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Abstract

We use a large Italian data set (ISFOL-PLUS 2005-2014) to estimate the gender pay gap
(GPG) among overeducated workers. We show that overeducation is an important driver of
the GPG. This result holds when controlling for sample selection and endogeneity problems,
too. Neglecting selectivity issues may lead to the conclusion that discrimination is the most
important driver of the GPG. Yet, when accounting for self-selection and endogeneity bias
overeducation is found to merely reflect unobserved differences in personal characteristics
such as innate ability. The selection coefficients for both the participation and the
overeducation decision allow explaining almost the entire GPG.
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1. Introduction

This paper contributes to the existing literature by integrating insights from two usually
separate research fields: overeducation and the Gender Pay Gap (GPG). As in the literature
the main sources of the GPG are near the same proposed to explain gender differences in
overeducation choices (that is, explanations focused on the preference-based choices made by
women or on job-related constraints faced by women) we investigate whether overeducation
may be an important driver of the GPG.

Workers in occupations that require less schooling than they actually have are labeled
overeducated (Sicherman, 1991; Hartog, 2000; Sloane, 2014). Despite the broad literature on
the incidence of overeducation by gender and on the relationship between overeducation and
earnings on the one hand[1], and the even wider literature on the GPG remaining resilient
despite more than thirty years of equal-pay legislation on the other[2], we find very few
studies focusing on the relationship between overeducation and the GPG. Moreover, these
few studies find, overall, that overeducation does not matter for explaining the GPG. For
example, Boll and Leppin (2013) in Germany and Li and Miller (2012) in Australia find that
overeducation does not substantially contribute to the GPG among graduates.

However, previous studies also criticize empirical strategies that do not take into account the
need to control either for the participation bias, that is, non-random self-selection into
employment (Battu et al., 1999) or for the endogeneity bias, that is, non-random self-selection
into overeducation (Dolton and Silles, 2008). In order to consistently estimate the gender-
specific wage equations and the components of the GPG, we follow these suggestions by
applying a bivariate selectivity model. The model accounts simultaneously for both the
participation bias and the endogeneity bias (as in Tunali, 1986; Sorensen, 1989; Cutillo and

Di Pietro, 2006).



The results suggest that overeducation is an important driver of the GPG in Italy. The GPG is
significantly higher among overeducated workers than among properly educated workers
because women’s unobservable characteristics driving female employment into overeducation
also drag down female wages more than men’s unobservable characteristics drag down male
wages.

Unobserved heterogeneity consists of differences in individual productivity such as innate
ability, school quality and on-the-job training, motivation and effort requirement, as well as
commitment to paid work. Provided that any estimated impacts of overeducation on wages
are free from heterogeneity bias, all the unexplained component of the GPG vanishes in our
data, and the whole difference is explained by endowments (a small part) and the selection
variable into overeducation (the big part). Controlling for both participation bias and
endogeneity bias, we find that women possess better observed characteristics than men and
receive the same reward as men for these characteristics in the overeducated sample.

As our results show that the discriminatory component of the GPG disappears among the
overeducated workers but remains significant among the properly educated ones, we further
investigate why overeducation can fight gender discrimination in pay whereas a proper match
fails.

A possible explanation is that by their higher educational attainment overeducated women
signal their actual although low productivity to employers (Spence, 1973) and overcome
statistical discrimination. Statistical discrimination occurs when employers use average
characteristics of groups to predict individual worker productivity (Arrow, 1973).

Our data show that overeducated men and women possess worse unobservable characteristics
than individuals in the properly educated sample. Moreover, overeducated working women
have worse unobservable characteristics than overeducated men. However, overeducated

women (not men) are better than out of employment individuals. Hence, this is the signal send



by overeducated women: They possess valuable, though, unobservable characteristics, and are
available to work. Among the properly educated workers the signaling effect is less clear,
because education also features human capital skills required for the job.

We draw the conclusion that overeducation is, first, a first-best matching for individuals (both
men and women) compensating with more education for their lower productive
characteristics. Second, it may be a signaling device for women spending their useless-for-
the-job diploma to inform employers on their valuable though unobservable productive
characteristics and fight gender wage discrimination.

Our results may be important for policy measures. If overeducation signals the incapacity of
the labor market to absorb higher levels of education, a higher investment in schooling is a
waste of resources by individuals having near the same unobserved characteristics than
properly educated ones. Conversely, if overeducation is merely a choice of individuals
compensating by more human capital investments their lower unobservable differences in
productivity, there is no waste of resources. This implies that the need for greater investments
in higher education is no more limited.

It is worth noting that overeducation is a serious problem in Italy, where the predicted
probability of being overeducated for both men and women is very high, independently from
the educational level or the estimation technique applied (Flisi et al., 2014). Yet, in Italy, the
share of individuals with tertiary education is among the lowest of all EU member states. The
case of Italy is thus particularly interesting for the study of overeducation, given that on the
one hand, a large share of individuals is overeducated, while on the other hand, the amount of
individuals with higher education is very low. This problem is even more important for
women, as their share among graduates is high and growing and as we show that the wage

penalty for overeducation is higher for women than for men[3].



The paper is organized as follows. In the next two Sections, we define the phenomenon of
overeducation as well as of the GPG and present the corresponding method of assessment.
Section 4 describes the background literature. Section 5 outlines the problem of double
selectivity. In Section 6, we outline the data set used as well as sample restrictions imposed.
In Section 7, we present our estimation results. In Section 8, we discuss our results. Finally,

we conclude.

2. Overeducation Definition and Method of Assessment

According to the literature overeducation is a pervasive feature of modern labor markets; a
meta-analysis of 25 studies on overeducation conducted by Groot and Maassen van den Brink
(2000) concludes that the incidence of overeducation varies from 10 per cent to 42 per cent.
On average, 26 per cent of all worker in the United States and 22 per cent in European
countries are overeducated. In our data (ISFOL PLUS 2005-2014), the proportion of
individuals working in jobs that require less schooling than they actually have is 33.4 per cent
(35.2 per cent in the male sample and 31.8 per cent in the female sample)[4].

As stated, the literature usually considers workers as overeducated when they have completed
more years of education than the current job requires (Sloane, 2014). However, the literature
points out that the concept of overeducation may not have a single meaning and may be open
to various interpretations, making the empirical assessment difficult.

The specific definition depends on how overeducation is measured in the data. As the exact
wording of the question varies across studies, different indicators may classify as
overeducation similar, though, distinct phenomena. In particular, it is worth distinguishing

between indicators that refer to the level of education required to get the job



(overqualification), on the one side, and those that refer to the educational level required to
perform the job (overskilling), on the other side[5].

Following previous studies (Mc Guinness, 2006; Hartog, 2000), several methods of
overeducation assessment can be identified in empirical studies. These indicators can be
classified into three groups: objective, subjective, and statistical.

While objective indicators are based on job analysis, that is, on occupational dictionaries that
estimate the required educational level for each occupation, subjective ones are based on
workers’ self-assessment. Self-assessed procedures may be either directly or indirectly
formulated questions to the interviewees of a survey. Direct questions ask for example
whether the educational level attained is required to obtain (or perform) a certain job, or if the
skills acquired during the educational career are actually used. Indirect inquiries ask what is
the most suitable educational degree (or skills) required to perform the job. In this framework,
the presence of overeducation is identified by comparing the reply with the educational level
of the interviewee.

The statistical method classifies as overeducated those individuals who exceed the mean years
of education for their job by more than one standard deviation above the mean.

Each of these indicators has merits and drawbacks (Hartog, 2000). Workers’ self-assessment
deals with the respondent’s job precisely, but it usually lacks rigorous instructions. Systematic
job analysis is a very attractive source for clear definitions and detailed measurement
instructions, but it may be too expensive to carry out on a large scale. Statistical indicators are
based on relative terms and can be easily biased by credential inflation. Therefore, overall, the
self-assessment indicator is considered the best available measure for overeducation (Hartog,

2000).



In the survey ISFOL PLUS, overeducation is self-assessed by the workers and it is recorded
according to a positive or negative reply to the following direct question: “Is your level of
education necessary for your current job?”.

We must point out that the survey does not request the interviewees to specify either if they
refer to a substantial or formal necessity of their education degree or how much the skills
acquired during their educational career are actually used.

However, on the one hand these caveats are typical of every survey analyzing overeducation
by means of subjective answers, and on the other hand it must be stressed that ISFOL PLUS
survey provides a very good opportunity to assess the phenomenon, as the abundance of
information obtained and the large sample size allow to study wage levels and individual

features by controlling for many explanatory variables.

3. Definition and Assessment of the GPG

The GPG represents the difference between the average gross hourly earnings of men and
women expressed as a percentage of average gross hourly earnings of men. It is usually called
raw or unadjusted as it does not take into account factors that influence the GPG, such as
differences in education, labor market experience or type of job (Eurostat, 2016a).

As already mentioned, for the economy as a whole, in 2014, the unadjusted GPG was 16.1 per
cent in the European Union (EU-28) and 6.5 per cent in Italy[6]. It is important to point out
that a small GPG in gross hourly wage does not imply a thin overall income inequality
between women and men within the economy. When considering the gross annual income
instead of the hourly wage, the differential increases significantly due to the lower number of

hours worked by female employees. Moreover, besides the GPG and the gender gap in paid



hours, it is important to consider gender gaps in employment, as also differences in labor
market participation and employment contribute substantially to the difference in average
earnings of women versus men.

To give a complete picture of the gender earnings gap, Eurostat (2016b) has developed a new
synthetic indicator called gender overall earnings gap. The indicator measures the impact of
three combined factors (hourly earnings, paid hours and employment rate) on the average
earnings of all men of working age compared to women, and it is estimated to be 41.1 per
cent in Europe and 44.3 per cent in Italy in 2010[7]. At EU level, the gender overall earnings
gap was driven mostly by the GPG (contribution of 37 per cent) and the gender employment
gap (contribution of 35 per cent), with minor contribution of the gender gap in paid hours (28
per cent). In Italy, the gender gap in employment rates was the main contributor to the total
earnings gap (65 per cent), followed by the gender gap in paid hours (26 per cent) and by the
GPG (9 per cent). Although the GPG in hourly wages is only a relatively small part of the
overall income inequality by gender in Italy, it is precisely the analysis of that small
difference which brings out discrimination from the data, and we know from Becker (1985)
that even small amounts of discrimination against women can cause huge differences in

wages.

4. Background Literature

The aim of this paper is to study the relationship between overeducation and the GPG. The

GPG may arise from differences in personal and job characteristics of working men and

women, or may be the result of disparity in wages that persists when male and female workers



have similar personal and job characteristics. This residual gap cannot be justified on grounds
of productivity, than revealing the presence of gender discrimination in pay.

The risk of overeducation, too, may differ for men and women, either because of gender
discrimination or because of gender-specific differences in personal and job characteristics.
As our main statement in this paper is that overeducation is an important driver of the GPG,
we summarize, first, the literature about the sources of the GPG, and, second, we review the
main theories explaining the overeducation phenomenon. It is worth noting that the main
sources of the GPG are near the same proposed in the literature to explain gender differences
in overeducation choice. We then explore the findings about the risk of overeducation by
gender, summarizing the results of studies that isolate the gender effect in the overeducation
risk by controlling for a large set of related variables. Finally, we present both the literature
pictures and our own results about the relationship between overeducation and gender

discrimination in pay.

4.1 Theories on the GPG

The literature on the sources of the GPG emphasizes two broad sets of explanations:
explanations focusing on the supply-side of the labor market, and explanations focusing on
the demand-side of the labor market. These two sets of explanations are not mutually
exclusive; they both play a role in explaining the GPG. However, traditionally, the first set of
explanations focuses on the choices made by women, while the second focuses on job-related
constraints faced by women.

Supply-side explanations mainly refer to work-life preferences and cultural beliefs, the sexual

division of labor in the household, and the human capital theory. Demand-side explanations



10

mainly refer to compensating differentials, statistical discrimination and other allocative
gender-biased decisions.

We consider the supply-side explanations first. A preference-based explanation posits that
gender differences in the career path and earnings derive largely from genuine sex role
preferences (Hakim, 2000). However, several scholars indicate that gender stereotypes (that
is, non-conscious beliefs that stem from social norms and affect our expectations and our
judgments of others) may shape individual’s preferences making men and women choose
different jobs and different career paths (Correll, 2004; Ridgeway and Correll, 2004; England,
2010).

Economists also argue that women earn less than men because of the division of labor within
the family, which results in productivity differences between men and women through its
effect on human capital accumulation. Becker (1965) emphasizes the importance of
household production in economic theory, suggesting that much of this output is produced by
women. As a consequence, it is well established in the literature that women are less likely to
have successful careers than men in the labor market (Goldin, 2014), and that women with
children earn less than other women (Waldfogel, 1997).

Lastly, the human capital theory explains women’s lower wages with gender differences in
the amount and kind of education, on-the-job training and other aspects of labor market
experience that affect individuals’ productivity (Mincer and Polachek, 1974). It is worth
noting that while in the past men typically had better access to university-level institutions,
nowadays female graduates exceed the number of male graduates, and on average female
students outperform male students in academic achievements in most OECD countries
(OECD 2009). Unfortunately, despite their progress in higher education, women continue to

choose traditionally female majors (England and Li, 2006). Empirical studies have found that
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the choice of college major explains to a greater extent the GPG than differences in levels of
education (Bobbitt-Zeher, 2007).

We consider now the demand-side explanations of the GPG.

Gender inequality in wages may also be due to differences in working conditions. According
to the compensating wage theory, jobs with unfavorable conditions receive pecuniary rewards
compared to jobs with better working arrangements. If female dominated occupations have
some benefits making easier to combine work and family life, these benefit may result in
lower wages (Solberg and Laughlin, 1995).

The last explanation on the demand side of the labor market, for gender income differences, is
discrimination against women, that is, employers’ gender-biased decisions on the allocation of
individuals across and within occupations. The data show that both the possibility of entering
an occupation and access to promotion within occupations differ between men and women, all
else equal (Anker 1998). Statistical discrimination (Arrow, 1972; Stiglitz, 1973) occurs when
employers make hiring and promoting decisions based not on an individual’s personal
characteristics, but on the average productivity of the individual’s gender. It is worth noting
that the assessment of productivity in the workplace is strongly influenced by stereotypes that
may affect our judgments of others, creating workplace discrimination (Eagly and Steffen,
1984). Both gender stereotyping and wage discrimination have been well documented in
empirical research (Blau et al. 2010). Among these, Authors (2013) show that stereotyping is

clearly related to gender wage discrimination.

4.2 Theories on overeducation
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We find in the literature two main competing approaches attempting to explain the
overeducation phenomenon: the human capital model (Alba-Ramirez, 1993; Biichel and
Battu, 2003) and the signaling model (Kroch and Sjoblom, 1994; Dolton and Vignoles, 2000).
In the human capital perspective (Mincer, 1958; Becker, 1964), overeducation is a mechanism
for labor market adjustment when there is an excess supply of high-skilled workers, and it
exists as a second best employment result. When the increase in the educational level of the
work force is accompanied by lower growth rates of jobs for more educated workers, the
allocation of skills over jobs may be less than optimal, and some individuals accept jobs for
which they are overeducated rather than remaining unemployed[8]. The human capital theory
has received some confirmation in studies estimating the negative impact of work experience
on overeducation risk (e.g. Alba-Ramirez, 1993; Biichel and Battu, 2003; Boll et al., 2016).

In the job signaling model (Arrow, 1973; Spence, 1973; Stiglitz, 1975) education is used as a
screening device to identify higher ability workers. Firms are assumed to have imperfect
information about the productivity of workers, and in response to this gap, individuals may
use education as a signal of productivity. In this case, overeducation does not imply
overqualification. Overeducation arises when there is a signaling equilibrium under which it is
optimal for individuals to invest in more education than is strictly required to perform the
tasks of their jobs (Spence, 1973). It is worth noting, however, that whilst overeducation can
arise in a signaling equilibrium, it is a Pareto inferior equilibrium in which overeducation
persists. Kedir et al. (2012) show that signaling effects are relevant in their empirical analysis.
Estimating a model with individual and employment status fixed effects, they test whether the
positive returns to overeducation pervasively found by the previous literature are just a
consequence of signaling activities. They really find that overeducation does not increase
worker’s productivity. Any positive returns to overeducation are merely due to the signaling

effect. Additional education signals to employers that overeducated workers posses higher
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levels of individual ability, motivation, commitment and so on, than their unemployed
competitors (but lower than their properly educated competitors).

A different approach (Bauer, 2002; Chevalier, 2003) argues that overeducation may be only
apparent, as a consequence of measurement errors due to unobserved heterogeneity. Even if
the returns of overeducation are lower than the returns of required schooling, lower return
rates do not necessarily imply underutilization of human capital. The negative wage effects of
overeducation may be due to self-selection into overqualification. Alba-Ramirez (1993) finds
evidence that the overeducated may substitute surplus education for other forms of human
capital that they lack. In this case observed overqualification is simply a measurement error
due to the presence of statistically unobserved differences in abilities or motivation, or
education quality, or unmeasured skills, or worker preferences (e.g. preference for family-
friendly work schedules). Chevalier (2003) names this measurement error apparent
overeducation, to be distinguished from genuine overeducation. In any case, in terms of
productivity, the theory postulates that if overeducation is only apparent, all workers are
correctly matched.

As stated by Leuven and Oosterbeek (2011), most of the difference in earnings between
overeducated and properly matched workers identified by the previous literature are caused
by a failure to control for unobserved heterogeneity. Other empirical evidences of the key role
of unobserved heterogeneity in explaining the overeducation phenomenon are Leuven and
Oosterbeek, 2011; McGuiness and Bennet, 2007; Bauer 2002). In line with these findings, our
approach explicitly accounts for unobserved heterogeneity and our results support this body
of literature.

Other explanations for overeducation have also been suggested. For example, the career

mobility theory (Sicherman and Galor, 1990), the theory of job competition (Thurow, 1975),
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the assignment theory (Sattinger, 1993), and the theory of differential overqualification

(Frank, 1978). (See Boll et al., 2016, for a survey).

4.3 The overeducation risk by gender

In the literature, the risk to be overeducated may be related either to individual characteristics
on the one hand and to job related outline on the other. However, the specific linkage of these
factors to the overeducation risk is often weak in empirical research (Boll et al., 2016).

We consider individual characteristics first. A substantial determinant of being overeducated
may be a lower level of individual ability. Chevalier and Lindsey (2009) find a negative
correlation between a measure of unobserved ability and the probability to be overeducated.
Also Dolton and Vignoles (2000) and Green et al. (2002) find the same result.

Among individual’s characteristics the role of gender differences has received a large amount
of attention in the literature. As in many countries the share of overeducated workers among
women is higher than among men, econometric studies attempt to isolate the gender effect by
controlling for a large set of related variables in order to discover discrimination, if any.

A slight majority of these studies finds that the effect of gender on overeducation risk is
insignificant (Groot and Maassen van den Brink, 2003; Green and Mclntosh, 2007; Capsada-
Munsech, 2015). Conversely, Alba-Ramirez (1993), Groot (1996) and European Commission
(2012) obtained the result that male employees face a slightly higher overeducation risk, an
effect which is however in all cases only weakly significant. In contrast, Ortiz and Kucel
(2008) estimate that female workers are at significantly higher risk. Robst (2007) finds that

males are more likely to be overeducated due to career-related reasons, while females are
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more likely to be mismatched due to family-related reasons (although he acknowledges the
possibility of reporting bias due to social norms).

These contrasting results could at least in some part be explained by differences in the
measurement methods applied. McGoldrick and Robst (1996) point at this possibility by
comparing estimation outcomes based on an objective measure of overeducation (statistical
distribution) with a subjective one (questionnaires). They find that women are significantly
more likely to experience overeducation than men under the subjective measure, but
significantly less likely under the statistical measure.

Moreover, as Biichel and van Ham (2003) document, these mixed results may be due to the
selection process concerning female labor market participation. On the one hand, a high
reservation wage can induce a female job applicant to turn down low-pay offers with low
qualification requirements, thereby reducing the frequency of overeducation. On the other
hand, some comparatively less demanding jobs especially in administration allow for more
time flexibility than most high-level leadership positions. This fact raises the attractiveness of
these jobs for women, bringing an opposite effect of children on overeducation risk. Without
controlling for self-selection, Biichel and van Ham (2003) find for female workers, a
significant positive impact of the number of children on the risk of overeducation.
Significance however disappears in the Heckman self-selection specification, indicating that
the most relevant effect of children already influences the decision to enter the labor market.
Finally, the risk to be overeducated may be related to both employment sector and job
characteristics.

The existing literature suggests that the risk of overeducation is lower in the public than in the
private sector (Wolbers 2003). Barone and Ortiz (2011) find that countries with a large share
of employment in the public sector display lower overeducation incidence, despite the

prominent expansion of higher education. Strictly related to public-sector employment are the
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contract length and the job tenure. People with fixed term contracts are more likely to work in
positions for which they are overeducated than people with permanent ones. Green and
Mclntosh (2007) as well as Ortiz (2010) find some evidence for a significantly lower
overeducation risk among workers in permanent positions. Moreover, Biichel and van Ham
(2003); Biichel and Battu, (2003); Groot and Maassen van den Brink, (2003); Ortiz, (2010)
and European Commission, (2012) find a significant negative effect of job tenure on

overeducation risk.

5. Decomposing the GPG Accounting for Double Selection

The GPG may arise from differences in personal and job characteristics of working men and
women, or may be the result of disparity in wages that persists when male and female workers
have similar personal and job characteristics. This residual gap cannot be justified on grounds
of productivity, than revealing the presence of gender discrimination.

As we are interested in studying the relationship between overeducation and the GPG, we
focus on the adjusted measures of differences in hourly wages that persist even when
employed women and men are similar with regard to personal and job characteristics.

The standard approach in decomposing the GPG is the Oaxaca-Blinder decomposition
(Blinder, 1973; Oaxaca , 1973; see, e.g. Weichselbaumer and Winter-Ebmer, 2005). The
method divides the wage differential into a part that is explained by group differences in
observable labor market characteristics, such as education or work experience, and a part that
cannot be accounted for by such differences in wage determinants. The latter is the so-called
unexplained part or the adjusted GPG and often used as a measure for discrimination. Yet, it

also includes effects of group differences in unobserved predictors (Blau and Kahn, 2006). =
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Appendix A, we provide details on the econometric model applied. Before estimating and
decomposing the GPG, i.e. applying the standard Oaxaca-Blinder decomposition for the
distinct subsamples (overeducated individuals and properly educated individuals), we
estimate a Mincer-type wage equation separately for men and women (Appendix A.1). Then,
we describe the decomposition method applied (Appendix A.2).

We first check the adequacy of our data to explain differences in wages other than the GPG
and verify the hypothesis that the same type of wage decomposition can capture most of the
differences in productivity that explain the pay gap between groups other than gender
(Overeducated vs. Properly Educated Individuals; Public vs. Private Sector; Full-time vs.
Part-time Employment, Recruitment by Public Contest vs. Recruitment without Public
Contest).

The outcome of paid work either as a properly educated worker or as an overeducated worker
is only observed for a non-random sample. Therefore, the coefficients obtained from Ordinay
Least Squares (OLS) regressions are biased. As the origin of the selection could be related to
earnings one needs to explicitly consider this process in the estimation of the wage equation.
The participation decision may depend on some positive factors such as individual ability,
commitment to paid work, motivation or educational quality, raising both, the probability of
being employed and wages. Yet, it is omitted in the earnings equation as the factors
mentioned above are unobservable in the data. The selectivity bias that stems from not
considering the participation decision may be particularly relevant in Italy given low female
participation in the Italian labor market (see De la Rica et al., 2008; Olivetti and Petrongolo,
2008; Centra and Cutillo, 2009).

Despite the participation decision in general, individuals are also confronted with the decision
whether to accept wage offers for a job for which they are overeducated or to accept only jobs

offers in accordance with their educational level. In this case, sorting into the over- or
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properly educated sample may be a result of differences in unobservable characteristics
between the individuals. Failure to account for this problem may lead to the conclusion that
overeducation signals the incapacity of the labor market to absorb all workers according to
their educational level, i.e. there would be an overinvestment in educational attainment and a
waste of resources. However, this may not be the case when overeducation mainly reflects
unobserved differences in productive characteristics that are unobservable in the data.

Thus, it is important to control for the endogeneity of overeducation in the estimation of the
wage equation because the same unobserved characteristics influencing the overeducation
choice may also affect wages.

The standard empirical framework that neglects selectivity issues generally tends to overes-
timate the negative wage effects of overeducation (Bauer, 2002; Chevalier, 2003). In order to
fully correct the wage equation, we estimate a model with a double selection process, i.e. we
control for both the participation and the overeducation decision. Following the literature, we
extend the Heckman two-stage selection model to include multiple decisions (Dubin and Mc-
Fadden, 1984; Tunali, 1986; Sorensen, 1989; Schmertmann, 1994). Our setup refers to the
case of a censored probit, i.e. partial partial observability according to the definition of Meng
and Schmidt (1985). We follow the literature to identify the participation and overeducation
decision.

In Appendix A.3-A.4, we outline both the estimation procedure of the model with double
selection as well as the identification strategy of the selection equations. We derive the
selection terms, which are then included in the wage regression and present the decomposition
expression when accounting for double selection into the sample (the Oaxaca-Blinder model

with double selection).
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6. Data and Sample Restriction

We use the complete release of the survey ISFOL PLUS from the Italian Institute for the
Development of Vocational Training for Workers (ISFOL). The data was collected in the
context of a joint project with the Italian Ministry of Labor and Social Policy that was started
in 2005. The survey was released up to now for the following years 2005, 2006, 2008, 2010,
2011 and 2014. The project aims particularly at creating a data set for the study of wage
inequality by gender. Hence, it delivers broad information on the personal working profiles
and individual motivation to work as well as on the cultural and territorial background of the
participants (Centra and Cutillo, 2009). ISFOL PLUS covers the whole population with focus
on the working population. The data was collected by means of Computer Assisted Telephone
Interviewing (CATI). One of the main characteristics of the national survey is that only
answers with direct responses were considered, that is no proxies were used. We use the
complete release of panel dimension to study the effect of overeducation on the GPG. There
are new entrants across the releases and through attrition, we lose individuals. Thus, the
sample composition changes. As the transition in and out of overeducation is very low
(approximately one percent), we base the analysis on a pooled regression model and include
dummies for the different releases or years as explanatory variables. The sample is restricted
to individuals that have at least graduated from high school, i.e. enjoyed minimally 13 years
of schooling. This sample restriction is justified by a relatively low risk of overeducation for
individuals with less than high school diploma. In the original sample, there are 120,353
individuals with at least 13 years of schooling or high school diploma.

We also exclude students, pensioners and disabled individuals from the sample because their
job choices are limited (Beblo et al. 2003). Furthermore, we exclude “involuntarily”

unemployed individuals from the sample. We consider as “involuntarily” unemployed those
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individuals self-reporting their unemployment status and answering YES to the question:
Would you be immediately available to work? The aim of this restriction is to form a
homogenous sample of individuals voluntarily out of the labor force and employed
individuals, respectively (Beblo et al., 2003).

We drop also missing observations on other variables of interest. This leaves us with a sample
size 0f 43,178 individual labor-market profiles, whereof 23,726 are female (54.9 per cent) and
19,452 are male (45.1 per cent). In the data 6,775 men (47.5 per cent) and 7,481 women (52.5
per cent) are working in jobs that require less schooling than they actually have (i.e. are
overeducated). Thus, more than one third of the individuals in the sample is overeducated. We
use the logarithm of net hourly wages as dependent variable. The variable is defined as the net
monthly wage perceived divided by the number of actual working hours per month.

Table 1 reports means and standard deviations for some of the explanatory variables used in
the analysis. On average, overeducated workers (both males and females) have lower
schooling, less experience and job tenure. Moreover, overeducated employees are younger
and less often married or parents than properly matched employees. A full list of the variables
used in the analysis along with their definitions and coding is provided in Appendix B, Table

Bl1.

[Table 1 about here|

7. Estimation Results

In this Section we present our estimation results. First of all, we estimate the effects of

overeducation on wages and calculate the incidence of overeducation for both men and

women. We show that the difference in the GPGs between properly and overeducated
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individuals is significant and that the adjusted as well as unadjusted GPG is higher among
overeducated workers. Then, we discuss the results from the model with double sample

selectivity.

7.1 The effect of overeducation on wages and the GPG

Table 2 reports the log of hourly wages for overeducated and properly educated individuals
by gender. The GPG in net hourly wages in the full sample amounts to 4.7 per cent[9]. The
data also show that the GPG is much higher among overeducated workers (9.6 per cent)

compared to properly educated ones (3.5 per cent)[10].

[Table 2 about here]

As our purpose in this paper is to analyze the GPG among overeducated workers as well as
among properly educated workers, we first verify that a statistically significant gap in pay
does not only exist by gender in the respective subsamples (overeducated individuals and
properly educated individuals), but also across them. Hence, we test the hypothesis that the
difference between the GPG among overeducated individuals and the GPG among properly
educated individuals is significantly different from zero. Table 3, column (1), shows that the
coefficient estimate of overfem [11] is negative and statistically significant. The coefficient
estimate is the difference of the GPG between properly and overeducated individuals;
—(ASGPGover — AGPGProper ) = AGPGproper — AGPGover | Given that the difference between the
GPGs among properly and overeducated individuals is highly statistically significant, we

confirm the hypothesis that there is a statistically significant difference in the GPG across the
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subsamples and not merely within each subsample[12]. In order to analyze the GPG among
overeducated individuals and the GPG among properly educated individuals, we estimate a
Mincerian wage equation considering as regressors years of education, actual work
experience, as well as experience squared as an indicator of the diminishing marginal utility
of work experience, job tenure (years with present employer), controls for the firm size as
well as a set of job characteristics (type of contract and non-wage compensatings).
Additionally, we include in each wage equation a set of sectoral and occupational dummies as
well as wave or year dummies. Personal characteristics include family status, nationality,
regional controls and the educational background of the parents. Table 4 reports the effect of
overeducation on the log of hourly wages for the entire sample as well as for the overeducated
and properly educated samples, respectively[13]. The estimated coefficient for over is highly
statistically significant and negative, indicating that being overeducated has a negative effect
on earnings. The wage penalty for overeducation is 4.9 per cent[14]. The coeffcient of the
variable female being negative and significant confirms the usual results in the literature:
being a woman reduces earnings. Here, the female wage penalty amounts to 7.3 per cent. This
penalty is higher in the sample of overeducated individuals (9.6 per cent) and lower in the
sample of properly educated individuals (6.9 per cent). The coefficient for the interaction term
overfem, negative and significant, shows that women receive from being overeducated a wage
penalty of 2.2 per cent. As the effect of overeducation on earnings was found to differ for men
and women, we analyze in the next Section the incidence of overeducation for both men and

women.

[Table 3 about here|

[Table 4 about here]
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7.2 Likelihood to be overeducated

The risk of overeducation may differ for men and women[15]. In the following, we explicitly
test the incidence of overeducation for men and women via tests of proportions as well as
probit regressions. We have found more pronounced wage penalties of overeducation for
women than for men. However, this does not necessarily imply that women are more likely to
be overeducated than men. Table 5, Panel A, shows that in the full sample men are actually
more likely to be overeducated. Panel B of Table 5 confirms this result: being a woman
significantly reduces the probability to be overeducated. This finding is in line with results
from the literature (e.g. Groot, 1996; Cutillo and Di Pietro, 2006; European Commission,
2012) [16]. However, as stated, the results in the literature concerning the overeducation risk
by gender are ambiguous. Different estimation techniques as well as different measures for
overeducation (subjective or objective) may contribute to this ambiguity (McGoldrick and
Robst, 1996). In our sample the incidence of overeducation is higher for men than for women.
Nonetheless, female employees perceive a more pronounced overeducation penalty on

earnings than men (see Table 3 or Table 2).

[Table 5 about here]

7.3 In search of discrimination

In Section 5.1, we have found evidence that overeducation has a negative effect on earnings

and that this negative effect is more pronounced for female workers. In this Section we use

the Oaxaca-Blinder standard methodology to study the GPG and its drivers. Our aim is to
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estimate the GPG all else equal, and to find evidence of gender discrimination in our data (if
any). The two-fold decomposition in Table 6 shows that the endowments or explained
component is negative and significant among overeducated individuals as well as among
properly educated workers. This means that (average) observable female labor market
characteristics are actually better than males' ones. The unexplained or coeffcients part shows
the hypothetical wage gain for women if their own features were remunerated like men's. As
this term is positive and significant for both overeducated and properly educated individuals,
but is higher among overeducated workers, it suggests that gender wage discrimination may
be more important among overeducated workers. The coefficients component among
overeducated employees amounts to 83.4 per cent compared to 66.7 per cent among properly
educated individuals. The unexplained part of the GPG is usually attributed to discrimination,
but it is important to recall that it also captures differences in unobserved characteristics. A
reason for the high fraction of the GPG due to the unexplained part might be that our data is
too poor to capture the differences in observable labor market characteristics that explain the
pay gap between groups. Therefore, we check the adequacy of our data to explain differences
in wages other than the GPG. The results in Table 7 show that the same type of wage
decomposition can capture most of the differences in characteristics that explain the pay gap
between groups other than gender.

For example, available information on individuals and jobs can explain almost 80.0 per cent
of the difference in pay between overeducated and properly educated individuals. The
comparison between several types of wage differentials shows that the GPG is by far the most
unexplained among the considered groups. Hence, the high proportion of the coeffcients

effect in the GPG as well as in the GPG by overeducation is not data-driven.

[Table 6 about here|
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[Table 7 about here]

7.4 Unbiased estimation results

In this Section, we analyze the GPG among overeducated workers as well as among properly
educated workers controlling for selection decisions. The ignorance of individual selection
decisions results in omitted variable bias and endogeneity problems. The estimated correlation
between the error terms of the two binary choice equations considered, p, is statistically
significant if unobserved characteristics such as individual ability influence both choices. We
consider the participation choice and the decision to accept a job that does not match the
individual's qualification level. Indeed, sorting into the over- or properly educated sample
could be a result of observable as well as unobservable differences in characteristics between
the individuals. In our data, p is found to have a positive sign and to be significantly different
from zero for the female sample but insignificant for the male sample (see Table 8) [17].
Females choosing to participate in the labor market tend to choose jobs for which they are
overeducated more often than individuals actually inactive would do if they had decided to
participate. Table 8 shows that relocating significantly lowers the probability of being
overeducated for both men and women. Having children or young children lowers the
participation probability for women but raises the probability of participating in the labor
force for men.

Next, we define and present in Table 9 the values of the four selection variables we consider

in this study, for both men and women: A%%¢", Aﬁ;()per (participation choice) and A9Y¢",

Ag;(’per (overeducation choice), where Over identifies the overeducated sample and Proper

the properly educated sample[18]. The coefficient estimate of A94¢" is positive and
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significant for both women and men indicating that individuals actually out of the labor force

would earn less than their overeducated peers even if they were selected into overeducation.

The coefficient estimate of A?;Operresults statistically insignificant for men but statistically

significant for women. Females out of the labor force would earn less than properly matched
women even if they were selected into a job matching their level of education. Thus, only
women with more favorable unobservable characteristics self-select themselves into the labor
force. Men in employment do not receive a wage gain compared to men out of the labor force.
As expected, the coefficient estimates for the overeducation choice result positive for
overeducated workers and negative for their properly educated counterparts. The coefficient

estimate of A9%¢" is significant and positive for both women and men, while the estimated

. Proper . s . .
coefficient of A, """ is significant and negative for both, men and women. For overeducated

individuals the same unobserved characteristics that raise the probability to be overeducated
also increase wages. In the properly educated sample, the set of unobserved characteristics
increasing the overeducation probability impacts negatively on the wage level. The intuition
behind this positive selection into overeducation is that properly educated workers would earn
more than their overeducated colleagues even if the latter were in a job in line with their
educational background. Overall, our data show that individuals who select into
overeducation obtain lower wages than a randomly chosen individual with a similar set of
observable characteristics.

Finally, we calculate the Oaxaca-Blinder decomposition when accounting for double selection
using estimated coefficients from the earnings equations that have been corrected for
participation and endogeneity bias, respectively. We provide in Table 10 the results of the
Oaxaca-Blinder decomposition with double selection. The differential is again divided in the
following parts: the endowments part, which is explained by differences in explanatory

variables and the coefficients part, which is due to differences in estimated coefficients.
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Additionally, there are the parts accounting for gender differences in selection; Participation
and Overeducation. The component attributed to gender differences in labor market
participation or the participation component is: 8y paAypa — Oppadfpa, With m =
Over, Proper . Analogously, the overeducation component of the GPG is equals to;
SmovAitov — OFovAroy- In the overeducated sample, the selection coefficients for both the
participation and the overeducation component are positive. The overeducation part is
statistically significant and allows to explain almost the entire GPG.

For overeducated individuals, the overeducation decision exerts a strong positive impact on
wages for both men and women (as shown in Table 9). However, the corresponding set of
unobservables, AJV¢" , is more favorable for men, ie. AY’s, > AZ%/. Consequently, the
overeducation component is a net driver of the GPG among overeducated workers. On the

contrary, the overeducation component is statistically significant but negative for the properly

educated sample.

Proper .
The set of unobservables, A, PeT is more favorable for women than for men. The component

reduces the GPG among properly educated workers significantly. Our results show that
controlling for unobserved individual characteristics removes the unexplained component of
the GPG among overeducated workers. Yet, it remains a main driver of the GPG among
properly educated individuals. The endowments effect is still significantly and negative
working towards a closure of the gap for both over- and properly educated individuals.

As our results show that the discriminatory component in the Oaxaca-Blinder decomposition
of the GPG disappears among overeducated workers but remains significant among properly
educated ones also when controlling for double selection, we further investigate why
overeducation can fight gender discrimination in pay whereas a proper match fails to do so.
Overeducated female workers compensate with a higher educational attainment their lower

level of ability, motivation or educational quality. Their set of unobservables is lower than
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that of women in the properly educated sample and lower than that of overeducated men.
Consequently, overeducation is a signaling device for women spending their useless-for-the-
job diploma to inform employers on their true productivity and thereby fights gender wage
discrimination. For both men and women, overeducation allows to compensate for differences
in unobserved heterogeneity compared to their properly educated peers and thus is a first best
matching for overeducated workers. On the contrary, even though among properly educated
workers, women have more favorable sets of unobservables compared to their male peers, the
discriminatory part remains a main contributor to the wage gap. As the level of education
attained is required for the job performed, the signaling effect is less clear and hence does not

allow to overcome gender discrimination.

[Table 8 about here|

[Table 9 about here]

[Table 10 about here]

8. Discussion

The literature shows that the risk of overeducation may differ by gender, and in many
countries the share of overeducated workers among women is higher than among men. Hence,
we first of all test the incidence of overeducation by gender in our data. We find that women
are less likely to be overeducated than men, as in Alba-Ramirez (1993), Groot (1996), Cutillo

and Di Pietro (2006) and European Commission (2012). The method applied for
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overeducation assessment does not help to explain our result, because women are significantly
more likely to report overeducation under the subjective measure, as in our data, than under
the objective measure (McGoldrick and Robst, 1996). Conversely, a possible explanation for
the lower female probability to be overeducated is the higher concentration of best educated
females in the public sector. As the literature shows that the risk of overeducation is lower in
the public than in the private sector (Wolbers, 2003; Barone and Ortiz, 2011), the higher
concentration of female employment in the public sector may help to explain women’s lower
risk to be overeducated. Another possible explanation consistent with our results may be as
follows: We show in our analysis that overeducated workers possess lower unobservable
characteristics compared to properly educated individuals. Moreover, women voluntarily out
of work possess lower unobservable characteristics compared to working women, too. As we
find that less productive men self-select mainly into overeducation, while less productive
women split up either into overeducation or out of the labor force (e.g. housewives not
available to work), we receive, as a consequence, that men are more likely to be overeducated
than women. In line with these results, Robst (2007) finds that men are more likely to be
overeducated due to career-related reasons, while women are more likely to be mismatched
due to family-related reasons. Also Biichel and van Ham (2003) document the selection
process concerning the labor market participation of overeducated women. On the one hand, a
high reservation wage can induce a woman to turn down low-pay offers with low
qualification requirements, thereby reducing the overeducation probability. On the other hand,
some less demanding jobs, especially in administration, allow for more time flexibility than
most high-level positions. The attractiveness of these jobs is higher for women, in so
increasing their overeducation risk.

Second, we show that the effect of overeducation on earnings differs for men and women. By

estimating a Mincerian wage equation we find that the wage reduction for being a woman
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amounts to 7.3 per cent. This penalty is higher in the sample of overeducated individuals (9.6
per cent) and lower in the sample of properly educated (6.9 per cent). These results suggest
that overeducation may be an important driver of the GPG in Italy.

Our data show that the GPG is higher among overeducated workers compared to properly
educated (9.6 per cent vs. 3.5 per cent). Therefore, we investigate why overeducation leads to
higher disparity in pay between women and men. By applying the Oaxaca-Blinder
methodology to study the drivers of the GPG we find that women possess better observable
characteristics than men, but get lower reward for these characteristics in both the over- as
well as the properly educated sample. In our data, the explained component of the GPG halves
among overeducated workers compared to properly educated (16 per cent vs. 33 per cent),
and the unexplained component exceeds eighty per cent in the overeducated sample (83 per
cent vs. 67 per cent). Hence, we inquire why overeducation leads to an increase of gender
discrimination in pay.

We know from the literature (e.g. Leuven and Oosterbeek 2011) that most of the difference in
earnings between overeducated and properly educated workers are caused by a failure to
control for unobserved heterogeneity. Chevalier (2003) argues that not all workers with a
given educational qualification are perfect substitutes due to unobserved heterogeneity.
Empirical evidences of the key role of differences in personal characteristics such as innate
ability, school quality and on the job training, motivation and commitment to paid work, in
explaining the overeducation phenomenon are in Bauer (2002), Chevalier (2003), Cutillo and
Di Pietro (2006), McGuiness and Bennet (2007), Pecoraro (2016).

In order to consistently estimate the gender-specific wage equations, we apply a bivariate
selectivity model to simultaneously account for both the participation bias and the
endogeneity bias (as in Tunali 1986; Sorensen 1989; Cutillo and Di Pietro 2006). Our results

show that the GPG is mainly explained by the overeducation componente. We present the
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estimates of four selection variables: two for the participation choice (male and female
sample), and two for the overeducation choice (male and female sample). The coefficients for
the participation choice in the overeducated sample, positive and significant for both men and
women indicate that individuals actually out of the labor force possess lower unobserved
characteristics, and would earn less than their overeducated peers, even if they were selected
into overeducation. Also the coefficient estimates of the overeducation choice result positive
and significant for both men and women indicating that overeducated workers possess lower
unobserved characteristics, and would earn less than their properly educated peers, even if
they were in a job matching their level of education. Conversely, as expected, the coefficient
estimates of the overeducation decision for properly educated workers are negative and
significant for both men and women.

While previous studies find that overeducation does not matter for explaining the GPG, we
find that the overeducation choice is an important driver of the GPG. Moreover, we find
significant differences in the GPG between over and properly educated individuals.

Boll and Leppin (2013) estimate the incidence of overeducation among German graduates
following the realized matches approach and accounting for omitted variable bias. They find
that overeducation induces severe wage losses compared to properly matched graduates (as in
our data). They also find that the losses are even more pronounced for women (as in our data).
Though overeducation does not contribute to the observed gender wage gap in their analysis,
their results show severe selection effects, particularly with regard to women, due to
unobserved heterogeneity. That is, female graduates are to a higher extent than their male
counterparts subject to selection processes which themselves are driven by unobserved
personal traits. Also in our data, when accounting for participation bias and endogeneity bias,
the unexplained component of the GPG vanishes, and overeducation is found to merely reflect

unobserved differences in personal characteristics.
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Li and Miller (2012) use data from the Graduate Destination Surveys of alumni from
Australian universities, and use either the job analysis approach or the realized matches
approach to assess the educational mismatch. Their results show that the incidence of
overeducation is higher for males than it is for females (as in our data). They also find that
overeducation effects account for only a negligible portion of the GPG. However, the Oaxaca-
Blinder- decomposition reveals sorting effects for males and females in their data, too.
Moreover, it is worth noting that the results of Li and Miller (2012) may be affected by a
young age effect that decreases the female wage disadvantage. Indeed, they consider only
individuals four months after the completion of a qualification, when graduates are young,

while the GPG is larger in the older age groups (Eurostat, 2016b).

9. Conclusion

In this paper we explicitly consider the effect of the overeducation choice on the GPG in Italy.
The case of Italy may be of particular interest for the study of overeducation, given that on the
one hand, a large share of individuals is overeducated, while on the other hand, the share of
individuals with tertiary education is among the lowest in the European Union. This is
important for policy issues. If overeducation indicates the incapacity of the Italian labor
market to absorb all the newly graduates, there is an overinvestment in education and a waste
of resources. Yet, this may not be the case if overeducated workers possess low productive
characteristics and try to compensate their lower level of productivity by more investment in
education in order to increase their employment probability. Our results show that this is the

case, in Italy. Overeducation simply compensates for lower productivity levels, there is no
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waste of human capital, the need for greater investments in higher education is not limited,
and the share of individuals with tertiary education may grow.

This conclusion is even more important for women, as their share among graduates is high
and growing in Italy, and the wage penalty for overeducation is higher in the female sample.
Overall, controlling for unobserved heterogeneity, we find that women possess better
observed characteristics than men and get the same reward as men for these characteristics in
the overeducated sample. That is, controlling for unobserved characteristics removes all the
unexplained component of the GPG. The part usually attributed to discrimination, i.e. the
coefficients effect, vanishes, and the whole difference is explained by the endowments (a
small part) and the overeducation component (the big part).

As in the overeducated sample, also in the properly educated sample women possess better
observed characteristics than men. However, in contrast with the overeducated sample, the
coefficients effect remains significant even when controlling for unobserved heterogeneity in
the properly educated sample. Our results also show that, contrariwise to women self-
selecting into overeducation, properly educated women possess a better set of unobservable
characteristics compared to their male peers. These better unobservable characteristics reduce
the unexplained part of the GPG by a non negligible fraction (from 67 per cent to 54 per cent),
but a substantial gender discrimination remains among properly educated workers. Hence, we
inquire why overeducation can fight gender discrimination in pay whereas a proper match
fails.

A possible explanation is that by their higher educational attainment overeducated women
signal their actual, though comparably lower productivity levels to employers and overcome
statistical discrimination. Their wages are lower than men’s because their either observable or

unobservable characteristics are lower than men’s. However, they suffer no gender
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discrimination as they receive the same reward as men for their endowments due to their
signaling activity.

In the statistical discrimination framework, employers use average characteristics of groups to
predict individual worker productivity. In this context, the education level can be seen as a
proxy for unobserved positive individual characteristics, such as productivity (Arrow 1972).
As Livanos and Nuiiez (2012) argue, discrimination arises from an adverse selection problem
where the hidden information is women’s commitment to professional career. In that case,
education may act as a signal to employers, that is as a proof of future commitment of female
workers to their careers. If the educational level is an effective signal of workers’
commitment, then gender discrimination towards females among overeducated females
should be lower.

For example, in absence of any signal, the employer could assess the impact of low
commitment on productivity by observing females’ choice between career and family tasks.
In that case, the employer might impose the same wage penalization to all female workers,
regardless of whether they are actually committed to their career or not. As this information
remains private, employers only can rely on observable signals, such as the education level, in
order to differentiate their wage offers. As higher education requires a certain level of
investment, dedication and effort, employers consider women with higher levels of education
to be less likely to abandon their jobs in the case of marriage or child-birth (Livanos and
Nufiez, 2012). This should be the case in our data, while we expect that among the properly
educated workers the signaling effect is less clear, because education also features human
capital skills required for the job.

Our data show that overeducated men and women possess worse unobservable characteristics
than individuals in the properly educated sample. Moreover, overeducated working women

possess worse unobservable characteristics than overeducated men. However, overeducated
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women (not men) are better than out of employment individuals. The latter may be the signal
send by overeducated women: They possess some valuable though unobservable
characteristics, and are available to work.

We draw the conclusion that overeducation is, first, the first best matching for individuals
(both men and women) compensating with more education their lower levels of productive
characteristics. Second, it may be a signaling device for women spending their useless-for-
the-job diploma to inform employers on their valuable though unobservable productive
characteristics, in so fighting gender wage discrimination.

These findings support further investment in education as a tool of eliminating discrimination
in the labor market. Moreover, as females are less overeducated than males despite their
larger representation in higher education, there should not be concern that expanding higher
education will disadvantage females.

It is worth noting, however, that to the extent that education above the required level does not
increase productivity enough to compensate for their cost, public investment leading to
overeducation will be inefficient. This is the reason why, as suggested by Kedir et al. (2012),
a severe limitation of the overeducation literature, and a possible limit of our study, too, is the
potentially confounding effects of educational signals, that is, we do not know whether the
returns to overeducation are the consequence of increases in productivity or rewards to
educational signals. Moreover, further research could include in the analysis information
associated to education but not available in our data, such as the field of study, the student’s
performance and the postgraduate credentials. Such information will permit a more precise
control of the heterogeneity among overeducated workers, and confirm whether or not there is

gender discrimination in pay.
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Notes

1. See Boll et al. (2016) for a survey.

2. See Authors (2013) for a survey.

3. As in Cutillo and Di Pietro (2006).

4. Following the literature (e.g. Leuven and Oosterbeek 2011) we exclude from the sample
individuals with less than high school diploma because their likelihood to be overeducated is
very low. Other studies on overeducation in Italy find that about 30.0 per cent of university
graduates are overeducated. For example; Cutillo and Di Pietro (2006); Croce and Ghignoni
(2015).

5. This distinction has relevant policy implications in Italy, where a high percentage of the
population claims to be overqualified but not simultaneously overskilled. This “somehow
questions the ability of the education system to provide the necessary skills for the jobs
currently available in the labor market” (Flisi et al. 2014, p. 5)

6. In the years 2004-2012, the GPG calculated on the net hourly wage for dependent
employment varies from 4.8 per cent to 7.9 per cent, while the gross monthly wage ranges
between 22.4 per cent and 25.8 per cent (Ceccarelli and Cutillo, 2015).

7. In the same year, the raw GPG was 16.2 per cent in Europe and 7.2 per cent in Italy
(Eurostat, 2016b).

8. Freeman (1976) was one of the first economists to express concern about the potential
problem of overinvestment. He found that in a situation of excess supply, graduates might
increasingly be forced to accept non-graduate jobs.

9. This value is slightly lower than that estimated by Eurostat (2016b) in the period 2005-
2014 (5.6 per cent). This is because we keep also the self-employed, while Eurostat considers

only employees in enterprises with more than 10 employees.
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10. Also, Cutillo and Di Pietro (2006) find a lower pay gap for properly educated workers
relative to overeducated workers in Italy.

11. Overfem is the interaction of the dummies female and over. The dummy over takes the
value 1 if the individual's educational qualification is not a prerequisite to perform his or her
current job and zero if the individual holds the level of education required to perform his or
her current job.

12. The coefficients of female in column (2) and (3) of Table 3 represent the negative of the
GPGs, ie. ﬂifemale = —(ASPGi), wherei = Over, Proper and A%PSi = In(W,, ) —
In(W; ), for the respective subsample.

13. The full regression output is shown in Table C1 in Appendix C. Table C2 in Appendix C
shows the regression output by gender and over- or proper education.

14. Cutillo and Di Pietro (2006) find a wage penalty of 4.4 per cent associated with
overeducation in a sample of university graduates; McGuinness and Sloane (2010) find a
wage penalty of 4 per cent for young university graduates. Caroleo and Pastore (2016) find a
wage penalty of 12 per cent for university graduates five years after graduation.

15. In Section 5.4, this non-random selection process is accounted for by adjusting the
estimation results for double selectivity into the labor force as well as into overeducation.

16. For example, Cutillo and Di Pietro (2006) also find a negative and statistically significant
effect of women on the overeducation probability.

17. Table D1, Appendix D, shows the full regression output for the bivariate probit of the
participation and overeducation selection equations.

18. We present in Table D2, Appendix D, the full regression output with the selection

correction terms. In the following, for notational simplicity; A = Aand § = 8.



Tables

Table I: Descriptive Statistics

) @ S @
Overeducated Sample Properly Educated Sample
Variables Mean Std.Dev. Mean Std.Dev.
Female 0.525 049 0.562  0.496
Age 3590 11.80 4150 1273
Schooling 13.66 1244 1426 1480
Exper 1452 11.62 1894 12.55
Tenure 9367 9.953 1440 12.07
Manager 0.080 0.271 0.330 0470
Intermed Prof 0466 0.499 0.549 0498
North 0477 049 0467 0499
Centre 0216 0411 0.192  0.394
Italian 0.988 0.108 0.996  0.0651
Married 0445 0497 0.576  0.494
Kids 0440 049 0.568  0.495
Kids 3 0.282 0450 0291 0454
Reloc 0.050 0218 0.080 0271

Observations 14,256 28,922




Table 2: Log of Net Hourly Wages in Euro and Raw GPG in per cent

(1) 2) 3)
Full Sample Overeducated Properly Educated
Sample Sample
In(Wyir ) 2.109 1.938 2.194
Observations 43,178 14,256 28,922
In(W,, ) 2.135 1.988 2.214
Observations 19,452 6,775 12,677
In(W; ) 2.088 1.892 2.178
Observations 23,726 7,481 16,245
Raw GPG 1n per 47 9.6 35

cent
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Table 3: OLS Estimates of Log Hourly Wages with Dummies female, overeducation and overfem

(1) 2) 3)
Variables Full Sample Overeducated Sample Properly Educated Sample
female -0.036*** -0.096*** -0.036***

(0.006) (0.008) (0.006)
over -0.226***

(0.007)
overfem -0.060***

(0.010)
Year Dummies Yes Yes Yes
Observations 43,178 14,256 28,922
R-squared 0.065 0.023 0.005

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1



Table 4: OLS Estimates of Log Hourly Wages
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(1) ) 3)
Variables Full Sample Overeducated Sample Properly Educated Sample
over -0.050***

(0.006)
female -0.076*** -0.101*** -0.072***

(0.005) (0.008) (0.006)
overfem -0.022***

(0.009)
Year Dummies Yes Yes Yes
Sectoral Dummies Yes Yes Yes
Observations 43,178 14,256 28,922
R-squared 0.336 0.191 0.352

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1



Table 5: Risk of Overeducation, by Gender
(a) Panel A: Tests of Proportions by Overeducation

(1)
Full Sample

Proportion Male Sample

0.348

Observations 19,452
Proportion Female Sample 0.315
Observations 23,726
Difference 0.033
HO: diff =0

Test statistic 7.252
P-value 0.000
H1 : Difference > 0 1.000
P-value

H1 : Difference <0 0.000
P-value

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1
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Table 5: Risk of Overeducation, by Gender
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(b) Panel B: Likelihood of being female on Overeducation - Probit Estimation

€Y) (2)
Variables Full Sample
Reduced Full Regression
female - 0.090*** - 0.114%**
(0.013) (0.013)
Age -0.020***
(0.001)
Schooling - 0.165%**
(0.005)
North 0.019
(0.015)
Centre 0.113***
(0.018)
Italian -0.585%**
(0.078)
Married 0.018
(0.016)
Homeowner -0.108***
(0.018)
Max D Mark -0.394%%** -0.222%**
(0.018) (0.033)
Work Climate 0.023**
(0.009)
Work Time -0.013
(0.009)
Work Task -0.199***
(0.010)
Work Stab -0.056***
(0.007)
Reloc -0.217***
(0.027)
Constant -0.394%%** 4.148***
(0.018) (0.114)
Year Dummies Yes Yes
Observations 43,178 43,178

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1



Table 6: Decomposition of the GPG by Sample

(1 (2)
Overeducated Sample Properly Educated Sample
Differential
In(W,,) 1.988*#* 2.214%**
(0.006) (0.005)
In(W;) 1.892%** 2.178***
(0.005) (0.004)
Difference 0.096%** 0.035%**
(0.008) (0.006)
Decomposition
Endowments -0.024*** -0.035%**
(0.008) (0.006)
Coefficients 0.121%** 0.070%**
(0.010) (0.008)
Coefficients in %
(Absolute Value) 83.4 66.7
Observations 14,256 28,922

Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1
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Table 6: Decomposition of the GPG versus Other Pay Gaps
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(1) (2) 3) 4) (5)
Recruitment by
Properly Public  Contest
Men vs. Educated vs. Public vs. Private Full time vs. .
. vs. Recruitment
Women Overeducated Sector Part-time . .
T without  Public
Individuals
Contest
Differential
ln(WGroupO) 2.135%%* 2.194%%** 2.334%%* 2.130%*** 2.373%%*
(0.004) (0.003) (0.003) (0.003) (0.003501)
ln(WGroup 1) 2.088%** 1.93%** 1.949%** 2.018%*%** 1.971%**
(0.003) (0.004) (0.003) (0.006) (0.002936)
Difference 0.047*** 0.256%** 0.384%%** 0.111%*** 0.402%***
(0.005) (0.005) (0.005) (0.007) (0.004569)
Decomposition
Endowments -0.044%** 0.200%*** 0.315%%* 0.171%*** 0.286%**
(0.005) (0.004) (0.009) (0.004) (0.010879)
Coefficients 0.091*** 0.056%*** 0.070*** -0.059*** 0.116***
(0.006) (0.005) (0.010) (0.006) (0.011515)
Coefficients in %
(Absolute Value)
Observations 43,178 43,178 43,178 43,178 43,178

Robust standard errors in parentheses

4% 5<0.01, ** p<0.05, * p<0.1
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Table 8: Bivariate Probit Results: Instruments and Correlation Coefficient for the Participation and

Overeducation Decision

(1 2 3) “4)
Female Sample Male Sample
Variables Overeducation Participation Overeducation Participation
Reloc -0.228*** -0.214***
(0.041) (0.035)
Kids -0.449*** 0.147**
(0.037) (0.074)
Kids 3 -0.259*** 0.055
(0.030) (0.092)
p 0.165*** 0.529
(0.064) (0.440)
Year Dummies Yes Yes Yes Yes
Sectoral Dummies No No No No
Observations 31,516 31,516 21,075 21,075

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1



Table 9: Selection Variables, Definition and Values
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Panel A

Overeducated Sample (1) 2)
Female Sample Male Sample

Ayer 0.094** 1.318%*

measures the selection bias from the participation (0.044) (0.546)

decision for overeducated individuals

Aoy 0.498 078

measures the selection bias from the overeducation (0.120)

. T (0.135)

decision for overeducated individuals

Observations 7481 6.775

Panel B

Properly Educated Sample 1) 2)
Female Sample Male Sample

ApnoPer 0.049%* 0.047

measures the selection bias from the participation (0.022) (0.157)

decision for properly educated individuals

Aproper 20,351 20,2607+

measures the selection bias from the overeducation (0-083) (0.095)

decision for properly educated individuals

Observations 16.245 12,677

Robust standard errors in parentheses
*#% p<0.01, ** p<0.05, * p<0.1
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Table 10: Oaxaca-Blinder Decomposition of Gender Log Hourly Wage Gap adjusted for Double

Selection by Overeducation

(1) ()
Overeducated Sample Properly Educated Sample
Difference 0.096%** 0.035%**
(0.006) (0.008)
Decomposition
Endowments -0.024%** -0.033#**
(0.007) (0.006)
Coefficients -0.070 0.186%**
(0.066) (0.029)
Participation 0.010 0.004
(0.013) (0.012)
Overeducation 0.180%** -0.121%**
(0.060) (0,029)
Coefficients in %
(Absolute Value) 24.6 54.1
Overeducation in %
(Absolute Value) 63.4 42.6
Observations 14,256 28,922

Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1
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Appendices
Appendix A

Table A1: Descriptive Statistics

(O RN G @ 6 © O & © 1 ay (J12) 313 14 d4s a6 A7 (18)

Full Overeducat Properly Full Overeducate Properly
Properl Sample ed Sample Educated Sample d Sample Educated
Full Overeducat perty Sample Sample
Sample ed Sample Educated
Sample
Female Female Female Male Male Male
Sample Sample Sample Sample Sample Sample
Me Std. Me Std. Me Std. Me Std. Me Std. Me Std. Me Std. Mea Std. Me Std.
Variable an Dev. an Dev. an Dev. an Dev. an Dev. an Dev. an Dev. n Dev. an Dev.
Log of
Hourly 20 051 19 046 21 051 20 052 1.8 048 2.1 051 20 050 196 044 2.1 0.51
Wage 75 1 21 3 76 6 60 1 76 0 66 3 93 0 4 1 8 9

13. 264 11. 295 13. 206 13. 253 12. 296 14. 193 12. 272 115 290 13. 2.19
Schooling 06 4 83 2 86 4 35 6 14 7 05 4 74 3 4 7 62 1
Maximum 0.0 020 0.0 0.13 00 024 00 023 00 015 0.0 026 00 0.17 000 0.09 0.0 021
D_Mark 452 8 172 0 634 4 563 1 246 5 746 3 327 8 999 94 495 7

03 047 02 045 03 048 03 048 03 046 03 048 03 047 026 044 03 048
Eng Skill 46 6 87 2 8 7 60 0 1 3 87 17 32 1 3 0 82 6

8. 127 17. 128 19. 126 16. 120 15 11.7 17. 121 19. 132 189 135 20. 13.0

Exper 36 3 12 1 17 2 95 4 20 1 97 1 94 9 7 2 65 7
12. 116 10. 10.6 14. 120 11. 109 87 922 13. 115 14. 122 123 11.6 15 124
Tenure 9% 5 59 8 50 0 69 5 9% 2 36 0 39 4 2 5 91 4
04 050 04 050 04 050 04 049 04 049 04 049 05 049 051 050 05 049
Extra Hours 92 0 84 0 98 0 62 9 55 8 66 9 27 9 2 0 37 9
05 049 05 050 05 049 05 049 05 049 06 048 05 049 048 050 05 049
Married 58 7 07 0 91 2 76 4 27 9 04 9 38 9 7 0 76 4
05 049 05 049 05 049 05 049 05 049 06 048 05 049 050 050 05 049
Kids 74 5 35 9 9 0 9 0 64 6 19 6 45 8 6 0 73 5
00 026 00 026 00 027 01 030 0.1 030 0.1 030 00 021 0.04 021 00 021
Kids 3 775 7 754 4 789 0 03 4 02 3 03 4 491 6 96 7 488 5
39. 127 37. 123 41. 127 39. 119 36. 112 40. 120 41. 135 388 132 42. 134
Age 98 3 64 8 50 3 05 0 42 3 56 2 03 3 1 9 67 7
Observation

s 74,540 29,329 45,211 39,420 14,407 25,013 35,120 14,922 20,198




58

Appendix B

Methodological Issues

In this section, we outline the estimation procedure. Before estimating and decomposing the
GPQG, i.e. applying the standard Oaxaca-Blinder decomposition, for the distinct subsamples
(overeducated individuals and properly educated individuals), we estimate a Mincer-type
wage equation separately for men and women. Then, we describe the decomposition method
applied. Next, we derive the selection terms, which are then included in the wage regression
and present the decomposition expression when it is accounted for double selection (the

Oaxaca-Blinder model with Double Selection) into the sample.
B.1. Wage equation

Consider the following model of wage determination:
In(W)) = X;B+7vS: +¢ (D

with i = 1, ..., N and where In(W;) is the logarithm of net hourly wages, £ is a K X 1vector
of coefficients including the intercept, and X; is a K X 1 vector of observable individual labor
market characteristics such as schooling, work experience or tenure. S; is a dummy for
overeducation® and y is the corresponding coefficient. The error term is described by &;.

In order to analyze the effect of overeducation on wages, the wage model (1) is evaluated at

the mean by OLS, separately for men and women:

In(W;) = XBe +veSe )

with G = M, F; G = M identifies the male sample and G = F identifies the female sample.
In(W) is the logarithm of net hourly wages evaluated at the mean, f; is a K X 1vector of

coefficient estimates including the intercept and X, is a K X 1 vector of average observable

labor market characteristics. S; is a dummy for overeducation.

*.ie.S; = 1 ifthe individual is overeducated and zero otherwise.
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In order to estimate the GPG for the distinct subsamples (overeducated individuals and

properly educated individuals), the basic wage model evaluated at the mean becomes:
mm = Xg / ﬁén 3)

with m = Over, Proper; m = Over is for overeducated individuals and m = Proper is for

properly educated individuals.

B.2. The Oaxaca-Blinder Model

Starting from equation (3) and using the implicit assumptions in Oaxaca (1973) and Blinder

(1973) we decompose the wage differential in three distinct parts; endowments, coefficients

and interaction components® :

(W)™ — In(W)™ = X2 pm — xm pm
= (X—Xm) pm 4 X0'(4m — pm) @

+ (X =Xy (B - g

where In(W;)™ is again the logarithmic net wage evaluated at the mean for the respective
subsample, G = M, F and m = Over, Proper , with X2 and B2 being (K X 1) vectors of
average characteristics and the corresponding estimated coefficients. The first term is the
“endowments” (or “characteristics”) effect that evaluates the GPG in terms of characteristics
at the rate of return of female characteristics.

The second term is the “coefficients” effect evaluating the GPG in terms of differences in
returns given female observable labor market characteristics. As the same endowments should

have the same effect on earnings for both, men and women, coefficients should not differ by

>~ As Jones and Kelley (1984) show, the use of the pay structure of the higher earnings group as the non-
discriminatory norm, i.e. male in the underlying case, in a two-fold model is equivalent to adding the interaction
term for the three-fold model to the endowment component. Similarly, the use of the pay structure for the low
earning group in the simple decomposition is equivalent to adding the interaction term for the three-way model

to the discrimination component (Li and Miller 2012).
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gender, which is why this term is often referred to as the “unexplained” part of the GPG. If
the GPG depends mainly on differences in coefficients, i.e. differences in remuneration across
gender, this may indicate the presence of gender discrimination.

The last term in equation (4) is the “interaction” effect that takes the simultaneous existence
of differences in endowments and coefficients by gender into account. A negative interaction
effect means that characteristics for which women have a lead over men pay off less for

women than for men given higher male remuneration (Winsborough and Dickinson 1971).
B.3. Selection Rules

Endogeneity arises from correlation of S; with the error term ¢;. Thus as long as
corr(S;, &) # 0, unobservable individual characteristics influence the decision to accept a
job offer for which the individual is overeducated and OLS techniques lead to inconsistent
estimates of the wage model (1).

Despite problems of endogeneity, non-randomness of the sample leads to sample selection
bias. A non-random sample may occur as we observe only those individuals actually
participating in the labor market but not those out of the labor market.

In order to account for sample selection and endogeneity bias, we set up two selection rules;
one for the decision to participate in the labor market or not and one for the decision to accept
a wage offer for which the individual is overeducated or not. The selection rules are described

by the following relations:

Participation Selection: Yipares = Zi¥ + Ui parti ©)

* — !
Overeducation Selection: Yiover = Qi@ + Uj gper (6)

where Y[ p,,; represents the unobserved indexes of utility that individual 7 uses to make the
decision to work or not and Y., represents the unobserved indexes of utility that individual
i uses to make the decision to be overeducated or not; with Z; and Q; being (K, X 1) and
(Kg X 1) vectors of explanatory variables, respectively, and u; are assumed to be N(0,1)

with Cov(uParti' uOver) =p.
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Each equation describing the selection rules should include at least one variable that
influences the decision to participate in the labor market but is uncorrelated with wages, and
at least one variable that influences the overeducation decision but is uncorrelated with wages.
Moreover, these two instrumental variables must be mutually independent. We use a dummy
for “participation of the partner” as an instrument to identify the participation decision. If one
partner is inactive, the probability that the other works is higher, in order to ensure a family
income. The same holds for single households; singles have higher probability to participate
in the labor market in order to ensure their income. The dummy for “participation of the
partner” is one if the partner of the individual works and zero if the partner does not work the
individual has no partner. This is in line with the finding in the literature that the decision to
work is strongly correlated with spousal income (Devereux, 2004; Bar et al., 2015).
Additionally, we use the “Age5064” indicating whether the individual is aged between 50 and
64 years or not as a proxy for the last stage of the career. Both variables are excluded from the
earnings and overeducation equation as they are assumed to affect the individual propensity to
participate in the labour market only.
For identification of the overeducation decision, we use variables measuring the “level of
satisfaction” with the job as instruments. The probability of accepting a job as overeducated
increases if the work is satisfactory and provides career opportunities. Yet, it is exogenous to
the wage level. In particular, the level of satisfaction with the retribution, development and
work prospective at the current job are included in the overeducation selection equation only.
Moreover, we add the dummy identifying whether the individual holds a citizenship other
than Italian to the overeducation selection rule only as foreigners might have higher
propensity to accept wage offers as overeducated.
After having estimated the bivariate probit for the participation and overeducation selection
equations, we interpret the estimated correlation between the error terms of these two binary
equations, p.
The probabilities of observing a positive labor income as overeducated or properly educated
worker are given below:

Pr (Yparei > 0, Yoper > 0) = Pr (Upgrei > Z'Y, Ugyer

> = Q') = GZv,Q'ap) @



62

Pr (Y;arti > O' ster < O) = Pr ( Uparti > Z/'Y' Uoyper
! ! ! 8
- Qo) = G(Z7,~Qo, — p) ®)

where G(.) is the standard bivariate normal distribution and p is the correlation coefficient
between the two selection rules. Under the assumption that the two selection rules are not
independent, that is p # 0, maximum likelihood of the bivariate probit leads to the following

selection terms for the overeducated sample, m = Over:

. Qa— pZy
f(Zy)F l—l
! V(A —p?)

Marii = / )
G(Zv, Qo p)
Q o
f(Q' (x)Fl —0
19 = = 10
G(Zv,Qu, p)
Similarly, for the subsample of appropriately educated workers, m = Proper, the

corresponding selection terms are given by:

A v
f(Z'y)F l =2 pay
xPropfer — vV (1 - (11)
Parti G(Z Y' Q'(X, _ p)
— (Q'a)F [ pQ ¢
xProper _ vV (1 — (12)
over G(ZY, —Qa, - p)

where f(.) is the standard normal density, while F(.) is the standard normal distribution and p

1s the correlation coefficient between the two selection rules.
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Adding the selection terms Apg,,+; and Agye, to the earnings equations in (3) allows us to
consistently estimate the earnings for the overeducated and properly educated subsamples,
respectively (Lee 1983; Tunali 1986) and yields the following augmented model of wage

determination:

— _am o s m= m s m ~ m (13)
ln(WG)m = Xgl ﬁG + 8G,Parti xG,Parti + 8G,Over xG,Over

where m = Over, Proper and G = M, F.

B.4. The Oaxaca-Blinder Model with Double Selection

The estimated components of the standard Oaxaca-Blinder decomposition may change when
controlling for double selection. When accounting for double selection in the sample, the

decomposition expression (4) becomes the following:

In(Wy)™ — In(W)™ = XPpm  — Xmpm

= XP-XP)H)pr+ Xp(Br-pr) +
. . . 15
K%y (B —pr) + (15)

m

~ m — ~ m — m
(SM,Parti xM,Parti - 8F,Parti xF,Parti )+

m

~ m — ~ m — m
(SM,Over xM,Over - 8F,Over xF,Over )

Despite, the endowments, coefficients and interaction component, there is now also a
component due to differences in the participation and overeducation decision by gender,
respectively. The latter two components control for otherwise unobserved factors leading to
the decision to participate in the labor market or not and to accept a job offer for which he or

she is overeducated or not.
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Table C1: OLS Estimates of Log of Net Hourly Wages
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M (2 3) (C)) (C)) (%)
Variables Full Sample Female Sample Male Sample Full Sample Overeducated Properly Educated
Sample Sample
overeducation -0.024%** -0.053%** -0.041%**
(0.004808) (0.005391) (0.004995)
oversex -0.048%**
(0.006569)
female -0.040%** -0.060%** -0.091%** -0.043%**
(0.004271) (0.003389) (0.005344) (0.004391)
Schooling 0.040%** 0.042%** 0.036%** 0.041%*%* 0.025%** 0.055%**
(0.000854) (0.001300) (0.001128) (0.000848) (0.001179) (0.001249)
Maximum D Mark 0.058*** 0.048%** 0.067%** 0.058%** 0.039%* 0.043%**
(0.008696) (0.010291) (0.016003) (0.008714) (0.019711) (0.009655)
Eng_Skill 0.014%** 0.015%** 0.015%** 0.014%%* 0.029%** 0.009%*
(0.003782) (0.005115) (0.005620) (0.003785) (0.006349) (0.004683)
Exper 0.017%** 0.016%** 0.020%** 0.017*** 0.012%** 0.020%**
(0.000646) (0.000899) (0.000938) (0.000646) (0.000979) (0.000858)
Exper2 -0.000%** -0.000%** -0.000%** -0.000%** -0.000%** -0.000%**
(0.000014) (0.000019) (0.000020) (0.000014) (0.000021) (0.000018)
Tenure 0.003%** 0.003%** 0.003%** 0.004%** 0.003%** 0.003%**
(0.000239) (0.000339) (0.000339) (0.000239) (0.000356) (0.000324)
Kids 0.004 0.003 0.009 0.005 -0.003 0.011*
(0.004460) (0.006057) (0.006657) (0.004467) (0.006908) (0.005784)
Kids 3 0.033%** 0.036%** 0.022%* 0.034%%* 0.029%** 0.034%**
(0.006384) (0.008076) (0.010449) (0.006394) (0.0104406) (0.008045)
Married 0.042%** 0.042%** 0.039%** 0.042%%* 0.047%** 0.042%**
(0.004528) (0.005822) (0.007489) (0.004539) (0.007083) (0.005834)
Intermed Prof 0.023%** 0.036%** 0.014%** 0.039%*3* 0.057%** 0.010
(0.004275) (0.006899) (0.005445) (0.004180) (0.005826) (0.0064006)
Manager 0.182%** 0.192%** 0.173%** 0.202%** 0.159%** 0.147%**
(0.006225) (0.009502) (0.008448) (0.006109) (0.011971) (0.008147)
Public_Sector 0.12]%** 0.150%** 0.089%** 0.130%** 0.059%** 0.138%**
(0.003887) (0.005467) (0.005521) (0.003852) (0.006289) (0.004884)
Home Time 0.008%** 0.007%** 0.008%** 0.007%** 0.005%** 0.009%**
(0.000398) (0.000516) (0.000637) (0.000398) (0.000573) (0.000548)
North 0.056%** 0.045%** 0.067%** 0.056%** 0.091%** 0.039%**
(0.003901) (0.005678) (0.005383) (0.003907) (0.006253)  (0.004968)
Centre 0.024%** 0.013%* 0.036%** 0.023 %% 0.055%** 0.008
(0.004659) (0.006739) (0.006429) (0.004666) (0.007442) (0.005931)
Homeowner 0.048%** 0.052%** 0.043%** 0.049%** 0.053%** 0.047%**
(0.004185) (0.006006) (0.005809) (0.004189) (0.006061) (0.005729)
Extra_Hours -0.014%** -0.022%** -0.008* -0.013%** -0.006 -0.019%**
(0.003219) (0.004477) (0.004610) (0.003222) (0.005051) (0.004139)
Constant 1.082%** 1.006%** 1.110%** 1.043%%* 1.281%** 0.8527%**
(0.013784) (0.020835) (0.018359) (0.013138) (0.018789) (0.019048)
Observations 74,540 39,420 35,120 74,540 29,329 45211
R-squared 0.276 0.272 0.283 0.274 0.135 0.293

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1
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Appendix D

Derivation of the GPG in Percent:

Wa —We Wy W
W Wy Wy
=In(1) = [In(Wp) —In(Wy) |
=0+ In(Wy) — In(Wg)
= In(Wy) — In(Wg)
= 0.033

= 0.033 %100 = 3.3%




Appendix E

Table E1. Variable Definitions
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Variable Name

Definition

Dependent Variables

Participation Decision (Participation)’

Overeducation Decision (Overeducation)

Net Hourly Wages

Log Hourly Wage (In(W))

One if the respective individual decided to
participate in the labor market, zero otherwise
One if the respective individual is overeducated,
zero otherwise

Hourly wages in Euros and net of taxes and social
security contributions

The natural log of net hourly earnings. Wages are
in Euros and net of taxes and social security

contributions

Independent Variables

Female

Oversex

Not Overeducated (Proper)

Actual Work Experience (Exper)
Actual Work Experience Squared (Exper2)
Tenure

Education (Schooling)

Maximum Degree Mark (Maximum D Mark)

English Skills (Eng_Skill)

Public Firm (Public_Sector)

One if the respective individual is a woman, zero
otherwise

Interactive effect of Overeducation and Female,
i.e. one if individual is overeducated in current
job and is female, zero otherwise

One if individual’s education level is a necessary
pre-request to perform the job, zero otherwise
Actual work experience in years

Actual work experience squared

Number of years worked for current employer
Number of years of schooling completed

One if individual achieved the maximum degree
mark, zero otherwise

One if individual is able to communicate in
English, zero otherwise

One if firm is a publicly owned firm, zero

otherwise

% _ In parentheses name of variable if different from variable label.
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Extra Hours (Extra_Hours)

Manager

Intermediate Professions (Intermed_Prof)

Age

Age5064
Married
Children (Kids)

Youngest Child Younger than Four Years
(Kids 3)

Metropolitan Area (City)

Northern Region (North)

Central Region (Centre)

Retribution of Work (Retribution Work)

Development of Work (Develop Work)

Working Prospectives (Prosp_Work)

Homeowner
Home Time

Partner Works (Partner Works)
Not Italian (No_[talian)

One if number of hours worked exceed hours
stabilized in contract, zero otherwise

Intellectual professions; scientific, and highly
specialized occupations

Intermediary positions in commercial, technical
or administrative sectors, health services,
technicians.

Age of respective individual (in years)

One if age is between 50 and sixty-four years,
zero otherwise

One if married, zero otherwise

One if individual has at least one child, zero
otherwise

One if age of youngest child is less or equal to
three years, zero otherwise

One if the respective individual is located in a
metropolitan area, zero otherwise

One if individual lives and works in the North of
Italy, zero otherwise

One if individual lives and works in the Centre of
Italy, zero otherwise

Level of satisfaction with the retribution in the
current job, € (0-4), where low =4 and high =0
Level of satisfaction with development of the
current job, € (0-4), where low =4 and high =0
Level of satisfaction with the work perspectives
in the current job, € (0-4), where low = 4 and
high =0

One if individual owns a house, zero otherwise
Number of Hours spent at home during a
workday on average

One if partner is employed, zero otherwise

One if individual is not Italian, zero otherwise
Correlation between the error term of the two
binary selection equations (participation and

overeducation decision)
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Selection Variables

Over
AParﬁ

Over
AOver

Proper
AParﬁ

Proper
AOver

Measures the selection bias from the participation
decision for those selected into overeducation
Measures the selection bias from the
overeducation decision for those that self-selected
themselves in overeducation

Measures the selection bias from the participation
decision for those not selected into overeducation
Measures the selection bias from the
overeducation decision for the properly educated

individuals




Appendix F

The coefficient of the dummy variable “overeducation” is estimated to be -0.024

overeducation lowers wages by 2.37%.

Proper
ln(WGOver) _ IH(VVG p ) — ﬂovereducated

Over
In WG — ﬂovereducated

Proper

We

Over

WG Bovereducated
e

Proper
We

Over Proper
WG - VVG overeducated
eB

Proper
We

-1

with G=M, F.
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. Hence,
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Appendix G

Decomposition of Pay Gaps between Group 0 and Group 1:

ln(WGroup O) - ln(WGroup 1) = X&roup OﬁGroup 0 X&roup 1ﬁGroup 1
= (Xéroup O_Xéroup 1 ) BGroup 1
+ X&roup 1(BGroup 0 BGroup 1)
+ (Xéroup O_Xéroup 1) (BGroup 0 BGroup 1)



Appendix H

Table H1: OLS Estimates of Log Net Hourly Wages with Selection Terms

() (@) (3) “
Overeducated Sample Properly Educated Sample
Variables Female Sample Male Sample Female Sample Male Sample
Schooling 0.016%** 0.014%%* 0.078%** 0.070%**
(0.005165) (0.004799) (0.004094) (0.005040)
Maximum D Mark 0.020 0.023 0.037%** 0.058***
(0.022622) (0.040814) (0.011494) (0.017559)
Eng_Skill 0.031%** 0.008 0.010 0.011
(0.009541) (0.009804) (0.006305) (0.007898)
Exper 0.011%** 0.012%** 0.019%** 0.024%***
(0.001581) (0.001324) (0.001193) (0.001338)
Exper2 -0.000*** -0.000%** -0.000%** -0.000%**
(0.000033) (0.000029) (0.000025) (0.000027)
Tenure 0.003*** 0.004*** 0.003*** 0.002%***
(0.000581) (0.000451) (0.000421) (0.000500)
Kids -0.009 0.008 0.015%* 0.019%*
(0.010139) (0.009842) (0.007514) (0.009344)
Kids 3 0.023 0.058*** 0.035%** 0.024
(0.014401) (0.017333) (0.010069) (0.016030)
Married 0.038*** 0.066*** 0.038*** 0.064***
(0.012345) (0.015929) (0.008598) (0.014327)
Intermed_Prof 0.060%*** 0.047%*** 0.059%** -0.005
(0.008911) (0.007721) (0.011606) (0.007771)
Manager 0.175%** 0.133%%* 0.187%%%* 0.137%%*
(0.018684) (0.015543) (0.013450) (0.010927)
Public_Sector 0.069%*** 0.047%%* 0.172%%%* 0.097%%*
(0.009493) (0.008339) (0.006600) (0.007242)
Home_Time 0.004*** 0.004*** 0.010%** 0.009%**
(0.000814) (0.000940) (0.000738) (0.000952)
North 0.083*** 0.114%** 0.022%** 0.056%**
(0.014646) (0.010059) (0.009936) (0.008663)
Centre 0.047%%* 0.074%** -0.005 0.022%**
(0.013499) (0.010389) (0.009420) (0.009092)
Homeowner 0.056%** 0.050%** 0.056%** 0.0397%%*
(0.009128) (0.008108) (0.007969) (0.008279)
Extra_Hours -0.012 -0.004 -0.027%** -0.009
(0.007577) (0.006704) (0.005507) (0.006260)
P 0,036
(0.036939)
o, 0.044
(0.027046)
Arbarti 0.102%+*
(0.031905)
e 0.142%%
(0.033907)
e 0020
’ (0.025131)
e 01707+
' (0.026876)
et 0047
’ (0.032434)
A:/Irgper _0.146%%*
over (0.034270)
Constant 1.345%%* 1.2]12%%* 0.355%** 0.478%***
(0.096603) (0.066709) (0.091164) (0.106025)
Observations 14,407 14,922 25,013 20,198
R-squared 0.097 0.165 0.291 0.303

Robust standard errors in parentheses
% n<0.01, ** p<0.05, * p<0.1
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Table H2: Bivariate Probit Results Participation and Overeducation Selection Equations

(M 2 “4) )
Female Sample Male Sample
Variables Overeducation Participation Overeducation Participation
Kids -0.026 -0.028** -0.065%** 0.089*#*
(0.017358) (0.011063) (0.018236) (0.012181)
Kids 3 -0.025 0.180%** 0.013 0.555%#*
(0.023532) (0.016366) (0.033681) (0.029155)
Age -0.022%** 0.009*** -0.012%** -0.010%**
(0.000708) (0.000519) (0.000790) (0.000529)
Schooling -0.199%** 0.126%*** -0.197%** 0.107***
(0.004424) (0.001468) (0.003857) (0.001536)
Eng Skill -0.018 -0.090%** -0.041%** -0.184%**
(0.013948) (0.009107) (0.015283) (0.009981)
City -0.001 0.054 %+ -0.043%** 0.109%***
(0.016318) (0.010319) (0.016615) (0.011245)
Married -0.035%* -0.027** -0.115%** 0.306%***
(0.018359) (0.013266) (0.025830) (0.015379)
No_Italian -0.811%** -0.536%**
(0.052918) (0.077668)
Maximum D Mark -0.107%** -0.220%**
(0.030259) (0.040807)
Retribution Work 0.100%*** 0.043*#*
(0.007262) (0.007514)
Develop Work -0.179%%** -0.133%%*
(0.007166) (0.007351)
Prosp_Work -0.083%** -0.069%**
(0.006196) (0.006295)
Age5064 -0.042%** -0.019
(0.014851) (0.014139)
Partner Works 0.490%** 0.428*#*
(0.011651) (0.012569)
North 0.443*%* 0.212%#*
(0.008818) (0.009465)
Centre 0.277*%* 0.144 %+
(0.010881) (0.011801)
Constant 4.386%*** -2.452%%* 4.003*** -1.264%**
(0.114498) (0.0248006) (0.109801) (0.024508)
Observations 113,836 113,836 94,577 94,577
p 0.0513 0.0513 -0.144%** -0.144%**

Robust standard errors in parentheses

4% 5<0.01, ** p<0.05, * p<0.1
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Table H3: Detailed Coefficient Effect Two-fold’ and Three-fold Decomposition with Selection,
Overeducated Sample

(1 ()
Variables Two-fold Decomposition Three-fold Decomposition
Schooling -0.028 -0.029
(0.081328) (0.085597)
Maximum D Mark 0.00003 0.00007
(0.000466) (0.001147)
Eng_Skill -0.061* -0.007*
(0.003598) (0.004262)
Exper 0.034 0.027
(0.039119) (0.031336)
Exper2 -0.017 -0.012
(0.023561) (0.015978)
Tenure 0.010 0.007
(0.009069) (0.006473)
Kids 0.009 0.009
(0.007154) (0.0079752)
Kids_3 0.002 0.004
(0.001119) (0.02301)
Married 0.014 0.015
(0.009814) (0.010626)
Intermed Prof -0.004 -0.006
(0.003814) (0.004941)
Manager -0.003* -0.003*
(0.001628) (0.001502)
Public_Sector -0.004* 0.004*
(0.002503) (0.002496)
Home Time 0.004 0.005
(0.010333) (0.011294)
North 0.014* 0.016*
(0.008187) (0.009117)
Centre 0.006* 0.006*
(0.003402) (0.003664)
Homeowner -0.005 -0.005
(0.009000) (0.009013)
Extra_Hours 0.004 0.004
(0.005178) (0.004602)
Constant -0.134 -0.134
(0.117398) (0.117398)
Total -0.104* -0.106**
(0.055269) (0.053455)
Observations 29,329 29,329

Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1

7 The two-fold decomposition uses men as the reference category for the coefficients effect; X, M'(G v — PBr)
while the three-fold decomposition uses women as the reference category; X F’ By — Br).



