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1 Introduction

Since the 1950s, gender equality has been widely accepted as a socially and economically
important goal in most industrialized countries. It is not only a moral value and an important
policy to enable men and women to maximize their potential. It might also be a tool for
economic and welfare growth, as gender equality means utilization of the full productive
potential of the labour force.

Over the last decades, significant progress has been made in reducing labour market
gender inequalities in industrialized countries, but they are still persistent in most of them.
Several studies have shown that women suffer disadvantages and penalties in terms of em-
ployment prospects, career promotions, and wages. For example, the meta-analysis con-
ducted by Weichselbaumer and Winter-Ebmer (2005) reveals that in industrialized countries
the gender pay gap decreased from 65% in the 1960s to 30% in the 1990s. This evolution
is attributable to women’s increased level of education and work experience. Other stud-
ies, such as Blau and Khan (2006) and Kolesnikova and Liu (2011) for the US, point out
that differences in educational attainment, work experience, and occupational choice signif-
icantly contribute to the gender wage gap and to its time trend. However, if one nets out the
contribution of gender differences in characteristics, the gender wage gap has been roughly
constant over the decades and around 25%.1

In economics a large body of the empirical studies on labour market gender inequali-
ties focus on wage gaps. As a matter of fact, the wage is a relevant indicator of access to
resources and opportunities. The main issue of this empirical literature is often to under-
stand whether and to what extent the gender pay gap is due to gender differences in the
distribution of personal characteristics or in the remuneration of the same characteristics. In
order to design effective policies in tackling gender inequalities, it is indeed fundamental to
understand the contribution of each component.

Inspired by the analysis in de la Rica et al. (2008) and Addabbo and Favaro (2011) on
Spanish and Italian gender wage gaps by educational attainment, we analyse gender wage
gaps in Italy at different educational levels. Education might play an important role in shap-
ing the gender pay gap. The European Commission (2005) indeed reports that education is
the most important observed characteristic explaining the level of wage inequality between
men and women. We contribute to the existing empirical literature on gender wage gap
by documenting the role played in Italy by sample selection in shaping the profile of the
gender wage gap components across all the quantiles of the wage distribution at different

1See Azmat et al. (2006) for an analysis of gender gaps in unemployment, employment-to-unemployment
flows, and unemployment-to-employment flows in OECD countries. See Pekkarinen and Vartiainen (2006)
and the studies cited in this article for analyses on the role of gender in promotions.
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educational levels.
Addabbo and Favaro (2011) show that in Italy the wage penalty of full-time women is

larger at low educational attainments: it is about 11.2% for highly educated women and
14.5% for low educated women at the median of the wage distribution. However, if gender
differences in the nonrandom selection into full-time work vary with the educational attain-
manent, this finding might just be a statistical artefact. When the effect of sample selection
is netted out, the higher gender wage penalty for low educated women could: i) disappear if
highly educated women are more positively selected into the full-time workforce than low
educated women, i.e. those highly educated women who would get the lowest returns from
work are less likely to work full-time; ii) become even larger if low educated women are
more positively selected into the full-time workforce than highly educated women.

Previous studies notice that in countries like Italy, where the gender gap in employment
rates is relevant, it is important to control for gender differences in the selection rule into the
workforce. When the estimation of the gender wage gap is corrected for gender differences
in workforce participation, the gender wage gap widens and reaches the same levels as the
ones in countries with smaller gender gaps in employment rates (Olivetti and Petrongolo,
2008; Picchio and Mussida, 2011). Similarly, Albrecht et al. (2009) find that in the Nether-
lands wage penalties for women increase across all the wage distribution once nonrandom
selection into full-time employment is controlled for.

As Addabbo and Favaro (2011), we use data from the European Community Household
Panel (ECHP). The empirical analysis is based on the technique proposed by Picchio and
Mussida (2011) to estimate wage distributions in the presence of covariates and sample se-
lection and on simulation algorithms to derive counterfactual distributions and decompose
the gender wage gap. The longitudinal dimension of the ECHP is exploited to avoid exclu-
sion restrictions in identifying wage distributions in the presence of covariates and sample
selection. We show that in Italy gender wage penalties widen for low educated women when
corrected for sample selection, especially at bottom jobs. They are instead left unchanged
for highly educated women. Low educated women are therefore more positively selected
into the full-time workforce than men and than highly educated women. When comparing
gender wage gaps across educational attainments in Italy, it is therefore important to net out
the effect induced by different sample compositions to avoid the underestimation of the role
played by education in shaping labour market inequalities.

The paper proceeds as follows. Section 2 describes the data and the sample. Section 3
presents the methodology to estimate wage distributions in the presence of covariates and
sample selection and reports estimation results. In Section 4, we simulate the model to
decompose the gender wage gap in the parts due to gender differences in individual charac-
teristics and in the remuneration of similar characteristics across all quantiles of the wage
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distribution. Section 5 concludes.

2 Data and Sample

The empirical analysis is based on a sample extracted from the 1994–2001 waves of the
ECHP.2 We exclude from our sample individuals younger than 25 years and older than 64
years to avoid to get mixed with formal education enrolment issues. We drop individuals
who are in the army, self-employed, inactive, or with missing values in the variables used
in the econometric analysis. Finally, in order to avoid outliers’ or measurement errors prob-
lems, we exclude from the sample individuals lying in the first or last percentile of the wage
or working hours distributions.

Considering both employed and the non-employed, 38,060 female observations and
30,796 male observations remain over the period 1994–2001. We have 9,605 female full-
time employees and 19,616 male full-time employees. The definition of full-time employ-
ment is based on working hours. Employees are considered as full-time workers if they
declare to work 35 hours or more per week. Among highly educated people the partici-
pation to full-time work is higher and shows lower gender disparities: 70.8% (37.9%) of
highly educated (wo)men work full-time against 57.6% (15.6%) of low educated (wo)men.

The sample and the econometric analysis are split by gender but also by educational
attainment. We distinguish between low and highly educated people. The definition of
high and low education follows Addabbo and Favaro (2011): we split the sample using
as a threshold the compulsory educational level.3 Given that information on education is
provided in the ECHP according to the International Standard Classification of Education
(ISCED), we define as low educated those individuals with an ISCED level between 0 and
2 and as highly educated those individuals with an ISCED level between 3 and 7.

The wage variable is the gross hourly wage. It is computed starting from information
about the gross monthly wage and the weekly working hours.4 The gross hourly wages are
deflated to 1995 constant prices.5 Figure 1 plots the kernel estimate of the wage density
by gender and educational levels. The distance between men and women’s distribution
densities represents the extent of the raw gap. In both educational groups, the differential is

2More information about the ECHP is available in Internet at http://epp.eurostat.ec.europa.eu/portal/page/-
portal/eurostat/home.

3See Addabbo and Favaro (2011) for more details about the Italian educational system and compulsory
education.

4The gross hourly wage is obtained by taking the ratio between the gross monthly wage, variable PI211MG,
and the number of hours worked per week - variable PE005 - times 4.35, the average number of weeks in a
month.

5The deflator is the Consumer Price Index (CPI), gathered by ISTAT.
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Figure 1: Kernel Density Estimates of Full-Time Gross Hourly Wages by Gender and Edu-
cation

in favour of men, especially if low educated. Table 1 reports raw statistics about the gender
wage gap. On average, both low and highly educated women have lower hourly wages:
the average raw gender wage gap is equal to 0.150 log points for low educated women and
to 0.137 log points for highly educated women. However, the profile of the raw gender
wage gap across the wage distribution differs by education. Low educated women suffer
a U-shaped wage penalty: the gender wage gap is the highest at the bottom of the wage
distribution (0.178 log points), it is the lowest at the 25th percentile (0.123 log points) and
then it increases at the top of the distribution (0.160 log points at the 90th percentile). The
raw gender wage penalty is instead increasing across the whole wage distribution for highly
educated workers: it goes from 0.066 log points at the 10th percentile to 0.229 log points at
the 90th percentile.

Table 1: Full-Time Raw Gender Wage Gap in Italy by
Educational Attainment (in log points)

Low educated Highly educated
Mean .150 .137
10th percentile .178 .066
25th percentile .123 .073
50th percentile .140 .098
75th percentile .149 .151
90th percentile .160 .229

Table 2 reports summary statistics of the covariates used to model wage distributions
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computed on the subsample of the full-time workers and disaggregated by gender and edu-
cational attainment. We use a set of variables that are often included in Mincerian models
and that might capture differences in human capital (age and job tenure), in the local labour
market (geographical area of residence), in the business cycle (time indicators), in job tasks
(occupational indicators and type of contract), in firms (firm size and sector), and other
individual characteristics (health and marital status).

Highly educated men earn on average more (gross hourly wage of e8.4) compared both
to highly educated women (e7.3) and to low educated of both genders, especially women.
Low educated women indeed earn the lowest gross hourly wages (e5.8).

Low educated (wo)men working full-time are on average 42 (41) years old and older
than highly educated ones (on average 39 years of age for men and 37 for women). The
indicator of self-perceived health captures the effect of health status (perceived or subjective)
on wages and propensity to work and highly educated workers are on average in better health
conditions compared to low educated. The percentage of married men full-time workers is
higher than married women, especially for low educated (80.6% of low educated men full-
time workers is married against 68.9% of low educated women).

Highly educated women work more frequently as public employee (51.3%) and into
the service sector (81.1%) compared to both highly educated men and low educated men
and women. The dummy variable for atypical jobs captures the impact of atypical contrac-
tual arrangements introduced and generalized by the 1997 labour market reform (Law No.
196/1997, “Treu Package”) on wages. On average, low educated individuals of both genders
are more frequently employed with atypical contracts than highly educated individuals.

Three indicators control for the geographical area of residence and split Italy in North,
Centre, and South. Almost one half of the low educated women working full-time live in
the North of Italy, while the others are equally distributed in the Centre and South. Men are
instead more equally distributed across all the three geographical areas.

Since the job tenure is likely to affect wages, we control for it using four dummy indi-
cators. On average, one half of men and women of both education attainments have a job
tenure longer than 11 years.

In modelling wages we use a set of indicators for the type of occupation. They are likely
to be very important: the segregation of women into certain types of occupation might in-
deed account for a significant part of the pay gap, as it is shown for instance in Bayard et
al. (2003) and Addabbo and Favaro (2011). In our sample, low educated full-time workers
are largely concentrated in blue-collar occupations and craft and related trades jobs. Highly
educated women are more likely than highly educated men to belong to the top three oc-
cupational categories: around 13.1% of women work as legislator, 18.4% as technician and
associate professional, and more than one half are clerks (50.4%).
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Table 2: Summary Statistics of the Covariates for Full-Time Workers by Gender
and Education

Low educated Low educated Highly educated Highly educated
men women men women

Mean S.D. Mean S.D. Mean S.D. Mean S.D.
Gross hourly wage (e) 6.807 1.892 5.858 1.566 8.400 2.893 7.325 2.096
Age (years) 42.338 9.929 41.543 9.573 39.593 8.785 37.541 8.276
Good health§ .677 .468 .636 .481 .767 .423 .737 .440
Married .806 .395 .689 .463 .743 .437 .668 .471
Public employee .285 .451 .270 .444 .390 .488 .513 .500
Atypical job† .256 .436 .267 .442 .193 .395 .189 .391
Service sector .457 .498 .544 .498 .631 .483 .811 .392
Geographical area

North .354 .478 .510 .500 .404 .491 .472 .499
Centre .246 .430 .246 .431 .265 .441 .237 .425
South .395 .489 .236 .425 .320 .467 .284 .451

Job tenure in years
[0, 6) .276 .447 .254 .436 .267 .442 .291 .454
[6, 11) .115 .319 .132 .338 .160 .367 .181 .385
11 or more .536 .499 .507 .500 .504 .500 .431 .495
Missing .073 .261 .108 .310 .069 .254 .097 .297

Occupation
Legislator, senior official, managers .011 .106 .011 .105 .121 .326 .131 .337
Technicians & associate professionals .038 .192 .074 .262 .176 .381 .184 .388
Clerks .098 .297 .176 .381 .331 .471 .504 .500
Service & sales workers .086 .281 .141 .348 .067 .249 .076 .264
Craft & related trades workers .347 .476 .239 .427 .127 .333 .027 .162
Blue collar workers .365 .481 .320 .466 .128 .334 .054 .227
Unknown .054 .227 .039 .194 .050 .219 .025 .155

Firm size (number of employees)
(0, 4] .200 .400 .167 .373 .105 .307 .153 .360
[5, 19] .249 .432 .255 .436 .190 .392 .188 .391
[20, 99] .203 .403 .225 .417 .234 .424 .220 .414
[100, 499] .114 .318 .125 .331 .155 .362 .131 .338
500 or more .080 .271 .070 .255 .140 .347 .096 .294
Not applicable/missing .154 .361 .159 .365 .176 .381 .212 .409

Year
1994 .151 .358 .146 .353 .132 .339 .116 .320
1995 .144 .351 .147 .354 .133 .339 .126 .332
1996 .138 .345 .144 .352 .134 .341 .134 .341
1997 .122 .328 .124 .330 .124 .330 .125 .330
1998 .122 .328 .123 .328 .126 .332 .126 .331
1999 .110 .313 .115 .319 .121 .326 .123 .329
2000 .109 .312 .106 .308 .118 .323 .127 .333
2001 .102 .303 .095 .293 .111 .315 .123 .329

# of observations 9,558 3,429 10,058 6,176
§ “Good health” is a dummy indicator based on self-perceived health. It is equal to 1 if the individual declares that her

health is in good or very good conditions. It is equal to 0, if the answer is fair, bad, or very bad conditions.
† “Atypical job” is an indicator variable equal to 0 if the employee has a standard permanent job and equal to 1 if the

employee has some other working arrangement (e.g. fixed-term contract, casual work, no contract).

6



Five indicator variables capture the firm size measured by the number of employees.
More than one half of low educated full-time employees of both genders work in small and
medium firms, whilst highly educated workers are more likely to work in medium-large
firms.

Table 3 displays the descriptive statistics over the total population of the covariates used
to model the selection into full-time employment. Around one third of highly educated
women have kids younger than 12 years, whilst for low educated of both genders the per-
centages are lower (on average around 23%). The number of household components is
slightly higher for low educated compared to highly educated (on average 2.60 household
members against 2.48). Finally, low educated men and women mainly live in the South of
Italy (around 41%), more than a third of the samples lives in the North and the remaining
(around 23%) in the Centre. The highly educated are instead more equally distributed across
the geographical areas of residence.

Table 3: Summary Statistics of the Covariates for the Whole Sample by Gender and
Education

Low educated men Low educated women Highly educated men Highly educated women
Mean S.D. Mean S.D. Mean S.D. Mean S.D.

Age (in years) 45.997 11.674 46.839 10.916 40.123 10.349 38.717 9.633
Good health§ .591 .492 .518 .500 .759 .428 .727 .446
Married .781 .414 .827 .378 .675 .468 .712 .453
Presence of kids < 12 years .234 .423 .231 .422 .283 .450 .331 .471
# of household components 2.619 1.291 2.583 1.306 2.489 1.156 2.475 1.169
Geographical area

North .347 .476 .346 .476 .368 .482 .382 .486
Centre .237 .425 .226 .418 .246 .431 .233 .423
South .410 .492 .420 .494 .373 .484 .374 .484

Year
1994 .143 .350 .145 .352 .132 .338 .123 .328
1995 .138 .345 .139 .346 .130 .337 .125 .330
1996 .137 .343 .135 .342 .132 .338 .130 .336
1997 .124 .329 .123 .328 .123 .328 .124 .329
1998 .128 .334 .127 .333 .126 .332 .126 .332
1999 .118 .323 .120 .325 .123 .328 .124 .329
2000 .112 .315 .111 .314 .121 .326 .127 .333
2001 .101 .301 .100 .301 .113 .317 .122 .327

# of observations 16,592 21,923 14,204 16,137
§ “Good health” is a dummy indicator based on self-perceived health. It is equal to one if the individual declares that her health is

in good or very good conditions. It is equal to zero, if the answer is fair, bad, or very bad conditions.

Even if exclusion restrictions are not needed for model identification,6 in the empirical
model two variables, namely the presence of children younger than 12 years and the number

6Picchio and Mussida (2011) show that if panel data are available the model described below in Subsec-
tion 3.1 is uniquely identified without exclusion restrictions and parametric assumptions on the unobserved
heterogeneity distribution.
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of household components, will explain the selection equation but will not enter the specifi-
cation of the wage distributions. In Subsection 4.3 we assess the sensitivity of our findings
by re-estimating the model without such exclusion restrictions.

3 Estimation of Wage Distributions in the Presence of Co-
variates and Sample Selection

3.1 The Econometric Model

In this paper we exploit the method developed in Picchio and Mussida (2011) to estimate
wage distributions in the presence of covariates and sample selection.7 As proposed by Don-
ald et al. (2000), wage distributions can be modelled as if they were duration distributions in
a hazard function framework. As the hazard function fully characterizes the corresponding
distribution function, once we specify in a flexible way the hazard function, we have a flexi-
ble model for the corresponding distribution function. Moreover, we allow the wage hazard
function to be determined by unobservables correlated to the unobservables determining the
probability of full-time employment.

The estimation strategy boils down to the joint estimation of a binary choice model for
the probability of full-time employment and of a wage hazard function correlated through
unobserved determinants. In a panel data setting with t = 1, . . . , T , we adopt the following
model framework,

yt = 1[z′tδ + ε+ ut > 0] (1)

θ(wt|xt, v) = ht(wt|xt)v = h0(wt) exp
[
x′tβ(wt)

]
v (2)

where

• yt is the indicator variable denoting full-time employment status at time t and 1(·) is
the indicator function.

• ut is the idiosyncratic error term with Gompertz distribution.8

• θ is the wage hazard function.

7See also Mussida and Picchio (2011) for an empirical application of this method to evaluate changes over
time of the gender wage gap.

8The conditional probability of full-time employment is therefore given by Pr(yt = 1|zt, ε) =
exp[− exp(z′tδ + ε)]. As a consequence, an increase in a variable with a positive coefficient results in the
decrease in the probability of full-time employment. Subsection 4.3 checks the sensitivity of our results to
alternative specifications of the distribution of ut.
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• zt and xt are regressors explaining the employment probability and the wage distribu-
tion, respectively.

• v and ε are unobserved characteristics with joint distribution G.

• h0 is the common wage baseline hazard function, which maps into a wage distribution
function common to every unit that can then varies because of the impact of observed
characteristics xt and unobserved characteristics v.

Picchio and Mussida (2011) show that this model is uniquely identified from panel data
without exclusion restrictions and parametric assumptions on the structural wage hazard
function ht and on the joint unobserved heterogeneity distribution G.

The wage hazard function in (2) is of mixed hazard type: the effect of the covariates is
allowed to be different over the wage support. It is therefore more flexible than the mixed
proportional hazard specification often used in duration analysis. We parametrically model
exp[x′tβ(wt)] by splitting the wage support into 5 intervals, approximatively at each ventile
of the wage distribution, and by allowing the set of parameter vectors to be different at each
segment. The baseline wage hazard function h0(wt) is assumed to be piecewise constant in
order to avoid too strict parametric assumptions.9

The joint distribution of v and ε is approximated by a bivariate discrete distribution
(Heckman and Singer, 1984) with a fixed number of support points, which have unknown
locations and probability masses. We assume that (v, ε) has four probability points with
probability masses defined as follows:

p1 ≡ Pr(v = v1, ε = ε1) p2 ≡ Pr(v = v2, ε = ε1)

p3 ≡ Pr(v = v1, ε = ε2) p4 ≡ Pr(v = v2, ε = ε2) = 1− p1 − p2 − p3.

In this case, we need to estimate four points of support and three probability masses.10 The

9We divided the wage support into J = 51 intervals Ij = [wj−1, wj), where j = 1, . . . , J , w0 < w1 <
. . . < wJ , and wJ = ∞. wJ−1 corresponds to the last percentile of the unconditional wage distribution
and w0 to the minimum observed wage. We chose the width of the other 50 wage baseline segments by
dividing the wage support between w0 and wJ−1 in 50 equally spaced intervals. Our choice of the number of
the baseline segments is somewhat arbitrary. Nevertheless, it returns narrow segment widths (between e0.15
for unconditional distribution of low educated women and e0.31 for the unconditional distribution of highly
educated men) and it is thereby suitable for flexibly approximating all possible wage hazard functions. An
ideal way to avoid any kind of parametric assumption when specifying of h0 would be to estimate it non-
parametrically using kernel-density estimation methods.

10v and ε are independent if and only if p1p4 = p2p3 (Van den Berg et al., 1994; Van den Berg and
Lindeboom, 1998). This makes easy to test for sample selection. In Subsection 4.3, we test whether the results
are sensitive to the chosen number of support points by increasing them.
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probabilities associated to the mass points are specified as logistic transforms:

pm =
exp(λm)∑4
r=1 exp(λr)

with λ4 = 0.

We estimate the model by maximum likelihood. See Picchio and Mussida (2011) for
details about the derivation of the likelihood function. The model is separately estimated by
gender and educational attainment.

This estimator has some strengths but also some disadvantages. Firstly, like in quantile
regression, the impact of covariates is allowed to vary across the wage support. However,
we impose some parametric restrictions on this degree of variability in order to avoid over-
fitting biases. Secondly, if there were no observed and unobserved individual heterogeneity,
the estimator would be just a Kaplan-Meier estimator of the wage hazard function, which
translates into a histogram estimator of the wage density. Although the histogram estimator
can approximate the shape of any density function, it is not free from difficulties, like the
choice of the bin size. Lastly, our approach exploits panel data to control for nonrandom
sample selection induced by unobserved heterogeneity without the need of exclusion restric-
tions. Nonetheless, we impose some parametric restrictions on the bivariate distribution of
the unobserved heterogeneity for the sake of reducing the dimensionality of the estimation
problem.

3.2 Estimation Results

Probability of Working Full-Time

Table 4 reports the estimated parameters of the Gompit selection equation into full-time em-
ployment by gender and educational attainment. The estimated coefficients are informative
about the direction of the impact of each characteristic. A positive coefficient implies that
an increase in the corresponding variable decreases the probability of full-time employment.

The full-time employment probability decreases with age and is lower in the Centre and
in the South of Italy. People in good health are more likely to be full-time employed. The
estimated parameters of family related covariates point out that in Italy the male breadwinner
system prevails: (wo)men are more (less) likely to be in full-time employment if married
and with children in the household. Both men and women are instead less likely to be in
full-time employment when there are more members in the household. As a matter of fact,
the number of people in the household might be a proxy for family earnings: the higher the
family earnings, the lower the labour supply either at the intensive margin (hours of work)
or at the extensive margin (labour market participation).
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Table 4: Estimation Results of the Gompit Selection Equation into Full-Time Employment by
Gender and Education

Low educated Highly educated

Men Women Men Women
Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

Age (years) .663 *** .018 .353 *** .019 .447 *** .023 .122 *** .016
Good health −.231 *** .033 −.131 *** .035 −.100 ** .048 −.002 .034
Married −1.168 *** .044 .318 *** .037 −1.182 *** .057 .119 *** .033
Presence kids<12 years −.346 *** .045 .223 *** .041 −.452 *** .059 .097 *** .035
# household members .062 *** .012 .131 *** .012 .120 *** .016 .064 *** .011
Education – Reference: ISCED 5–7

ISCED 3–4 – – – – .473 *** .046 −.159 *** .032
Area of residence – Reference: North

Centre .205 *** .041 .237 *** .043 .166 *** .050 .329 *** .038
South .407 *** .037 .400 *** .036 .746 *** .045 .311 *** .031

Time dummies – Reference: 2001
1994 −.623 *** .070 −.061 .065 −.193 ** .086 .146 ** .058
1995 −.370 *** .076 −.111 .070 −.012 .091 .045 .059
1996 −.222 *** .075 −.061 .078 .012 .092 .055 .061
1997 −.030 .080 −.023 .077 .086 .099 .181 *** .063
1998 .092 .076 .060 .080 .173 ** .087 .168 *** .063
1999 .254 *** .091 −.039 .073 .177 * .093 .199 *** .070
2000 .138 .092 .056 .087 .077 .106 .141 * .072

Unobserved heterogeneity support points and probability masses
ε1 −2.870 *** .090 −2.939 *** .087 .067 .094 −2.882 *** .076
ε2 .168 ** .083 .075 .076 −3.274 *** .105 .322 *** .067
λ1 −.205 *** .064 −.155 .105 .780 *** .189 .302 *** .076
λ2 .031 .078 1.664 *** .118 1.096 *** .144 .129 .142
λ3 −.410 *** .099 1.351 *** .148 1.119 *** .140 1.076 *** .076

Log-likelihood −37,239.8 −15,769.2 −36,092.8 −25,188.3
N 3,500 4,160 3,019 3,246
NT 16,592 21,923 14,204 16,137
LR sample selection test χ2(1)=14.0, p-val.=.000 χ2(1)=15.8, p-val.=.000 χ2(1)=25.2, p-val.=.000 χ2(1)=22.2, p-val.=.000

Notes: * Significant at the 10% level; ** significant at the 5% level; *** significant at the 1% level.
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Among highly educated people the ECHP survey allows us to distinguish between those
with a tertiary education (ISCED 5–7) and those with a higher secondary education (ISCED
3–4). Men with tertiary education are more likely to be full-time employed, whereas for
women we find the opposite effect. This gender difference might be explained by edu-
cational segregation. Even if institutional data show a growth in women’s participation
in post-secondary education (MIUR, 2006), there is evidence that in Italy women choose
less “prestigious” and more stereotypical educational programmes, like literature, history,
pedagogy, and pediatrics (Bettio and Verashchagina, 2008), have lower chances to enrol at
post-tertiary education and, once in the labour market, they get lower wages compared to
men with the same educational level (Gerber and Cheung, 2008; Triventi, 2010). Moreover,
if jobs accessed through a post-secondary education degree requires more work commit-
ment, it might be that women find it difficult to reconcile career and family care and they
are therefore more likely to step back.

In 1997 a major labour market reform (Law No. 196/1997) introduced and generalized
the use of atypical contracts in Italy, among which part-time jobs. In a period of quite stable
economic growth,11 this might explain why both men and women are less likely to work
full-time starting from 1997.

Finally, at the bottom of Table 4, we report the log-likelihood ratio (LR) test for nonran-
dom selection into full-time employment. For both men and women and for both highly and
low educated individuals we cannot reject the null hypothesis of no sample selection.

The Impact of Covariates on the Wage Hazard Function

As mentioned in Subsection 3.1, the impact of covariates on the shape of the wage density
functions is flexibly modelled. Analogously to quantile regression, the covariates can have
different effects at different quantiles of the wage distribution. Hence, Tables 5 and 6 dis-
play the effect of the covariates at selected quantiles for men and women by educational
attainment. Tables 5 and 6 show selection corrected estimation results.12

The estimated parameters inform us about the covariate impact on the wage hazard func-
tion: individual characteristics that have a negative effect on the wage hazard rate reduce the
likelihood of getting a low wage. Individuals holding these characteristics are therefore
more likely get a higher wage than the reference group.

Age positively and significantly affects wages only for highly educated worker. People
declaring to be in good health earn higher wages, especially if men and highly educated.

11In the period from 1994 until 2001, the average real GDP growth was about 2.1%, with a maximum of
3.7% in 2000 and a minimum of 1.1% in 1996 (Eurostat).

12Coefficient estimates without sample selection are not reported in the paper but available upon request.
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Marital status affects male wage distribution of both educational categories and the wage
distribution of highly educated women. Married people earn higher wages.

Holding an atypical contractual arrangement is associated with lower wages mainly for
low educated men across the overall wage distribution. The impact is milder for low ed-
ucated women and it is significant at the bottom and at the top of the wage distribution.
Highly educated workers of both genders with an atypical contract suffer pay penalties only
at the bottom (25th quantile) of the wage distribution.

We note different impacts of the covariates for the service sector and public employment
across both genders and educational categories. Low educated men and highly educated
women working in the service sector or in the public administration earn higher wages.

There are geographical differences in the distribution of wages, characterized by impor-
tant pay disadvantages in the Center and especially in the South of Italy. Pay disadvantages
are higher for low educated women living in the Centre of Italy and located at the bottom
of the wage distribution. The geographical heterogeneity is a structural feature of the Italian
labour market which is not limited only to wages. For instance, Bertola and Garibaldi (2003)
found evidence of geographical differences in unemployment. Sizeable geographical gaps
are also found in Italian employment rates.

Longer job tenure is associated with higher wages, especially for low educated workers
of both genders. High-skilled and white-collar occupations (e.g. the top first occupational
category) are associated with higher wages for both genders. In terms of significance, the
impact of these occupational categories is more important for low educated workers.

With regard to the remaining covariates, being employed in large firm (500 or more
employees) is associated with higher wages, especially for low educated men and highly ed-
ucated women. Finally, a set of time dummies is included in the model specification. These
indicator variables suggest that the shape of the wage distributions of low educated men
and women located at the bottom and middle of the wage distribution changed significantly
since 1998.

4 Simulations

4.1 Goodness-of-Fit

In this Section, we decompose the sample selection corrected gender wage gaps into the
component due to different distribution in individual characteristics and the component due
to different remuneration of the same characteristics. The decomposition is carried out on
the basis of microsimulations. Their reliability depends however on the ability of the wage

13
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hazard function models to predict the sample selection corrected wage distributions. Hence,
we first report goodness-of-fit checks of the estimated models.

The goodness-of-fit statistics are constructed on the basis of 999 simulations of full-
time employment participations and wage realizations for each individual in the sample by
gender and educational attainment. At each simulation, we draw the vector of parameter
estimates assuming that the estimator is Normally distributed around the point estimates
with a variance-covariance matrix equal to the estimated one. This allows us to construct
Monte Carlo 95% confidence intervals around the predicted statistics and check, thereby,
whether the actual statistics lie in the 95% confidence intervals of the simulated ones.13

Table 7 displays the goodness-of-fit with respect to full-time workforce participation.14

The model fits extremely well the observed full-time employment rates. The actual frequen-
cies always lie in the 95% confidence interval of the simulated ones. The misalignment
is very small and the estimated models tend to marginally underpredict the full-time work
participation.

Table 7: Goodness-of-Fit of Full-Time Workforce
Participation

Actual Simulated 95% confidence interval§

Highly educated men 0.708 0.697 0.677 0.718
Highly educated women 0.383 0.369 0.347 0.392
Low educated men 0.576 0.563 0.544 0.583
Low educated women 0.156 0.151 0.136 0.166
§ Monte Carlo confidence intervals computed by 999 replications.

Figure 2 reports the goodness-of-fit with respect to gender wage gaps by educational
attainment. The model performs very well in predicting gender wage gaps for highly ed-
ucated full-time workers, but it shows some systematic overprediction of the gender wage
gap of low educated women. The size of the misalignment is not however large and the
actual gender wage gap lies into the 95% confidence interval of the simulated one at each
quantile of the wage distribution.

4.2 Decomposition of the Gender Wage Gaps

We exploit the simulation algorithm developed in Picchio and Mussida (2011) to decompose
the sample selection corrected gender wage gaps of low and highly educated people into two

13We follow the simulation algorithm described in Picchio and Mussida (2011, Appendix A.3).
14An individual is predicted to be full-time at work if the corresponding predicted propensity of full-time

employment is bigger than a random number drawn from the standard uniform distribution.
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Figure 2: Goodness-of-Fit of The Gender Wage Gap

Note: The grey areas are Monte Carlo 95% confidence intervals, computed by 999 replications.
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components: the one due to gender differences in the distribution of individual characteris-
tics and the one due to gender differences in the remunerations of the same characteristics.
This is in the same spirit as Oaxaca’s (1973) decomposition of effects on mean wages, but
we carry it out over the entire wage distribution.

The idea of the decomposition is based on recovering the counterfactual distribution that
would prevail if men had the same distribution of characteristics as women. We define as
Q(·) the log-quantile function and decompose the gender wage gap at each quantile q ∈
[0, 100] of the wage distribution as follows

Q(q|Θ̂M , xM)−Q(q|Θ̂F , xF ) =[
Q(q|Θ̂M , xM)−Q(q|Θ̂M , xF )

]
+
[
Q(q|Θ̂M , xF )−Q(q|Θ̂F , xF )

]
, (3)

where, for G ∈ {F,M}, Θ̂G is the set of estimated coefficients of the wage structure and xG
is the set of individual characteristics. On the right-hand side of (3), the first term in brackets
is the gender wage gap (difference in log points) at quantile q if men and women were
equally paid for their own characteristics. In other words, it is the component of the gender
wage gap explained by gender differences in the distribution of individual characteristics.
The second term in brackets is the gender wage gap at quantile q if men and women had
the same characteristics but they were paid differently, i.e. the part explained by different
coefficients. The latter component of the gender wage gap is of special interest and it is
derived by fixing observed characteristics at the female level. In Subsection 4.3, we explore
the robustness of the decomposition by fixing the observed characteristics at the male level.

The decomposition is separately computed for low and highly educated people. Figures
3 and 4 show the decompositions of the gender wage gaps respectively without and with
selection correction across the support of the wage distribution. They display the gender
wage gap from the raw data, the one predicted by the model (left-hand side of Equation
(3)), and the one if men and women had the same characteristics (second term in brackets
of the right-hand side of Equation (3)). Figure 5 displays the change in the component of
the gender wage gap due to different remuneration of the same characteristics when sam-
ple selection is corrected for. It helps to understand the relevance of correcting for sample
selection at different percentiles of the wage distribution and at different educational lev-
els. Table 8 summarizes point estimates of the gender wage gap due to different returns at
selected quantiles of the wage distribution by education.

Figures 3 and 4 show that if men and women had the same characteristics women would
suffer significant and large wage penalties, independently on whether we correct for non-
random selection into full-time employment and on educational levels. The wage penalty
is much larger for low educated women, especially after correction for sample selection: it
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ranges from 0.30 log points at the bottom of the wage distribution to 0.21 log points at the
top of the wage distribution. For highly educated women, the wage penalty is left almost
unchanged by the sample selection correction and it goes from 0.09 log points at the bottom
to 0.19 log points at top of the wage distribution.

Figure 3: Decomposition of the Gender Wage Gap (in log points) without Sample Selection
Correction

Note: The grey areas are Monte Carlo 95% confidence intervals, computed by 999 replications.

Two interesting pieces of evidence emerge from these empirical findings. First, the wage
penalty of low educated women largely increases when we correct for nonrandom selection
into full-time employment, especially at bottom jobs. This means that low educated women
at the bottom of the wage distribution are more positively selected into full-time employment
than comparable men, i.e. those low educated women who would get the lowest returns from
working full-time are less likely to work full-time than comparable men. In contrast, the pay
penalties are left almost unchanged for highly educated women when we control for sample
selection. It is therefore important to net out the effect induced by sample selection to avoid
the underestimation of the role played by education in shaping labour market inequalities.
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Figure 4: Decomposition of the Gender Wage Gap (in log points) with Sample Selection
Correction

Note: The grey areas are Monte Carlo 95% confidence intervals, computed by 999 replications.
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Figure 5: Change in the Gender Wage Gap due to Different Returns if Corrected for Sample
Selection (in log points)

Note: The grey areas are Monte Carlo 95% confidence intervals, computed by 999 replications.
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Table 8: Gender Wage Gap (in log points) due to Different Returns at Selected
Quantiles by Education

Low educated women Highly educated women

Gender wage gap Gender wage gap
due to different due to different

Quantile q returns (log points) 95% confidence interval§ returns (log points) 95% confidence interval§

Without sample selection correction
10 .224 .194 .253 .077 .056 .098
25 .168 .151 .183 .077 .062 .092
50 .164 .152 .177 .094 .083 .106
75 .176 .162 .190 .132 .115 .148
90 .196 .177 .215 .194 .170 .218

With sample selection correction
10 .303 .267 .342 .093 .071 .115
25 .223 .194 .255 .095 .078 .112
50 .193 .162 .220 .111 .093 .129
75 .190 .159 .219 .148 .119 .176
90 .205 .170 .241 .191 .158 .222

Change when corrected for sample selection
10 .079 .031 .130 .016 −.014 .047
25 .055 .023 .091 .018 −.005 .039
50 .029 −.002 .061 .017 −.004 .038
75 .014 −.018 .047 .017 −.017 .048
90 .009 −.030 .048 −.003 −.043 .035
§ Monte Carlo confidence intervals computed by 999 replications.

As a matter of fact, although our sample is similar to that used by Addabbo and Favaro
(2011), we find that the role played by the educational level is much more relevant than the
one in Addabbo and Favaro (2011), who did not take into account that gender differences in
the propensity to work full-time are heterogeneous across educational levels.

Second, for low educated women there is a clear evidence of “sticky floor” after control-
ling for sample selection, i.e. larger gender pay gap at the bottom of the wage distribution.
For highly educated women, the evidence of “glass ceiling”, i.e. larger gender pay gap at the
top of the wage distribution, is instead left unchanged by the sample selection correction.15

In what follows, we provide explanations on why we find that low educated women
are more positively selected into full-time employment and why this is especially the case
at the bottom of the wage distribution, generating sticky floors. Our explanations are not
exhaustive and there might be other explanations and factors at work.

The first explanation involves discrimination. Those women who would be located at
bottom jobs might decide not to participate in the workforce because discriminatory prac-
tices or occupational segregation might be stronger at bottom jobs.16 Women, especially

15The sticky floor and the glass ceiling follow the definitions in Booth et al. (2003) and Albrecht et al.
(2003).

16See Blau and Khan (2006) about the relevance of discrimination on the gender pay gap.
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if low educated, are indeed frequently segregated in occupations characterized by a low
degree of responsibility and therefore associated to lower remuneration. Indeed, Bayard
et al. (2003) and Addabbo and Favaro (2011) suggest that female segregation into certain
occupations might account for a sizeable fraction of the wage gap.

Another explanation hinges on gender differences in the workforce attachment and,
thereby, in the propensity to participate to the labour market. Indeed, low educated women
who would be located at bottom jobs might exhibit a lower workforce attachment compared
to men of the same educational category. For instance, those women might decide not to
participate in the workforce for preferences-related issues, i.e. they give a higher value to
leisure with respect to working time.

Finally, low educated women at bottom jobs might suffer of monopsonistic wage dis-
crimination as their labour supply might be less elastic than the one of comparable men
(Boal and Ramson, 1997). Hirsch et al. (2010) find indeed that the labour supply to the
firm is less elastic for women than for men and suggest as potential explanations different
preferences over nonwage job characteristics and a lower degree of the female mobility. For
example, female job mobility might be less determined by wages and by the state of the
local labour market and more influenced by the job proximity to home and/or a nursery or
by the flexibility of the working time. This might be especially true for low educated women
at bottom jobs, since the family budget constraints are more likely to be binding and family
child care is more likely to be the only affordable option. Firms can take advantage of these
gender differences in supply elasticities and in the degree of monopsony power, resulting
thereby in wage penalties for low educated women at bottom jobs.

4.3 Robustness Analyses

We run sensitivity analyses to check whether the estimation results are robust to four dif-
ferent sources of misspecification. Firstly, we re-estimated the model without exclusion
restrictions. Picchio and Mussida (2011) show that identification is attained through within-
person replication and without the need of exclusion restrictions. However, in the empirical
analysis we exploited exclusion restrictions. Hence, by presenting the results without exclu-
sion restrictions we can explore the sensitivity of our results to the imposed overidentifying
restrictions.

Secondly, we redid the decomposition exercise by using the male population as the pop-
ulation of reference. By simulating the counterfactual wage distribution if men were paid as
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women, we can alternatively decompose the gender wage gap as follows:

Q(q|Θ̂M , xM)−Q(q|Θ̂F , xF ) =[
Q(q|Θ̂M , xM)−Q(q|Θ̂F , xM)

]
+
[
Q(q|Θ̂F , xM)−Q(q|Θ̂F , xF )

]
. (4)

On the right-hand side, the first term in brackets is the wage gap due to gender differences
in the remuneration of the same characteristics, where the characteristics are fixed at the
male level. In the benchmark decomposition, we instead simulated the counterfactual wage
distribution if women were paid as men and therefore we evaluated the wage gap due to
gender differences in the remuneration of the same characteristics, where the characteristics
were fixed at the female level.

Thirdly, we re-estimated the model by assuming that the idiosyncratic error term of the
full-time employment equation has a Logistic distribution instead of a Gompertz distribu-
tion. We check thereby whether the results are robust to the imposed assumption on the
error term of the probability model for working full-time.

Lastly, we checked the sensitivity of our results to the imposed discrete distribution of
the unobserved determinants. We increased the number of points of support to three for each
process, resulting in nine probability masses defined as follows:

p1 ≡ Pr(v = v1, ε = ε1) p2 ≡ Pr(v = v2, ε = ε1)

p3 ≡ Pr(v = v1, ε = ε2) p4 ≡ Pr(v = v2, ε = ε2)

p5 ≡ Pr(v = v1, ε = ε3) p6 ≡ Pr(v = v3, ε = ε1)

p7 ≡ Pr(v = v2, ε = ε3) p8 ≡ Pr(v = v3, ε = ε2)

p9 ≡ Pr(v = v3, ε = ε3) = 1−
8∑
r=1

pr.

In this case, we need to estimate six points of support and eight probability masses.
The gender wage gap decompositions at selected percentiles corresponding to these four

sensitivity checks are reported in Table 9.17 All four sensitivity analyses return gender wage
gap decompositions which are very much in line with those from the benchmark specifica-
tion. They assess thereby the robustness of our empirical findings.

17The decompositions at each percentile and the full set of estimation results on which the gender wage
decompositions in Table 9 are computed are not reported for the sake of brevity but they are available upon
request.
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Table 9: Sensitivity Analyses
Low educated women Highly educated women

Gender wage gap Gender wage gap
due to different due to different

Quantile q returns (log points) 95% confidence interval§ returns (log points) 95% confidence interval§

1. Without exclusion restrictions
10 .306 .270 .342 .095 .072 .119
25 .226 .196 .258 .097 .079 .114
50 .196 .167 .223 .112 .095 .129
75 .192 .164 .220 .150 .124 .176
90 .207 .175 .240 .192 .160 .226

2. Men as population of reference
10 .300 .264 .339 .092 .068 .116
25 .220 .190 .255 .099 .077 .119
50 .193 .165 .222 .124 .103 .143
75 .194 .166 .222 .164 .131 .195
90 .209 .173 .249 .201 .166 .241

3. Logit model for full-time employment
10 .306 .270 .344 .094 .071 .117
25 .225 .197 .256 .096 .078 .114
50 .195 .165 .222 .111 .092 .129
75 .191 .162 .219 .147 .117 .176
90 .206 .172 .242 .190 .156 .222

4. Unobserved heterogeneity distribution with 3 support points and 9 probability masses
10 .264 .198 .342 .108 .079 .140
25 .194 .146 .259 .106 .079 .134
50 .167 .118 .217 .128 .102 .157
75 .161 .111 .207 .164 .122 .200
90 .165 .107 .217 .195 .139 .240
§ Monte Carlo confidence intervals computed by 999 replications.
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5 Conclusions

In most industrialized countries, the gender wage gaps decreased in the last decades mainly
for the increased level of education and work experience of women. However, if one nets
out the contribution of gender differences in individual characteristics, the gender wage gaps
have been roughly constant over the decades. In order to design effective policies in tackling
gender inequalities it is important to understand whether and to what extent the gender pay
gaps are due to gender differences in the distribution of personal characteristics or in the
rewards of the same characteristics.

In this article, we analysed the gender wage gaps in Italy at different educational levels.
Education might indeed play a relevant role in shaping the gender pay gap. The European
Commission (2005) reports that education is the most important observed characteristic
explaining the wage inequality between men and women.

The empirical analysis exploited the estimator of probability density functions in the
presence of covariates and sample selection proposed by Picchio and Mussida (2011) and
microsimulation to decompose the gender wage gap. We decomposed the gender wage gap
at each quantile of the wage distribution into a part due to different coefficients determin-
ing the wage structure and a part due to different individual characteristics. The empirical
analysis was based on 1994–2001 ECHP data.

Two interesting findings emerged from our study. First, if men and women had the same
characteristics women would suffer significant and large pay penalties, independently on
whether we correct for nonrandom selection into full-time employment and on educational
levels. Second, low educated women suffer much larger pay penalties, especially after cor-
recting for sample selection and at the bottom of the wage distribution. More in detail, when
we controlled for nonrandom sample selection, we found a more marked evidence of “sticky
floor” for low educated women and an unchanged evidence of “glass ceiling” for highly ed-
ucated women. This means that low educated women are, relatively to men, more positively
selected into the full-time workforce than at high educational levels.

Our findings therefore suggest that in order to reduce gender wage gaps in Italy, it is
important to focus on low educated women, especially at bottom jobs. We suggested possi-
ble explanations consistent with our findings. First, low educated women might suffer more
from discrimination and occupational segregation. Second, low educated women might be
less attached to the labour market than low educated men, since they might give a higher
value to leisure. Lastly, low educated women might suffer from monopsonistic wage dis-
crimination, as women might have different preferences over nonwage job characteristics
and a lower degree of mobility than comparable men.
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