, we collect annual
data on the female labor force and non-labor force aged 15 and over from ISTAT (https://serie-
storiche.istat.it/, accessed on 04/08/2023) for the period 1977–2005, and compute averages
for the following sub-periods: 1977–1985, 1986–1995, and 1996–2005.

Value added per worker, used as a measure of labor productivity, is calculated by dividing
the total value added (aggregated across agriculture, industry, market services, and non-
market services, and converted to constant 2000 euros) by the total number of labor units. The
data are drawn from annual regional-level sources: CRENoS (1997) and CRENoS (2007).
Since the earliest available year is 1960, we merge these two datasets and compute the
averages for the following periods: 1960–1965, 1966–1975, 1976–1985, 1986–1995, and
1996–2004.

The primary sources for regional GDP per capita (in constant 2000 prices) are CRENoS
(1997) andCRENoS (2007), which provide yearly data on regional GDP and population from
1951 to 1993 and from 1970 to 2004, respectively.We combine the two datasets and compute
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the average GDP per capita for the following periods: 1951–1955, 1956–1965, 1966–1975,
1976–1985, 1986–1995, and 1996–2004.

Social variables are sourced fromNuzzo (2006). The synthetic index of trust is constructed
as the average of two variables: the number of violent crimes as a share of the population and
judicial litigiousness, measured as the number of legal proceedings relative to the regional
population (see Section 4 and Tables A18, A20, and A21 in Nuzzo, 2006 for details). The
reference years for the six cohorts are 1951, 1961, 1971, 1981, 1991, 2001. The synthetic
index of social capital is constructed as the average of the index of trust, and the indices of
political participation and social participation, for the same benchmark years (see Section 5
and Table A21 in Nuzzo, 2006). As these indicators are expressed as deviation from the
national average, we calculate a population-weighted average for merged regions.

The geographic variables are sourced from the time series developed by ISTAT (https://
serie-storiche.istat.it/, accessed on 04/08/2023). Table 2.25 on the website provides data on
the percentage of population living in mountainous territory as a percentage of the regional
population for census benchmark years. Population density, the number of municipalities,
and regional area in square kilometers are available in Table 2.24 on the website for the same
years.
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