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Abstract: The propensity score defining the probability of completing a given degree of
education—to balance covariates—and the Mincer equation is here estimated at various de-
grees of higher education. The novelty is in implementing propensity score and regression
estimators together in a double-robust approach in order to ensure against misspecification.
The model is analyzed not only at the average but also in the tails of both components
to gain a detailed analysis of the tail behavior and robustness. Analyzing survey data
from the 2010 and 2020 waves, we find a negative impact of southern regions and gender
on education. This impact becomes milder at the mean and is not significant in the right
tail. The mixing of propensity score and quantile regression shows the irrelevance of
education at low wages and, in a few cases, decreasing premia as school years increase.
The private sector rewards lower premiums to young workers, and these distributions are
more dispersed, i.e., show higher inequality. In the women’s subset, there is a marked pay
gap, even wider for those working in the private sector.

Keywords: double-robust; propensity score; quantile regression

JEL Classification: C20; E24

1. Introduction

In this paper, we focus on returns on education in Italy in the last decade, analyzing
the most recent wave of the Banca d’Italia Survey of Household Income and Wealth, SHIW.
Returns may differ due to educational attainment but also due to gender and to regional
economic divide—with northern regions having better opportunities and draining skilled
workers from the other regions.

Many methods have been implemented to measure returns on education, and this
analysis proposes another approach. Here, the propensity score and the regression model
are coupled in a double-robust (DR) approach, and we implement it not only at the
center/average but also in the tails of both components. The DR estimator (Robins et al.,
1994; Lunceford & Davidian, 2004) is generally implemented to compute average treatment
effects. It combines propensity score (Rosenbaum & Rubin, 1983) and OLS-fitted values
to guarantee against misspecification. In this study, we implement DR to evaluate returns
on education both on average and in the tails to gain a more detailed analysis of the tail
behavior together with more robust results.

In DR, the propensity score estimator (PS) computes the probability of each observation
being treated conditionally on the observed covariates. Weighting the observations in each
group by the inverse probability of being in that group defines the potential outcome.
The estimated treatment effect is given by the comparison of the potential outcomes of
treatment and control, and it is generally implemented on average. It aims to control for
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the potential bias occurring when treated individuals systematically differ from those that
are untreated by balancing the covariates of the two groups.' The other component of
the DR approach is OLS regression, which relates individuals” earnings to their degree of
education, controlling for several other factors such as age, gender, region of residence, and
field of education, and which provides the fitted values of the outcome in each group as
computed at the conditional mean. The combination of these two estimators is very helpful
since pooling PS and OLS together yields a consistent estimator if at least one of the two is
correctly specified (Neugebauer & van der Laan, 2005).

The comparison of potential outcome and OLS-fitted values for treated and untreated
individuals computes the average treatment effect. However, the impact of treatment on the
outcome distribution is not necessarily constant, as in the case of heterogeneity. Therefore,
we focus on the treated /untreated difference, not only at the mean but also in the tails, at
various locations.

Caracciolo and Furno (2017) proposed to analyze a binary treatment effect at the
quantiles by introducing a quantile regression estimator in place of the OLS results. The
impact on the tails may differ from the treatment estimated on the average: additional
schooling may grant higher earnings in the upper tail, for more qualified jobs, compared to
its impact at average or lower incomes. It may even be the case that the effect of treatment
is opposite in the tails, negative at the lower and positive at the upper quantiles, thus
balancing on average. Replacing the OLS-estimated outcomes in each group with quantile
regression estimates allows for computing the treatment effect in the tails of the outcome
distribution while also granting greater robustness. Indeed, quantile regressions are less
affected by anomalous values than OLS. Next, Furno and Caracciolo (2020) extended this
approach to the multivariate setting, in case of more than one treatment option, such as
differing lengths in training programs/schooling, different policy interventions, or diverse
drugs/doses in clinical trials.

In these two works, the focus is on moving the estimated regression away from
the mean, providing fitted values of the outcome at the quantiles, while keeping the
PS estimates constant at the conditional mean. This approach excludes by assumption
heterogeneity in the probability of treatment. However, the probability may change as well.
For instance, the probability of highly educated workers being employed is lower in the left
tail for less-qualified jobs and higher in the right tail. The systematic discrepancy between
treated and untreated individuals is not necessarily constant, and a non-constant balancing
probability is called for.

In what follows, we examine the odds of being treated in the tails and compute
the probability of being in one group or another in the tails, moving both propensity
score and regression estimates away from the mean. We couple propensity scores in the
tails and quantile regression estimates. This provides a tail estimator of the treatment
effect with respect to both components of the double-robust, the propensity score, and the
regression model.

The first example considers only the propensity score and shows the presence of
changing coefficients across different locations. We compute a logit model to define the
probability of being employed using SHIW data from the 2010 and 2020 waves of the Banca
d’Italia. The impact of the explanatory variables on the probability of employment does
change across the selected locations. In our findings, education is positive at and above the
median, the negative impact of southern regions does not disappear in the right tail, and
gender is positive at the median and becomes non-significant at the upper quartile.

In a second analysis, the double-robust approach is implemented to compute returns
to education at the mean and in the tails, using SHIW data from the years 2010 and 2020.
The 2024 OECD (OECD, 2024) country note states that education levels in Italy have grown
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slower than the OECD average. Italy remains one of the 12 OECD members where univer-
sity degrees are not the most common education qualification for the 25-34 age bracket.
This delay has long been known despite tertiary education warranting better employment,
but in Italy, its reward is lower than elsewhere. Our estimates show the following;:

1. There is little or no relevance of education at low wages.

2. Rewards in the private sector were higher than in the public sector for post-university
education in 2020, with a more dispersed distribution—the private sector is character-
ized by greater wage inequality.

3. The educational premiums for younger generations are limited in both waves, except
for the post-university premiums in 2020. This can be interpreted as an excess supply
of educated workers or else as seniority, with older cohorts like baby boomers shifting
uncertainty onto the younger generations; both interpretations agree with the OECD
statement of low rewards to tertiary education in Italy.

4. The women’s subset results are characterized by a gender pay gap, which is wider in
the private sector.

2. Previous Results in Analyzing SHIW Data

In this section, while recognizing the existence and relevance of various data sets
provided by the Italian Statistical Agency (ISTAT), the Italian Research Institute on Labor
(ISFOL), the European Union, and the Italian Social Security Institute (INPS), we focus on
works analyzing SHIW data for the sake of comparability.

Several empirical studies analyze SHIW data to estimate the returns to schooling
and the gender wage gap in Italy. Their results do not provide unequivocal measures
of the returns to education and the gender wage gap. Cannari and D’Alessio (1998) use
instrumental variables for the 1993 wave and, by choosing family background variables
as instruments, obtain an estimate of the returns to education close to 7%. Colussi (1997)
uses the same sample and similar instrumental variables and provides an estimate of 6.6%,
which is not significantly different. Flabbi (1999) analyzes the 1991 SHIW wave to compute
the returns to schooling for women and men separately. He finds that the estimated
coefficients obtained using instrumental variables are higher for men, 0.62 compared to
0.56 for women, while the OLS returns are 0.22 for women and 0.17 for men. Brunello and
Miniaci (1999) use the 1993 and 1995 waves and select family background as instrumental
variables. Their OLS estimate of male education returns is 4.8%, while the instrumental
variable result is 5.7%. Conversely, Brunello et al. (2001), analyzing the 1984, 1989, and
1995 waves, find higher returns for women with both OLS and instrumental variable
estimators, thus reversing the sign of the wage gap. Giustinelli (2004), using SHIW data
from 1990 to 2000 also finds higher returns for women. However, these results are at odds
with the general findings on the gender wage gap in the literature. In 2019, the European
Commission ranked Italy among the European countries with the lowest gender pay gap,
at less than 8%, a small but not negligible figure. Ciccone et al. (2006) analyzing the 1987,
1995, 1998, and 2000 waves find increasing returns at higher educational levels, with further
improvements in the southern regions. Zizza (2013), analyzing data from 1995 to 2008,
estimates a raw gender wage gap of around 6%, which increases to 11-12% in an extended
version of the model.

Unlike previous studies, our approach uses a double-robust method to compute
returns to education, not only at the mean but also in the tails. This method uncovers
subtler insights, such as the fading relevance of education at lower wage levels and the
different rewards of post-university education between the private and public sectors in
2020, highlighting a pronounced gender pay gap, particularly in the private sector.
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3. The Double Robust Approach

In what follows, we describe the DR approach selected to measure returns to education
in Italy. It merges propensity score and quantile regression. Central to this method is
weighting observations by their probability of being educated /treated, calculated through a
logistic model. The propensity score approach is further refined by implementing expectiles,
which move the logistic regression away from the conditional mean, adding details on
the tail behavior of the probability distribution. Meanwhile, in the regression model, we
compute the unconditional distributions of more and less-educated individuals. Their
difference, computed at various quantiles, provides a richer understanding of the returns
to education at several points of the wage distribution.

Consider the outcome variable Y;, which assumes the value Yjg in the control group, if
the treatment variable Z; is 0, and Y;; when the treatment variable takes a unit value (Z; =1
for treatment). To measure the treatment effect, the standard double-robust approach
combines the propensity score and regression approaches and is defined as follows:

(1-Z)Yi  Zi-PZi=1X)

Zi = 1|X) P(Z = 1]X) 11)_2?:1(1—P(zi:1\x) 1—-P(Z; = 1|X) o)

(1)

The terms Yy and Yo represent the fitted values of the OLS regression computed
in the treated and the control groups, respectively. The propensity score weights each
observation by the probability of being treated. The probability weights, P(Z; = 11X),
with 0 < P(Z; =11X) <1, are a function of the unobservable latent variable Z;, which is
approximated by a set of observed covariates X. Consequently, the probability of treat-
ment is estimated by assuming that P(Z; = 11X) follows a parametric model, namely
logistic regression:

P(Z; = 1]X) = —SPXB) 2)

- {T+exp(XB)}

Equation (2) computes the probability of being highly educated as a function of X,
which, in our model includes cohort, region of residence, gender, and field of study.2 This
probability provides the weights used to compute the potential outcome. The outcome
Y; is weighted by the inverse of this probability, yielding the potential outcome for the

treated , when Z; = 1, and the potential outcome for the untreated

ZY; _ Y,
" P(Zi=1X) — P(Z=1X)
(lfzi)Yi _ Yi o
T-P(Z=1]X) ~ 1-P(Z=1]X) when Z; = 0.
Equation (1) calculates the average difference between the treated and control groups.

In the treatment group, when Z; = 1, it compares weighted observed and fitted values

of the regression, respectively, Y; and Y;; with weights equal to P(Z»il|X) and Eg‘zﬂ;; ,
respectively:
- Y; 1-P(Z =1X) .
1 1 _ 1 . _ . .=
D R e I W LR L
_ . . 1 / . P(ZIZHX)
In the control group, when Z; = 0, Y; is weighted by PZ=0X) and Yjg is by P(Z,=0[X)”
yielding the following:
_ ¢ Yi P(Zi=1X)
1 L i o 1 . —
n [ZYH L= P(Z;i=1X) 1-P(Z=1X) YIO)] forZ =0 @)

The next step is to move beyond the average difference between the treated and
control groups. To achieve this, we analyze the propensity score estimator and the regres-
sion at various locations, deviating from the conditional mean. We consider expectiles
(Newey & Powell, 1987) to introduce a shifting weight that adjusts the estimated logistic
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regression beyond the conditional mean. Equation (2) is modified to include an asymmetric
weighting system, which shifts the equation up or down toward the tails:

exp(XB)

Pwizi = 11X) = Wi 5 SXpTT

(5)
Oifu>0
1 — 0 elsewhere
error term. For instance, to compute the 6 = 25th expectile, w; assigns weights 0.75 to

where the asymmetric weight is defined as w; = and u represents the

observations below the regression, pulling the estimated equation toward the lower tail,
while assigning a weight of 0.25 to observations above it.

Regarding the regression component, the terms Y;; and Yo in Equations (3) and (4)
represent the fitted values of the regression model Yj; = X« + e;; computed separately for
each group, with j = 0.1. In our analysis, Y represents earnings and X denotes the matrix of
explanatory variables. The fitted values Yio and Y;; are replaced with the unconditional

distributions of the fitted values within each group, now denoted as \N(il and \N{io. While in
the OLS framework, conditional and unconditional effects coincide, their interpretation
differs when analyzing the tails, i.e., in the quantile framework (Frolich & Melly, 2010).%

To estimate the unconditional distributions, we implement the approach proposed by
Melly (2006). First, the conditional distributions of the dependent variables are estimated
through quantile regression (Koenker, 2005) at multiple quantiles (e.g., k = 100), separately
for the treated and control groups, using the following objective function:

Y ovoxa O = Xe +) oy, (1-0)]Y — X« (6)

where 0 represents the selected quantile.

The analysis within each group yields two sets of estimated coefficients, &; () for
the treated group and & () for the control. The corresponding fitted values, Yio(0)[Xo =
Xo&o(0) and Yi1(0)[X; = X;44(0), represent the outcome distribution at a given quan-
tile, which is conditional on the covariates X within each group. Estimating k quantile
regressions within each group results in k values of ag(8) and of &;(8). Additionally, the

covariates are bootstrapped within each group as well, yielding k samples of )?0 and )N(l.
By bootstrapping both the covariate coefficients, it is possible to estimate the uncondi-
tional distributions of the dependent variable for treated and untreated groups as follows:
\N{io = )N(O&O(G) and \N{ﬂ = )N(l e (0). These terms replace the OLS-fitted values Yio and ¥j1 in
Equation (1), resulting in the following:

Q n (P( Z;Y; Zi_P(WiZi:HX) Yll)_

i=1 Wizi=1|x) o P(Wizizl‘x) (7)
ZI_P(WIZIZHX) §

1—P(wiZi=1|X)+ 1—P(w;Z;i=1]X) i0)

n ( (1-wiZ))Y;
i=1

Equation (7) enables the computation of the double-robust difference between the
treated and control groups at any quantile of interest Q. This formulation allows for
quantile-level comparison and ensures robustness against both model misspecification and
extreme values.”

4. The Data and the Model

The SHIW data are analyzed over the past decade, focusing on the 2010 and 2020
waves.” The sample consists of employees aged 20 to 65. Education is measured by the
number of years required to complete a degree.
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Table 1 reports the summary statistics of the model variables. The education section
shows a substantial increase in the number of workers with university and post-university
degrees over time. This growth may raise concerns about job mismatch and overeducation,
where highly educated workers are employed in lower-skilled jobs due to an oversupply
of highly educated labor exceeding market demand. The other sections analyze gender,
where the percentage of working women slightly decreases in the last wave; age, where
the average age of young workers slightly increases over time—i.e., it takes a little longer
to secure the first job; region of residence, where the percentage of southern workers
decreases in the 2020 wave, possibly due to migration toward the wealthier northern
regions; real annual wages, with average values increasing over time while the doubled
standard deviations in 2020 signals higher inequality; and number of hours worked, with
an almost stable mean but increased dispersion over time, possibly due to greater flexibility
in job contracts.®

Table 1. Descriptive statistics.

2010, n = 13,733 2020, n = 10,876

Education Women Men Women Men
At most junior high 4004 4324 2000 2278
High school 1727 2013 1469 1886
University 802 738 1443 1448
Post-university 46 79 146 206
Gender 2010 2020
Women 6579 47.9% 5058 47%
Men 7154 52.1% 5818 53%
100% 100%
Young workers 2010 2020
Average age 25.7 (s d =3.01) 25.9 (s d = 3.06)
Region of residence
South 2010 2020
0 9039 65.8% 7213 66.4%
1 4694 34.2% 3663 33.7%
100% 100%
Real annual wages net of taxes
Sample mean 2010 2020

6828.80 (s d = 9997.2)
Number of worked hours
Sample mean 2010 2020
36.947 (s d = 9.45) 36.345 (s d = 10.53)

Note: standard deviations in parenthesis.

8599.50 (s d = 18475.2)

4.1. Employment

As an example of changing probability, Table 2 considers the probability of being
employed in the 2010 and 2020 waves as a function of age and age square—reflecting a
non-linear impact of work experience, education, gender (a dummy variable equal to one
for men), and region of residence. This table presents the results of the logistic model,
computed at the median and in the tails. The expectile weights allow the logistic regression
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to move away from the conditional mean, as described in Equation (5), while at the mean,

the weights are set to one.

Table 2. Probability of unemployment, expectile logistic regressions.

0.25 0.50 0.75
Year 2010, n = 5599
Coef. Std. Err. z Coef. Std. Err. z Coef. Std. Err. z
Age —0.0196 0.005 —3.46 0.1129 0.011 9.61 0.0229 0.008 2.92
Age square 0.0005 0.0001 5.98 —0.0006 0.0001 —3.86 0.0003 0.0001 2.81
Education —0.0679 0.008 —8.74 0.0944 0.010 9.28 0.0202 0.009 2.23
South —1.149 0.056 —204 —1.284 0.068 —18.9 —1.133 0.067 —16.8
Men —0.1381 0.057 —2.40 0.3156 0.068 4.60 0.0978 0.066 1.48
Year 2020, n = 3957
Coef. Std. Err. z Coef. Std. Err. z Coef. Std. Err. z
Age —0.0645 0.007 —8.63 0.1390 0.018 7.68 0.0076 0.009 0.79
Age square 0.0011 0.0001 10.6 —0.0009 0.0002 —4.08 0.0004 0.0001 2.96
Education —0.0259 0.096 —2.71 0.1798 0.012 14.8 0.0829 0.011 7.57
South —1.194 0.068 —174 —1.249 0.082 —15.1 —1.048 0.081 —12.8
Men —0.0936 0.068 —1.37 0.3115 0.084 3.71 —0.0907 0.083 —1.09

Note: the non-significant estimated coefficients are in italics.

The impact of the explanatory variables on the probability of being employed changes,

demonstrating the importance of accounting for heterogeneous probabilities. In homoge-

nous settings, linear regressions at different locations would produce parallel lines that

shift up or down according to the weights defining the specific location, with only the

intercept changing from one location to another. However, differing estimated slopes and

non-parallel regression lines indicate heterogeneity, as the regression line shifts and tilts to

maintain the proportion of positive and negative residuals defined by the weights.

In this example, age and education increase the probability of being employed at and

above 0 = 0.50, while at 0 = 0.25, they have a negative impact in both waves. The impact of

education varies significantly across 0, following an inverse u-shaped pattern—negative at

0 = 0.25, positive and significant at © = 0.50, and still positive but smaller at 6 = 0.75. This

suggests a declining probability of employment for highly educated workers, possibly due

to an excess supply. The negative impact of residing in southern regions remains almost

stable across 0.

Gender is not statistically significant in the upper tail but it is positive and significant

at 0 = 0.50, and negative—though not significant in 2020—at 8 = 0.25. Figure 1 presents the
box plots of probabilities at 6 = 0.25, 0.50, and 0.75. These distributions differ substantially
in terms of dispersion, particularly as measured by the interquartile range: IR(0.25) = 0.075,
IR(0.50) = 0.148, and IR(0.75) = 0.231. Smaller probabilities, and thus larger potential output
values, are required to balance employed/unemployed covariates in the upper tail.
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Figure 1. Box plot showing the probability of being employed at 6 = 0.25, 0.50, 0.75, in 2020.

4.2. Returns to Education

Next, we consider returns to education as computed by the double-robust method at
0 =0.25, 0.50, and 0.75. In the PS component, the probability of completing a higher level
of education—namely high school, university, and post-university degrees—is estimated
through logit and weighted logit models, with weights shifting the model towards the tails.

This probability is a function of the cohort, defined as the year of the wave minus
age, which is introduced to account for changes in the educational system over time that
may have affected workers in different cohorts differently,” gender, and region of residence,
to measure the negative impact of the lagging southern economy—as documented in the
literature and throughout Table 3.

Table 3. Probability of completing a degree, expectile logistic regression.

High school
Year 2010, n = 13480
0=0.25 6 =0.50 0=0.75
Coef. z Coef. z Coef. z
Cohort —0.0007 —324 —0.018 —20.8 0.0008 37.6
South —0.151 —4.08 -0.177 —4.62 —0.106 —-3.26
Men 0.013 0.37 —0.048 —1.28 —0.070 —2.21
Year 2020, n = 8086
Coef. z Coef. z Coef. z
Cohort —0.0009 —0.87 —0.026 —25.8 0.0008 27.6
South —0.083 1.69 —0.220 —4.52 —0.216 —4.39

Men —0.626 —13.5 0.058 1.24 0.022 0.47




Economies 2025, 13, 50 9 of 28
Table 3. Cont.
University
Year 2010, n = 15049
=025 0 =0.50 0=0.75
Coef. z Coef. z Coef. z
Cohort —0.002 —27.7 —0.031 —144 0.0002 3.98
South —0.264 —3.00 —0.160 —2.35 —0.078 —-1.29
Men —0.075 —0.85 —0.133 —2.03 —0.230 —3.78
Academic 4.01 —30.8 3.93 46.9 2.95 38.5
Technical 2.25 15.9 1.84 20.5 1.45 18.3
Year 2020, n = 10437
Coef. z Coef. z Coef. z
Cohort —0.002 —30.7 —0.036 —19.0 0.0001 3.99
South —0.160 —2.06 —0.225 —3.52 —0.244 —441
Men —0.193 —2.60 —0.247 —4.09 —0.328 —-591
Academic 3.18 28.7 3.59 45.9 2.81 36.7
Technical 1.88 15.3 1.44 16.3 1.21 15.9
Post-university
Year 2010, n = 15173
0 =0.25 0 =0.50 0=0.75
Coef. z Coef. z Coef. z
Cohort —0.001 —7.26 —0.008 —1.38 0.002 14.7
South —0.111 —0.43 —0.057 —0.29 0.320 1.88
Men 0.112 0.48 0.174 0.92 0.016 0.09
Science 0.739 2.46 0.443 1.98 —0.013 0.07
Humanities —2.57 —7.21 —3.49 —135 —2.26 —10.3
Year 2020, n = 10718
Coef. z Coef. z Coef. z
Cohort —0.0008 —8.54 —0.020 —4.34 0.001 16.5
South —0.504 —2.85 —0.378 —2.58 0.017 0.13
Men —0.134 0.92 0.054 0.43 —0.016 —-0.14
Science —2.18 —11.1 0.473 3.37 0.466 3.76
Humanities —0.231 1.43 —2.81 —15.3 —1.84 —11.1

Note: the non-significant estimated coefficients are in italics.

Fields of education also play a significant role, as the probability of achieving a degree
depends on the field of the previously completed degree (Ballarino & Bratti, 2009). Since junior
high school does not have a specific field and it is the same for everyone, the first section of
the table shows no field-specific effects on the probability of obtaining a high school degree.
The probability of obtaining a university degree, however, is influenced by the field of the
completed high school education—whether academic, technical, or vocational.® Similarly,
the probability of completing a post-university degree is related to the field of university

degree, categorized into the sciences, humanities, and social sciences.

9
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The regression component of DR is based on the basic Mincer (1958) equation. The
dependent variable is the logarithm of workers” annual real income, net of taxes, and
social security contribution, YL, divided by the total number of worked hours, represented
as In(YL/ORETOT) in the SHIW variables. Earnings are modeled as a function of age
and age square to account for work experience, gender, field of education, and region of
residence. This equation is estimated at various quantiles to compute the unconditional
distribution of wages under the selected educational levels—high school, university, or

post-university—yielding Yj;, which is then compared to the unconditional distribution of
the less-educated control group, composed of workers who have attended, at most, junior

high, high school, or university, denoted as \N(io. Finally, Equation (7) is computed at the
mean and in the tails to evaluate the impact of education on low-/medium-/high-paying
jobs, at 8 = 0.25, 0.50, and 0.75.

Table 3 presents the results of the expectile logit model, estimating the probability
of completing high school in the top section, university in the middle section, and post-
university degrees at the bottom of the table. The region has a negative impact that
diminishes at the upper quartile. Gender has a negative impact, which is particularly
pronounced in the university section, that becomes non-significant in the post-university
analysis, indicating that while more women graduate, gender differences disappear after
university. The cohort has a negative impact up to 6 = 0.50 and becomes small and positive
in the upper tail, suggesting that increasing the mandatory schooling age and relaxing
restrictions on university access have little relevance for top-paid jobs.

Academic and technical fields increase the probability of university enrollment com-
pared to vocational high schools. The humanities have a negative impact on the likelihood
of obtaining a post-university degree, while science has a positive effect.'’

Next, we analyze the unconditional distributions of earnings of highly educated versus
less educated workers and combine them with the propensity score estimates as described
in Equation (7). The initial analysis considers all workers and evaluates the impact of high
school, university, and post-university degrees on hourly wages as a function of age, age
squared, gender, field of study, and region of residence. The top section of Table 4 presents
these results.

Table 4. (a) Double-robust estimate of educational premium in the full sample. (b) Double-robust
results at the median, logit model adding fixed effects for cohorts and regions.

(a)

0 =025 0 =0.50 0=0.75
Year 2010

Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.283 0.017 ~16.58 0.252 0.011 21.35 0.678 0015  45.02
University humanities 0.198 0.011 17.29 0.543 0.008 68.74 0.853 0.009 95.86
University science 0.215 0.011 1853 0.560 0.008 71.01 0.866 0.009  98.54
University social sc. ~ 0.242 0.012 19.96 0.589 0.008 73.85 0.902 0.009 1012
Pfi;ixff:;ty 0.374 0.009 4203 0.701 0.007 92.07 1.02 0009 1147
Post-university science 0.405 0.009 42.44 0.764 0.008 90.39 1.11 0.009 116.3
Post-university 0.366 0.008 12,68 0.692 0008 8592 1.03 0009 1045

social sc.
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@
0 =0.25 0 =0.50 0=0.75
Year 2020
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school -0.379 0.025 —14.8 0.153 0.020 7.59 0.668 0.025 26.52
University humanities 0.014 0.021 0.67 0.558 0.012 45.49 0.957 0.013 70.69
University science 0.057 0.023 0.01 0.625 0.013 47.87 1.03 0.013 76.52
University social sc. —0.476 0.047 -9.99 0.596 0.013 46.14 1.04 0.026 39.64
P ostuniversity 0.121 0.013 8.77 0.501 0000 5023  0.801 0010  77.67
Post-university science 0.271 0.014 18.5 0.711 0.011 61.69 1.03 0.010 103.1
P OS:;‘iEI":Cr.SRY 0.363 0.015 242 0.769 0011  70.65 1.08 0010 1076
(b)
Year 2010 Year 2020
Coef. Std. Err. t Coef. Std. Err. t

High school 0.261 0.012 22.09 0.155 0.019 8.20

University humanities 0.550 0.008 69.99 0.520 0.009 54.96

University science 0.566 0.007 72.95 0.622 0.013 46.01

University social sc. 0.595 0.008 74.76 0.596 0.013 45.73

P‘iflz;r;ﬁf:;ty 0.710 0.007 92.62 0520  0.009 54.96

Post-university science 0.777 0.008 92.87 0.728 0.011 63.10

Post-university 0.702 0.008 86.90 0782 0.010 75.79

social sc.

Note: The non-significant estimated coefficients are in italics. In bold are the coefficients significantly differing
from the analogous values reported in the middle column of the top section of the table.

In both waves, a high school diploma has a negative effect in the lower tail, followed
by an increasing premium in the upper tail, with slightly higher rewards in 2010 compared
to 2020. University degrees provide small wage premiums at lower percentiles, which
increase at and above 0 = 0.50, as job quality improves in 2010. However, in 2020, the
premiums at 6 = 0.25 are not significant. At 6 = 0.50, there is a clear ranking of field-specific
premiums—the highest for science, followed by the social sciences and humanities. The
difference in premiums across fields narrows at 8 = 0.75. The post-university premiums are
higher overall, with science continuing to provide the best returns.

In the second section of this table, the definition of the logit model to compute the
probability of higher education has been modified by incorporating several dummy vari-
ables. Specifically, the logit model includes 46 dummy variables for cohorts and 20 dummy
variables for each Italian region. The double-robust results, computed at the median, fully
confirm the findings of the previous parsimonious model in both waves.'!

Table 5 considers the entire sample but relaxes a key constraint: the weights in the
PS, P(w;Z; = 1|X) = P(0) in this table are set at a location different from the one selected
for the quantile of the difference Q in Equation (7), denoted as Q(0) in the table. By
relaxing the equality between the locations of the propensity score and regression, we may
potentially forgo the double-robust property of this approach, as it combines estimates at
different locations. However, this misalliance of 0 allows for the modeling of interesting
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outcomes. For instance, the third column examines a low probability of higher education, P
(0.25), associated with a median wage premium Q (0.50). This scenario reflects individuals
with low motivations toward higher education who still achieve median-paid jobs. Vice
versa, P (0.75) Q (0.25) in the second column represents individuals highly motivated to
pursue higher education but working in low-paying jobs, indicating job mismatch and
overeducation. Allowing different values of 8 within the double-robust approach provides
a way to model job mismatches, such as successful workers with lower educational levels,
P (0.25) Q (0.75), or highly educated individuals who face underemployment, P (0.75)
Q (0.25).

Table 5. Full sample, relaxing the constraint of constant 6 in both PS and regression estimators.

P (0.50) P (0.75) P (0.25) P (0.75) P (0.25) P (0.50)
Q (0.25) Q (0.25) Q (0.50) Q (0.50) Q (0.75) Q (0.75)
Year 2010
Coef. t Coef. t Coef. t Coef. t Coef. t Coef. t
High school —0.325 —-14.4 —0.279 —16.1 0.257 22.0 0.268 229 0.675 459 0.678 47.5

University humanities

0.198 18.3 0.206 18.5 0.543 68.7 0.543 68.7 0.805 98.7 0.856 92.7

University science

0.215 19.3 0.220 19.7 0.560 70.7 0.560 70.7 0.865 101.1 0.871 929

University social sc.

0.241 21.2 0.244 21.2 0.591 749 0.589 74.9 0.899 102.3 0.902 96.2

Post-university humanities

0.374 41.7 0.374 41.3 0.703 92.6 0.703 93.4 1.02 113.9 1.02 114.7

Post-university science

0.404 42.0 0.405 42.6 0.764 91.4 0.765 91.8 1.07 117.2 111 118.1

Post-university social sc.

0.365 42.8 0.366 42.6 0.695 85.7 0.693 86.7 1.03 105.9 1.03 104.0

Year 2020
Coef. t Coef. t Coef. t Coef. t Coef. t Coef. t
High school —0.397 -17.7 —0.452 —14.0 0.155 8.0 0.154 7.7 0.695 29.4 0.701 28.9
University humanities 0.037 1.8 0.029 14 0.566 44.0 0.561 45.7 0.962 753 0.960 70.3
University science 0.081 3.8 0.062 2.8 0.633 48.1 0.623 47.3 1.04 81.9 1.03 78.1
University social sc. 0.506 —-9.5 —0.477 —8.0 0.411 16.5 0.419 16.6 1.06 34.7 1.03 41.8
Post-university humanities 0.121 8.7 0.122 8.9 0.500 49.7 0.500 49.8 0.801 79.2 0.802 78.4

Post-university science

0.273 18.4 0.270 18.3 0.711 61.6 0.708 61.4 1.03 106.7 1.03 103.3

Post-university social sc.

0.362 24.5 0.361 24.3 0.769 70.6 0.768 71.2 1.08 105.5 1.08 105.2

Note: The non-significant estimated coefficients are in italics. In bold are the coefficients significantly differing
from the analogous values estimated in the top section of Table 4.

In this table, estimated coefficients that significantly differ their corresponding values
in the top section of Table 4 are highlighted in bold. Most of the results fall within the F26
confidence interval of the estimates in the top section of Table 4, with only a few exceptions
in the tails.

Notably, six out of the eight significantly different values in bold are found in the
left tail, indicating a mismatch between the probability of higher education, P (0.50) and
P (0.75), and the relatively small educational premiums, Q (0.25). Most of these cases occur
in 2020, signaling unsuccessful workers and overeducation. The remaining two significant
values are observed in 2010 and in the upper tail, where high premiums, Q (0.75), are
rewarded to workers with a median/low probability of higher education, P (0.25) and
P (0.50).

The estimates in this section of the table—characterized by differing values of 6—can
also be interpreted as a form of confidence interval for the values in the previous section,
which were computed by constraining the same 6 in the PS and the quantile of the difference
Q. For instance, P (0.25) Q (0.50) and P (0.75) Q (0.50) could be interpreted as the lower and
the upper bound of Q (0.50).
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The graphs in Figure 2 display the unconditional distributions of earnings across
different levels of education, with data for the year 2010 to the top, and 2020 to the bottom.
In both graphs, the first box plot on the left represents the earnings of workers who have
completed, at most, junior high school. Next to it is the unconditional wage distribution for
workers with high school diplomas, followed by the third box plot, which illustrates the
earnings of university graduates. The final plot represents workers with a post-university
degree. The jumps in the earning distributions when transitioning from one educational
level to the next are clearly visible in both waves.

unconditional distributions, year 2010
at most junior high, high school, university, post university

~ T
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o p——

unconditional distributions, year 2020
at most junior high, high school, university, post university

——

Figure 2. Unconditional wage distributions across different education levels show notable changes
over time. In 2010, wage premiums for high school graduates were more dispersed. In 2020, university
and post-university degree holders experienced higher median wages and a more pronounced
upper quartile; post-university degree holders exhibited anomalous values in the lower tail of
the distribution.

While in 2010, the impact of high school diplomas appeared to be the most widespread,
the 2020 data show greater dispersion in the wage distribution for post-university degree
holders, with some anomalous values in the lower tail. This suggests increased wage
inequality at higher education levels. The subsequent analysis reveals that the lowest
post-university degree premiums are associated with younger workers and women. The
following paragraphs focus on different subsets, measuring educational premiums in the

private sector, among young workers, and within the female workforce.'?
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4.2.1. Public Sector

The private sector analysis examines whether education yields higher or lower remu-
nerations compared to the public sector. Depalo et al. (2013), using SHIW data from 2004
to 2007, found a positive public sector pay gap, particularly for women and low-paying
jobs. A public/private pay gap can be attributed to differing objective functions: while the
private sector is profit-driven, the public sector aims to provide fair wages, offering more
benefits at the lower tail of the wage distribution and being reluctant to award exceptionally
high wages at the upper tail. This results in a more compressed wage distribution in the
public sector.

The top section of Table 6 presents the results, while the graphs in Figure 3 show
the unconditional wage distributions in the private sector. Compared to the full sample
results, private sector educational premiums are slightly lower in the 2010 wave. Both
university and post-university wage distributions are positioned below their counterparts
in the previous figure, which represents the entire sample, and exhibit greater dispersion.
The post-university degree does not yield as high a premium as the university degree.

Table 6. Double-robust estimate of educational premium in sub-samples.

Private sector

0.25 0.50 0.75
Year 2010
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.261 0.024 —10.65 0.291 0.013 22.23 0.712 0.016 43.46
University 0.251 0.010 23.09 0.591 0.009 60.98 0.916 0.010 86.75
Post-university 0.264 0.011 23.21 0.548 0.007 73.89 0.802 0.009 87.37
Year 2020
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.422 0.030 —13.79 0.162 0.020 7.99 0.732 0.030 23.69
University 0.115 0.030 3.80 0.765 0.018 41.46 1.23 0.018 65.45
Post-university 0.456 0.018 24.42 0.972 0.018 53.56 1.43 0.018 79.53
Young workers
0.25 0.50 0.75
year 2010
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.352 0.044 —7.94 0.045 0.028 1.61 0.523 0.052 9.95
University 0.040 0.022 1.84 0.320 0.018 17.13 0.675 0.036 18.49
Post-university —2.14 0.201 —10.63 —0.289 0.055 —5.18 0.184 0.027 6.77
Year 2020
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —-0.517 0.077 —6.64 —.038 0.038 —1.01 0.434 0.095 4.55
University —0.019 0.052 —2.28 0.382 0.036 10.62 0.903 0.061 14.75
Post-university —-0.017 0.070 —0.25 0.785 0.092 8.54 3.01 0.258 11.64
Young workers in the private sector
0.25 0.50 0.75
Year 2010
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.344 0.047 —7.26 0.057 0.030 1.91 0.529 0.054 9.71
University —0.219 0.038 —5.67 0.186 0.024 7.68 0.549 0.031 17.32
Post-university —-7.13 0.694 —10.28 —1.35 0.143 —9.39 0.024 0.056 0.43
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Table 6. Cont.
Year 2020
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.545 0.079 —6.84 —-0.027 0.039 —0.70 0.396 0.097 4.07
University —0.230 0.043 —5.28 0.221 0.040 5.47 0.754 0.061 12.29
Post-university —0.260 0.071 —3.64 0.326 0.037 8.66 0.740 0.040 18.25

Note: the non-significant estimated coefficients are in italics.

unconditional distributions in the private sector, year 2010
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Figure 3. Unconditional wage distributions vary across different education levels, with dispersion
increasing as education level rises, especially for those with post-university degrees. In 2010, the
upper quantile for post-university degree holders was significantly lower compared to those with
university degrees. By 2020, wage premiums for post-university degree holders improved.

In the 2020 wave, however, the university and post-university educational premiums
increase in the private sector. The post-university wage distribution rises significantly
above the university plot and surpasses its counterpart in the graph depicting the entire
sample. The greater dispersion of wage distributions in the private sector leads to increased
inequality, but it also offers greater opportunities for highly educated workers in 2020.

The post-university plots confirm the compressed wage distributions for higher edu-
cation in the public sector in 2020, though this pattern was not observed in 2010. Figure 4
illustrates the public sector, showing higher premiums and lower dispersion compared to
the private sector.
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Figure 4. Unconditional wage distributions in the public sector across different education levels
increased in 2020 compared to 2010. In contrast to the private sector, as shown in Figure 3, these
distributions are less dispersed and are centered around higher medians.

4.2.2. Young Workers

The next section of Table 6 focuses on young workers aged 20—30, a group character-
ized by a relatively high unemployment rate.'® Previous studies found reduced educational
premiums for higher education within this subset. A possible explanation suggests an
excess supply of highly educated workers, resulting in overqualification for available jobs
(Ballarino & Scherer, 2013). The reduced premiums may be attributed to skill-biased techni-
cal change (Naticchioni et al., 2010), where overeducated workers accept lower-qualified
jobs due to an oversupply of skills, displacing workers with high school or lower degrees.
This phenomenon, referred to as “unskilled bias”, suggests that the demand for high-skilled
workers has increased less than their supply, thereby reducing the educational premiums.
As stated by (Naticchioni et al., 2010), “the increase in relative supply of education has exerted a
negative impact on relative wages, while technical change—proxy for the demand for workers—is
not statistically different from zero”.

This could explain the low premiums at @ = 0.25. An alternative explanation considers
generational shifts, where baby boomers transfer uncertainty to younger generations, who,
in turn, face diminishing opportunities for career advancement and wage growth (Barbieri,
2011)."* Compared to other OECD countries, Biagetti and Scicchitano (2011) find that
returns to education in Italy are lower. Our results show that, at the lower end of the wage
distribution, the impact of education is generally negative, whereas it becomes positive and
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increases at and above the median. Thus, young highly educated workers receive minimal
educational premiums in lower-qualified jobs.

In Table 1, the percentage of university and post-university degrees in 2020 more than
doubles the values of 2010, supporting the excess supply/unskilled bias hypothesis as an
explanation for lower premiums among young workers. However, when they secure better
jobs, their educational premiums improve, particularly at the 75th percentile for university
and post-university degrees. Figure 5 displays the unconditional wage distributions for
this subset, with post-university degree holders exhibiting the highest dispersion in both
waves. The distributions are highly skewed, with a longer left tail in 2010 and a longer
right tail in 2020.

unconditional distributions age 20-30, year 2010

at most junior high, high school, university, post university
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Figure 5. Unconditional wage distributions at different degrees of education for young workers. The
post-university distribution is quite dispersed and shows a longer left tail in 2010, while in 2020, there
is a longer right tail. There are a few outliers at the upper end of the, at most, junior high plot.

The bottom section of Table 6 reports the results for young workers in the private sector.
In general, educational premiums are lower for young workers compared to previous
results, with the post-university degree in 2010 providing no significant premium. The
graphs in Figure 6 compare unconditional wage distributions for the full data set (left),
the private sector (middle), and young workers (right). The substantial dispersion in post-
university degree distributions is evident, with increased dispersion/inequality among
young workers. The graphs also show that young workers’ wage distributions are generally
positioned lower than their counterparts in the full sample.
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Young workers in the private sector receive smaller educational premiums, as high-
lighted by the comparison of the third and fourth sections of the table and illustrated in
Figure 7 for the 2020 wave. In the private sector, the dispersion of post-university degree
premiums significantly decreases, suggesting that the greater rewards offered by the private
sector do not necessarily benefit younger generations.

4.2.3. Gender Gap

Finally, we examine the subset of women to evaluate the presence of a gender pay gap.
The gender gap is not only associated with equal pay for women, but also with differences
in the process of selection for employment. Women'’s participation rates are lower and are
concentrated in high-wage positions (Picchio & Mussida, 2011), facing barriers such as the
glass ceiling. Depalo and Giordano (2010) found evidence of a gender pay gap in Italy.

The results in Table 7 indicate that, in 2010, women’s educational premiums were
generally lower compared to the full sample results, showing the existence of a gender
gap in educational premiums. The bottom section of Table 7 compares, at the median,
the full sample results from Table 4 (middle column) with those for the women’s subset
and the women in the private sector. The table highlights in bold the subset estimates
that significantly differ from the full sample results. Examining the women’s subset and
considering a confidence interval of +-26, it is evident that almost all results significantly
differ from the full sample results in both waves. The only exception is the field of the
humanities, which offers the same rewards to both men and women.

unconditional distributions, year 2010 unconditional distributions in the private sector, year 2010
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Figure 6. Cont.
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Figure 6. Unconditional wage distributions are presented across different categories. The top left
graphs show distributions for the entire data set, the top right graphs represent the private sector, and
the bottom graphs focus on young workers aged 20-30. In 2010, the post-university wage distribution
in the private sector was more dispersed compared to the entire data set, with even greater dispersion
observed in the post-university premiums for young workers. By 2020, the private sector exhibited
greater dispersion in university wage premiums relative to the entire data set. Post-university
premiums for young workers showed an even wider dispersion, while other education levels were
less dispersed and had lower premiumes.

In both waves, all estimates for the women’s subset are in bold, except for those
related to graduates in the humanities in 2010 and postgraduates in the same field in 2020.
Women across all degrees and fields—aside from the humanities—receive lower rewards.
In the private sector subset, the statistically significant differences indicate reduced returns
compared to both the full sample and the women’s subset, with the sole exception of the
post-university degrees in social sciences in 2020.

Figure 8 presents the box plot of the unconditional distributions of educational premi-
ums. In 2020, the premiums exhibit greater dispersion at lower educational levels, and the
post-university premium at the 75th percentile is lower than in 2010. This effect is even
more pronounced in the private sector, as shown in the middle section of the table.
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Figure 7. Unconditional wage distributions are shown across different education levels: the top left
graph represents the full sample, the top right graph shows young workers, and the bottom graph
focuses on young workers in the private sector. In the private sector, the dispersion of post-university
wage premiums significantly decreases, and the higher rewards seen in the private sector in Figure 2
do not benefit the younger generation as much.

Table 7. (a) Women’s subset. (b) Women in the private sector. (¢) Comparison of double-robust
results: full sample versus women’s subsets at the median.

(a)
0.25 0.50 0.75
Year 2010
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.317 0.028 —-11.30  0.226 0.019 11.87 11.87 0.023 30.68
University 0.141 0.024 5.74 0.550 0.012 42.99 42.99 0.016 55.77

Post-university 0.480 0.012 37.15 0.780 0.011 67.18 67.18 0.015 73.95
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Table 7. Cont.
@
0.25 0.50 0.75
Year 2020
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school -0.371 0.035 —10.60 0.101 0.027 3.65 0.640 0.039 16.05
University —0.259 0.051 —5.02 0.538 0.027 19.85 1.08 0.024 44.12
Post-university -0.177 0.152 —1.16 0.628 0.042 14.94 1.01 0.034 29.38
(b)
0.25 0.50 0.75
Year 2010
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.302 0.042 —7.21 0.244 0.023 10.32 0.704 0.028 24.67
University 0.160 0.016 9.57 0.467 0.016 28.18 0.870 0.020 42.50
Post-university —0.142 0.024 5.95 0.286 0.019 14.56 0.598 0.013 43.02
Year 2020
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
High school —0.460 0.055 —8.33 0.100 0.033 2.98 0.657 0.058 11.21
University —0.055 0.056 —0.98 0.593 0.027 21.91 1.04 0.033 31.46
Post-university 0.262 0.021 12.19 0.605 0.019 30.81 0.928 0.020 45.79
(c)
Year 2010 Full sample Women subset Women in private sector
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
University humanities 0.543 0.008 68.74 0.529 0.012 42.49 0.305 0.016 18.59
University science 0.560 0.008 71.01 0.524 0.012 43.43 0.389 0.016 24.23
University social sc. 0.589 0.008 73.85 0.544 0.012 44.31 0.387 0.016 23.88
Polf;‘;gﬁfes;ty 0.701 0.007 9207  0.662 0.011 5749 0929 0.132 7.00
Post-university science 0.764 0.008 90.39 0.672 0.039 17.20 0.286 0.019 14.81
Post-university social sc. 0.692 0.008 85.92 0.743 0.011 65.32 0.867 0.132 6.55
Year 2020 Full sample Women subset Women in private sector
Coef. Std. Err. t Coef. Std. Err. t Coef. Std. Err. t
University humanities 0.558 0.012 45.49 0.461 0.020 22.50 0.574 0.047 12.03
University science 0.625 0.013 47.87 0.495 0.022 22.28 0.581 0.025 22.88
University social sc. 0.596 0.013 46.14 0.499 0.021 23.35 0.501 0.024 20.47
Polf;‘;gx‘:f:;ty 0.501 0.009 5023 0507 0.013 3656 0.100 0.018 5.49
Post-university science 0.711 0.011 61.69 0.659 0.015 43.12 0.496 0.020 24.47
Post-university social sc. 0.769 0.011 70.65 0.714 0.013 52.69 0.817 0.023 34.12

Note: The non-significant estimated coefficients are in italics. In bold are the estimated coefficients in each

women’s subset that significantly differ from the analogous estimates computed in the entire sample.
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Figure 8. Unconditional wage distributions for women across different education levels show notable
changes. In 2020, wage premiums for lower education levels are more dispersed, while the top
premiums for post-university degrees are lower compared to 2010. Additionally, there are a few
outliers at the lower end of the 2020 post-university distribution.

Figure 9 compares the unconditional distributions across the full sample (left), the
women’s subset (middle), and women in the private sector (right). The graphs illustrate
that, in both waves, post-university premiums for women in the private sector are lower
than university-level premiums.

In summary, education provides wage premiums in each wave. While higher degrees
yield greater premiums in the private sector, young workers and women employed in the
private sector generally receive lower educational premiums.
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Figure 9. A comparison of unconditional wage distributions is presented: to the top left, for the
entire sample; to the top right, for the women’s subset; and to the bottom, for women working in the
private sector.

5. Conclusions

The earning profiles across different levels of education are analyzed using the double-
robust approach at the mean and in the tails. The propensity score is implemented to
compute changing probabilities at different locations. These results are combined with
quantile regression-based unconditional distributions to analyze returns to education,
focusing on the 2010 and 2020 waves of Banca d’Italia SHIW data.

The double-robust approach is applied not only at the center but also in the tails
of both components, the propensity score and the regression model, providing a deeper
understanding of the behavior and enhancing robustness.

In the propensity score, cohort, gender, field of studies, and region of residence signifi-
cantly influence the likelihood of attaining higher educational degrees. The negative impact
of southern regions diminishes at the mean and becomes non-significant at the top quartile.
The double-robust results reveal sectoral differences in educational premiums, with the
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private sector generally offering lower university premiums compared to the public sector
while providing higher premiums for post-university degrees but with a greater dispersion.
This indicates that the private sector is characterized by higher inequality/dispersion.
Notably, younger generations and women, particularly in the private sector, face reduced
educational premiums and a pronounced gender pay gap.

In the relationship between education and earnings, factors such as motivation, innate
ability, and family background may influence both the level of education attained and the
earnings, potentially leading to biased estimates. Although the double-robust approach
aims to minimize this risk, it may not fully capture the dynamic and complex nature of
wage determination. The interaction between education, sector, and other socio-economic
factors may be more intricate than our model can account for.

Future research could explore sector-specific dynamics and conduct comparative
analyses with other European countries to position the Italian case within a broader context.

Author Contributions: Conceptualization, M.E,, methodology, M.F., software, F.C. validation, M.F,,
F.C.; formal analysis, M.E,; investigation, M.F,; resources, F.C.; data curation, M.F.; writing—original
draft preparation, M.E,; writing—review and editing, M.E. and E.C.; visualization, M.F.; supervision,
M.E,; project administration, F.C. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Data are available on request and can be downloaded from
the Banca d'Italia (https://www .bancaditalia.it/statistiche /tematiche/indagini-famiglie-imprese/
bilanci-famiglie/) (accessed on 27 October 2022).

Conflicts of Interest: The authors declare that they have no competing issues.

Appendix A

Table Al. Probability of completing a degree, logistic regression at the mean.

High School
Year 2010, n = 3703 Year 2020, n = 1615
Coef. z Coef. z
Cohort 0.002 0.50 —0.008 —1.38
South —0.012 —0.16 —0.350 -3.12
Men —0.012 —-0.17 0.191 1.71
Father educ. 0.508 9.30 0.511 5.17
Mother educ 0.467 7.43 0.364 3.47
University
Year 2010, n = 4295 Year 2020, n = 2505
Coef. z Coef. Z
Cohort —0.015 —2.64 —0.0036 0.62
South 0.028 0.22 —0.307 —2.52

Men —0.228 —1.95 —0.094 —0.79
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Table Al. Cont.

University
Year 2010, n = 4295 Year 2020, n = 2505
Coef. z Coef. z
Academic 3.73 24.3 3.29 214
Technical 1.63 10.5 1.34 8.68
Father educ 0.265 3.99 0.354 453
Mother educ 0.235 3.21 0.157 191
Post-university
Year 2010, n = 4353 Year 2020, n = 2659
Coef. z Coef. z
Cohort 0.009 0.63 0.006 0.63
South 0.191 0.61 —0.191 —0.94
Men 0.409 1.34 —0.096 —0.51
Sciences 0.725 2.18 0.438 2.28
Humanities -3.02 —6.75 —-2.19 —8.00
Father educ 0.234 1.32 0.405 3.34
Mother educ 0.268 1.44 0.027 0.22

Note: the not statistically significant coefficients are in italics.

Notes

1

9

One issue in estimating the probability of higher education is linked to the unobservable variable ability that is related to
education and is a systematic element in selecting highly versus poorly educated. This causes selection bias.

An initial example of propensity scores in the tails considers the probability of being employed (see Table 2).

In the OLS case, the conditional mean, E[Y | X], averages up to the unconditional mean, E[Y]. As a result, the OLS linear model for
conditional means, E[Y | X] = X«, implies that E[Y] = E[X]x. When looking at a given quantile, Q(Y) differs from Q(X)«, and
the fitted values are no longer appropriate to compute the quantile of the outcome. For instance, looking at a low quantile, the
conditional quantile will summarize the effect for individuals with relatively low outcomes given the covariates, even if the level
of the outcome is high. The unconditional quantile, on the other hand, summarizes the effect at a low outcome regardless of the
covariates so that the outcome level is unquestionably low.

One possible source of misspecification in estimating returns to education is linked to the unobservable variable ability that is
correlated to education.

We do not analyze the intermediate waves of 2012, 2014, and 2016, while 2018 was not collected due to the COVID-19 pandemic.
Data are available on request and can be downloaded from the Bank of Italy website.

The “Jobs Act” enacted in 2015 reduced the firing costs of open-ended contracts.

In 1962, mandatory schooling was up to junior high or up to age 14. In 1992, the student mandatory age was raised to 15, and,
in 2003, school became mandatory up to age 18. In addition, in 1969, students could enroll at university regardless of the high
school field, while previously, some curricula did not have access to university. Finally, in 1977, auxiliary teachers for students in
need were introduced.

Academic comprises classic, scientific, and languages institutes; technical is for technical institutes; and vocational comprises
professional, arts, and music institutes.

Science groups comprise math, physics, chemistry, biology, agricultural sciences, medical sciences, engineering, and architecture;
the humanities include literature, philosophy, languages, and psychology; and the social sciences comprise law, economics,
statistics, and sociology.

Table Al in the Appendix A adds parents’” education among the logit explanatory variables to proxy social status. Fathers’
and mothers” education are statistically significant and have a positive impact on the probability of additional education.
Unfortunately, these variables cause a drastic reduction in the sample size, without substantially modifying the impact of the
other variables of the model. The sample drops from around 15,000 to approximately 4000 in wave 2010, and from 10,000 to 2000
in the year 2020 when parents’ education variables are added. These drastic reductions hinder the subset analysis implemented
in the following sections, by sector, by age, and by gender. This leads to a drop in parents” education in the ensuing sections.
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There is only one case of a statistically significant difference, which is for the university degree in the humanities in 2020. The
larger model yields a slightly smaller impact, 0.520 with a standard error of 0.009, whereas the more synthetic model yields 0.558
with a standard error of 0.012.

12 In each sub-sample, the probability of completing a given degree is re-estimated considering, in turn, the private sector only,
young workers only, and women only. These results are available on request.

13 The official Italian unemployment statistics provided by ISTAT show an unemployment rate close to the European averages: 8.4%
in the year 2010 and 9.2% in 2020. These figures markedly grow when looking at young workers. For workers aged 15-24, the
unemployment rate was 27.9% in 2010 and 29.4% in the year 2020.

14 Both interpretations are compatible with our results in Table 3, where the cohort estimated coefficient becomes positive only at
the higher quantile.
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