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ABSTRACT
This paper is among the first to investigate the impact of over-education
and over-skilling on workers’ wages using a unique pan-European
database covering twenty-eight countries for the year 2014, namely the
CEDEFOP’s European Skills and Jobs (ESJ) survey. Overall, the results
suggest the existence of a wage penalty associated with over-education.
When the educational and the skills mismatches are interacted with each
other in order to distinguish apparent over-education from genuine over-
education, the results highlight that the workers with the highest wage
penalty are those who are both over-educated and over-skilled.
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1. Introduction

It is undeniable that the level of education in advanced industrial countries has increased signifi-
cantly in recent years (Barro and Lee 2013). In the last decade, the European Union faced a
massive increase in the number of tertiary graduates and has met its target of having at least
40% of the population aged between 30 and 34 attaining tertiary education (European Commission
2019). Indeed, in 2019, the share of 30–34 year-olds having successfully completed tertiary education
was evaluated at 40.7%, compared to 32% in 2009. At the same time, the level of requirements for
jobs has also risen (Green 2007), leading researchers to investigate how these two evolutions are
related to each other (Korpi and Tahlin 2009). If the level of education required by jobs does not
rise at the same rate as the level of education attained by workers, educational mismatch may
arise (Freeman 1976). This mismatch represents the difference between the level of education of
a worker and the level of education required for her/his job. A mismatched worker is considered
as over-educated if her/his level of education is higher than that required to perform her/his job,
or under-educated if her/his level of education is lower than that required for her/his job. Focussing
on the first situation, the European Commission (2017) shows that over-education is an important
and growing phenomenon that concerned, on average, 40.2% of workers in the EU28 countries
over the years 2002–2016.

Most empirical studies on the impact of over-education on wages consistently find the same two
results: (i) over-educated workers suffer a wage penalty compared to equally educated classmates
employed in jobs matching their level of education; and (ii) those workers get a wage premium in
comparison with their adequately educated colleagues doing the same jobs (Duncan and
Hoffman 1981; Cohn and Khan 1995; Sloane, Battu, and Belfield 1999; Allen and van der Velden
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2001; Bauer 2002; McGuinness 2006; Lindley and McIntosh 2010; Leuven and Oosterbeek 2011;
Bender and Heywood 2011).

Nevertheless, over-education may not reflect workers’ real job competencies, and any current evi-
dence that addresses the effect of over-education on wages as such may therefore be biased. Indeed,
over-educated workers may possess the required level of skills needed to perform their jobs, and
over-education does not necessarily imply over-skilling (Pellizzari and Fichen 2013; Pecoraro 2014;
McGuinness, Pouliakas, and Redmond 2018). Given that workers’ skills may also differ when consid-
ering informal skills acquired through experience, on-the-job training, or even innate abilities
(Chevalier 2003; Verhaest and Omey 2009; Chevalier and Lindley 2009), one solution to mitigate
such bias consists in refining the definition of educational mismatch by making the educational
and skills mismatches interact with each other. Some empirical studies have proposed alternative
measurements in order to better account for the heterogeneity among workers and jobs1, with a
common main result that the wage impact of over-education is overestimated in studies that
assume equally educated workers to be homogenous in their human capital endowment (Chevalier
2003; Chevalier and Lindley 2009; Green and Zhu 2010; Mavromaras et al. 2013; Pecoraro 2014;
Pecoraro 2016; Caroleo and Pastore 2018). Put differently, over-education might be associated
with other forms of (in)formal over-skilling.

Theoretical studies therefore address the interaction between the mismatch in education and the
mismatch in skills (Groot and Maassen van den Brink 2000). For instance, workers may decide to
improve their level of schooling in order to compensate for a lack in one of the (other) human
capital characteristics, such as ability or experience (Sicherman 1991; Groot 1993). Human capital
theory suggests that over-education or over-skilling should arise in the short run only, being the
result of imperfect information. In the longer run, adjustments should be made by the employer
in order to use available skills fully, or by the employee seeking a better match in order to fulfil
her/his productivity potential and to maximize her/his earnings (OECD 2011).

However, as Quintini (2011) shows, other theories based on human capital suggest that both edu-
cational and skills mismatches may remain in the longer run. For example, firms that are constantly
facing technological changes may find it appropriate to hire workers with a higher level of education
in order to accompany these changes while preventing additional costs, which results in over-edu-
cation in these firms. More globally, they may also have hiring practices that favour over-skilling in
order to ensure quick reactions in changing and uncertain environments. Over-education and over-
skilling might then serve as complements in the changing production process.

In this technological change framework, an accurate distinction between educational mismatch
and skills mismatch may also be necessary. It may well be the case that technological advances actu-
ally cause some workers to ‘become’ under-educated, but those workers may not necessarily be
under-skilled if on-the-job training upgrades their skills while their level of education remains
unchanged.

Another explanation comes from inefficient job search, whereby workers accept jobs for which
they are over- (under-) educated and/or over- (under-) skilled. In that case, candidates do not
have all the information about the job for which they are applying and may thus accept jobs with
tasks that do not match their level of education or skills.

All in all, these insights show that the impact of over-education has to be considered jointly and in
interaction with (other forms of) over-skilling.

1Note that some authors decide to investigate over-skilling besides over-education, separately. These studies globally show that
both over-education and over-skilling are associated with wage penalties, but also that the wage penalty associated with over-
education is higher than that associated with over-skilling (Allen and van der Velden 2001; Mavromaras, McGuinness, and Fok
2009; McGuinness and Byrne 2014). They also find that over-skilling matters the most in the workers’ satisfaction determination
or in their propensity to implement on-the-job search (Allen and van der Velden 2001; Mateos-Romero and Salinas-Joménez
2018), and that severely over-skilled migrant workers (whose language differs from that/those of the host country) suffer a
higher pay penalty (Mavromaras, McGuinness, and Fok 2009). McGuinness and Byrne (2014) focus on immigration and,
using data on fifteen European countries, show that higher rates of wage penalties are found for over-skilled male migrants,
whereas over-education matters the most for female migrants.
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To this end, some more recent works refine the definition of educational mismatch through the
implementation of alternative measurements of mismatches in terms of education and skills. Some
authors consider these variables separately,whereas other studies make the educational and skills
mismatches interact with each other, resulting in three specific situations: (i) apparent matching, i.e.
when a worker is found to be properly educated but over-skilled; (ii) apparent over-education, i.e.
when a worker is found to be properly skilled but over-educated; and (iii) genuine over-education,
i.e. when a worker is both over-educated and over-skilled. These studies consistently find that
being apparently over-educated leads to a lower wage penalty than being genuinely over-edu-
cated, but also that being apparently matched leads to a lower wage penalty than being genuinely
over-educated (Green and Zhu 2010; Mavromaras et al. 2013; Pecoraro 2014; Caroleo and Pastore
2018). As such, these recent developments investigating the interacting impact of the educational
and skills mismatches consider binary measurements of both mismatches, in other words whether
each mismatch exists or not.

In order to add to the existing literature, this paper focuses on the impact of over-education on
wages and investigates whether interactions between over-education and (potential) over-skilling
mitigate the historically known wage penalties at a European level. We therefore postulate, following
the original developments of Green, McIntosh, and Vignoles (1999) and Chevalier (2003)2, that over-
education is then either apparent or genuine depending on whether over-educated workers are
properly skilled or over-skilled.

Our main contributions are fourfold. First, by statistically computing the number of years of
over-education, apparent over-education, and genuine over-education, we go one step further in
measuring the impact of the magnitude, not just the existence, of over-education (in interaction
with over-skilling) on wages. Second, we take advantage of a unique pan-European dataset covering
all EU28 member states, i.e. the European Skills and Jobs (ESJ) survey, and estimate the aforemen-
tioned relationships at the European level, whereas other studies consider the relationships for
specific countries or subpopulations of workers, such as university graduates. Third, by relying on
an integrated dataset, we use information on over-education and over-skilling coming from the
same source, i.e. the worker herself/himself, whereas other studies sometimes merge information
regarding these variables under interest from different sources, which confers less reliability as
such. Fourth, we take into account the potential endogeneity in the relationships and biased
estimates by implementing, besides the more classical ordinary least squares (OLS), a two-stage
least squares (2SLS) estimation strategy, which has, to our knowledge, never been used before in
this context, when estimating the wage impact of over-education in interaction with potential
over-skilling.

The rest of this paper is structured as follows. Section 2 lays out the measurement methods, with
their advantages and shortcomings, as well as our wage equation model, and Section 3 describes the
dataset. The results are presented in Section 4, and Section 5 finally concludes.

2. Methods

Concerning educational mismatch, three main measurement methods can be used to evaluate the
matching between the level of education of a worker and that required for her/his job: the job analy-
sis method, the realized matches method, and the worker self-assessment method. These methods
allow, in turn, to evaluate the incidence of over- and under-education (Mahy, Rycx, and Vermeylen
2015). First, the job analysis method can be used to evaluate the required level of education for a
given job by using, for example, the U.S. Dictionary of Occupational Titles (DOT). This reference

2The first paper dealing with the term ‘genuine over-education’ is that of Green, McIntosh, and Vignoles (1999), who state that
the impact of over-education should be evaluated in a more global perspective including the workers’ skills endowment.
However, the first paper dealing with both apparent and genuine over-education in a wage penalty perspective is that of Che-
valier (2003), who finds that apparent (genuine) over-education is associated with a wage penalty ranging between 5% and
11% (22% and 26%).
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provides the required level of education by occupation. This objective evaluation method is used, for
example, by Rumberger (1987). It may seem very attractive because it relies on explicit and objective
definitions and measurements. However, carrying it out on a large scale requires careful and time-
consuming work (Hartog 2000). Moreover, it is criticized by Verdugo and Verdugo (1992), who
state that the DOT is sometimes based on a single job analyst discussing requirements with the
employer, leading to some doubts over the reliability and the validity of this measurement.
Second, the realized matches method is based on the educational attainment of workers in each
range of occupation. Two alternative measurements can be used. On the one hand, the mean
level of education across a range of occupations is calculated, and workers whose educational attain-
ment is greater (lower) than one standard deviation above the mean value for their occupation are
considered as over- (under-) educated (Verdugo and Verdugo 1989). On the other hand, the mode of
years of education in each worker’s occupation is calculated, and workers whose educational attain-
ment is greater (lower) than the mode are considered as over- (under-) educated (Cohn and Khan
1995; Kiker, Santos, and Mendes de Oliveira 1997). However, the main shortcoming of this realized
matches method is that it does not measure the real requirements for a job, but rather the actual
assignment practice as determined by hiring standards and labour market conditions (Hartog
2000). Finally, survey techniques can be used whereby respondents are directly asked to specify
the minimum level of education they consider to be needed to get their job. This worker self-assess-
ment method is used, for example, by Duncan and Hoffman (1981), Sicherman (1991), and, more
recently, Allen and van der Velden (2001). It is of particular interest because it allows to gather
up-to-date information, and the obtained required level of education corresponds precisely to the
respondent’s job rather than to an aggregate measurement. However, this method does not rely
on rigorous measurement as respondents can overstate the requirements of their own jobs. They
can also reproduce hiring standards over the years, leading to major issues in case of a constant
increase in the effective workers’ level of education over time (Hartog 2000). So far, there has not
been any single perfect indicator, as each measurement method has its advantages and shortcom-
ings. The choice of one method over another is therefore mainly driven by data availability.

The workers in our dataset were asked to self-assess the level of education needed to get their
jobs. Comparing this level of education with the highest level of education attained by each
worker, we can then determine whether respondents are working above or below their own level
of education. Two specific questions asked to respondents during the interviews allow us to
define a worker as over-educated:

. What is the highest level of education or training (ISCED_Qualification) that you have completed?

. What is the level of qualification (ISCED_Qualification) needed to get your job?

A worker is then defined as over-educated if her/his level of attained education is above the level
of education this worker considers to be required to get her/his job.

Next, the measurement methods for skills mismatch are most often based on workers’ self-assess-
ment, whereby respondents are directly asked how they use their skills in their job (Mavromaras,
McGuinness, and Wooden 2007). This self-assessment may concern the overall skills required for
the job (’all my skills match with my job’) or more specific skills (‘I have the numeracy skills needed
to perform my job’). In our dataset, two questions allow us to define a worker as over-skilled:

. What is the highest level of education or training (ISCED_Qualification) that you have completed?

. What is the level of qualification (ISCED_Qualification) needed to do your job?

A worker is then defined as over-skilled if her/his level of qualification is above the one required to
do (i.e. to perform) her/his job.

Thismodus operandi has also been followed by other researchers, such as Dolton and Silles (2008)
for UK graduates, or more recently by Caroleo and Pastore (2018) for Italian graduates. Other
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measurements of skills mismatch are presented in the ESJ survey and may be seen, as such, as more
accurate than over-education to do. However, our aim was to deepen the previous analysis of the
impact of skills mismatch on wages by considering the magnitude of the mismatch phenomenon.
For this purpose, we proxy years of over-skilling by years of over-education to do the worker’s job.
We were not able to proxy years of skilling through other variables available in the ESJ dataset.
We should highlight, however, that individuals considered as over-educated to do also appear to
be considered as over-skilled when relying on other ESJ survey questions. In other words, it
seems that over-education to do is an appropriate proxy for over-skilling.

One originality of this paper lies in our ability to compute themagnitude of over-education and over-
skilling by relying on precise information about a worker’s level of attained (i.e. completed) education
and skills as well as the requirements to get (required education) and to do (required skills) her/his
job. For this purpose, we associate each level of attained education and skills with a given number of
equivalent years of education, by relying on the following rule: ISCED_1 is equivalent to primary edu-
cation, i.e. 6 years of education; ISCED_2 relates to lower secondary education, i.e. 9 years of education;
ISCED_3 is equivalent to upper secondary education, i.e. 12 years of education; ISCED_4 to post-second-
ary non-tertiary education, i.e. 14 years of education; ISCED_5 to first stage of tertiary education, i.e. 16
years of education; and finally ISCED_6 relates to second stage of tertiary education, i.e. 17 years of edu-
cation. In fine, comparing the number of years of attained education (skills) of a workerwith the number
required to get (to do) the worker’s job gives us the number of years of over-education (over-skilling).

First, in order to investigate the wage effects of over-education, we rely on an extended version of
the Mincer wage equation model that is widely used in the existing literature (Chevalier 2003; Fren-
ette 2004; Dolton and Silles 2008; Green and Zhu 2010; Pecoraro 2014; Kracke, Reichelt, and Vicari
2018). Our first equation is formulated as follows:

lnwi = a0 + a1OverEduYi + a2Xi + 1i (1)

where:

(a) OverEduYi is the number of years of over-education of worker i, computed as the difference
between the number of years of education or training of worker i and the number of years of
education or training needed to get worker i’s job if > 0, 0 otherwise.

(b) Xi is a vector of control variables including: the number of years of under-education of worker i,
the length of studies (i.e. the attained level of education of worker i), the field of education,
gender, age, tenure, type of employment contract (respectively, part time or not, and open-
ended or not), sector of activity, size of the firm where worker i is employed, and the country
in which the firm employing worker i is located.

(c) 1i is the error term.

Note that, as mentioned by Pecoraro (2014), equation (1) can be seen as a test for human capital
theory, according to which the educational requirements for a job do not influence workers’ wages
as they are solely driven by workers’ characteristics. In order to validate human capital theory, over-
educated workers should earn the same wage as their peers employed in jobs matching their level
of education so that each additional year of over-education should have no impact on wages, that is
α1 = 0. However, if human capital theory is rejected, wages are expected to be determined by
job requirements, and the returns to over-education should thus be negative and significant, that
is α1 < 0. Such models used in the literature mainly show that over-educated workers suffer from
a wage penalty in comparison with workers similarly educated but working in jobs matching their
level of education. This outcome is more in line with the assignment model than standard human
capital theory (Dolton and Vignoles 2000; McGuinness 2006; Leuven and Oosterbeek 2011).

Our second equation investigates the impact of the interaction between over-education and
over-skilling on wages, where the measurement of over-education from equation (1) is replaced
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by a vector of interaction variables including both types of mismatch in the same equation. It is for-
mulated as follows:

lnwi = b0 + b1AppOverEdui + b2GenuineOverEdui + b3X
′
i + 1i (2)

where:

(a) AppOverEdui represents apparent over-education and is computed as the interaction between
two variables: i) a dummy variable taking the value 1 if worker i considers herself/himself as
properly skilled for her/his job, 0 otherwise; and ii) the number of years of over-education for
worker i as computed in equation (1). This variable enables us to estimate the wage effect of
an additional year of over-education for a worker considered as properly skilled for her/his
job, i.e. of an additional year of apparent over-education.

(b) GenuineOverEdui represents genuine over-education and is computed following the same
reasoning, namely the interaction between: i) a dummy variable taking the value 1 if worker i
considers herself/himself as over-skilled for her/his job, 0 otherwise; and ii) the number of
years of over-education for worker i as computed in equation (1). This variable allows us estimate
the wage effect of an additional year of over-education for a worker considered as over-skilled
for her/his job, i.e. of an additional year of genuine over-education.

(c) X’i is a vector of control variables: the number of years of apparent matching of worker i (obtained
by the interaction of the following two variables: i) a dummy taking the value 1 if worker i con-
siders herself/himself as properly educated, 0 otherwise; and ii) the number of years of over-skil-
ling for worker i as computed in equation (1)); the length of studies (i.e. the attained level of
education of worker i); field of education, gender; age; tenure; type of employment contract
(respectively, part time or not, and open-ended or not); sector of activity; size of the firm
where worker i is employed; and the country in which the firm employing worker i is located.

In this second equation, apparently over-educated and genuinely over-educated workers are
compared with each other in situations where they were not mismatched in terms of education
and skills.

Equations (1) and (2) have first been estimated using the ordinary least squares method (OLS). The
OLS estimator, with standard errors robust to heteroscedasticity and serial correlation, is based on
the cross-section variability between workers. Relying on OLS supposes that our mismatch variables
are not correlated with unobserved variables (that could also explain wages), such as innate ability or
family background. Moreover, it requires to assume that there is no reverse causality, i.e. that wages
have no effect on mismatch variables. If these assumptions are not satisfied, OLS estimates are
biased and inconsistent due to endogeneity. Put differently, statistical inference is not permitted.
Some papers address this potential endogeneity bias, but they do so mainly through the use of
fixed effects or GMM estimators in the context of panel data (see e.g. Carroll and Tani 2013; Kampel-
mann and Rycx 2012; Kracke and Rodrigues 2020; Marioni 2021; Reis 2017; Tsai 2010). Moreover,
these are studies dealing only with the phenomenon of over-education or that of over-skilling. To
the best of our knowledge, studies on the interaction between over-education and over-skilling
are relatively scarce, and none of them have addressed the issue of potential endogeneity. This is
probably due to data availability and to the difficulty of finding a good strategy to tackle the endo-
geneity of interaction variables between the educational and skills mismatches. For example,
Caroleo and Pastore (2018, 1006) mentioned that ‘endogeneity […] is not addressed here due to
the lack of appropriate longitudinal data’.

Endogeneity is therefore a potential source of bias that deserves to be taken into account in our
study. In order to do so, we rely on an instrumental variable estimation strategy, namely the two-
stage least squares (2SLS) method. This method requires finding instruments that are both correlated
with the (potentially endogenous) variables of interest and uncorrelated with the dependent
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variable. We rely on the following three instruments: i) willingness to work close to home, ii) prefer-
ence for leisure activities, and iii) preference for self-learning. On the one hand, these instruments are
most likely correlated with our mismatch variables and are therefore relevant. On the other hand,
although they may not be strictly exogenous, it is reasonable to assume that their correlation
with wages is low enough to control, or at least to reduce, the endogeneity problem. The relevance
and (fairly) exogeneous nature of our instruments, discussed in Section 4, is supported by an array of
diagnosis tests. On any account, we believe that comparing our OLS and 2SLS estimates is useful to
determine (or at least get a better idea of) the extent to which the wage effects of the interaction
variables between the educational and skills mismatches are biased due to the potential presence
of endogeneity.

3. Materials

In spring 2014, the European Center for the Development of Vocational Training (CEDEFOP) commis-
sioned Ipsos to carry out the first pan-European survey on skills mismatch. The European Skills and
Jobs (ESJ) survey was conducted by telephone or online on 48,676 employees aged between 24 and
65 in the 28 European Union member states.

The analyses conducted in this article face some restrictions relating to the data. For instance,
workers were asked to report their gross monthly wage during the interviews, but some of them
refused to do so. Also, workers who did not report their educational and/or skills level had to be
excluded from the dataset. This results in a final sample of 23,123 exploitable observations.

The descriptive statistics for these observations are presented in Table 1. As far as education is
concerned, 0.4% of the workers are primary educated, 7.3% lower are secondary educated, 25.2%
have attained upper secondary education, 11.1% are post-secondary educated, 48.3% have attained
tertiary education at the first level, and 7.7% are tertiary educated at an advanced level. Concerning
mismatch variables, 26.4% of the workers consider themselves as over-educated, with mean years of
over-education evaluated at 0.9 year, and 28.9% of the workers estimate that they possess some
skills in surplus and are thus over-skilled. The interactions between the educational and skills mis-
matches show that 2.5% of the sample is apparently over-educated (i.e. over-educated but properly
skilled) and 23.6% of workers are genuinely over-educated (i.e. over-educated and over-skilled).
Finally, 44.7% of all workers are female, 41.3% have at least 10 years of tenure, 13.5% work in
part-time jobs, and the majority of worker are employed in SMEs (i.e. firms with less than 250
workers).

4. Results

Table 2 reports the estimation results of equations (1) and (2). Column (1) presents the results of the
first equation and focuses on the impact of years of over-education on wages. The adjusted
R-squared is equal to 0.45, which suggests that the quality of the fit of our regression model is
quite good. What’s more, the estimates show that each additional year of over-education leads to
a wage penalty of 6.7%3 in comparison with similarly educated individuals working in a matching
situation. This gives support to the idea of a wage penalty associated with over-education but
not to simple human capital explanations of wages. Column (2) presents the results of equation
(2) and shows that all types of interactions are associated with wage penalties. More precisely,
the estimates suggest that an additional year of over-education for apparently over-educated
workers is associated with a 4.1%2 wage penalty, which is lower than the 6.9%2 penalty for a year
of over-education for genuinely over-educated workers.4 As in Green and Zhu (2010) or Pecoraro

3The effect of each variable in percentage is calculated as ebi − 1, given the log-linear form of the estimated equation.
4The rejection of the null hypothesis that the regression coefficients (when comparing apparent over-education and genuine
over-education) are equal gives support to that statement.
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(2014), the impact of being both over-educated and over-skilled is thus consistently estimated to be
more significantly negative than being over-educated but properly skilled. These differences,
measured in terms of earning penalties, reinforce the idea that skills heterogeneity matters signifi-
cantly when analysing the impact of over-education on wages.

When taking endogeneity into account in the relationships through the 2SLS estimator, the first
stage regressions (see bottom of the Table 2) first show that the coefficients of the three IVs have the
expected sign, when significant. Therefore, being keen to learn alone, favouring a job near home,
and favouring leasuring activities all increase the probability of being over-educated or genuinely
over-educated. Only the variable of apparent over-education records insignificant coefficients for
two IVs (‘learning alone’ and ‘favouring leisure activities’). However, in this case, the coefficient for

Table 1. Descriptive statistics of selected variables.

Variables Mean Std. Dev. Min Max

Level of attained education (% of workers)
Primary education 0.39 6.23 0 1
Lower secondary education 7.30 26.01 0 1
Upper secondary education 25.21 43.42 0 1
Post-secondary education 11.10 31.42 0 1
Tertiary education first level 48.26 49.97 0 1
Tertiary education advanced level 7.74 26.72 0 1
Attained education (on average, in years) 14.30 2.37 6 17

Over-education
Percentage of workers 26.35 44.06 0 1
Years of over-education 0.85 1.68 0 11

Over-skilling
Percentage of workers 28.92 0.45 0 1
Years of over-skilling 0.93 1.76 0 11

Interaction between the educational and skills mismatches
Apparently over-educated (% of workers) 2.51 15.64 0 1
Genuinely over-educated (% of workers) 23.64 42.49 0 1
Workers with at least 10 years of tenure (%) 41.27 49.23 0 1
Women (%) 44.70 49.72 0 1
Share of workers < 30 years 43.97 49.64 0 1
Share of workers between 30 and 49 years 43.24 49.54 0 1
Share of workers > 49 years 12.77 33.38 0 1
Part-time (%) 13.50 34.17 0 1

Firm size (% of firms)a

Micro (between 1 and 9 workers) 20.01 40.01 0 1
Small (between 10 and 49 workers) 28.17 44.98 0 1
Medium (between 50 and 249 workers) 25.97 43.85 0 1
Large (>250 workers) 24.18 42.82 0 1
Not mentioned 1.67 12.84 0 1

Sector (% of firms)
Agriculture, horticulture, forestry or fishing (A) 1.68
Supply of gas or electricity, mining or quarrying (B + D) 1.91
Supply, management or treatment of water or steam (E) 0.99
Manufacturing or engineering (C) 13.63
Construction or building (F) 5.32
Retail, sales, shop work or whole sale (G) 9.49
Accommodation, catering or food services (I) 2.92
Transportation or storage (H) 5.52
Information technology or communication services (J) 6.48
Financial, insurance or real estate services (K + L) 5.44
Professional, scientific or technical services (M) 7.26
Administration and support services, including public (N + O) 12.34
Services relating to education or health (P) 18.24
Cultural industries (arts, entertainment or recreation) (R) 1.96
Social and personal services (Q) 5.86
Other 0.96

Number of observations 23,123
aAccording to the European standard definitions of medium and small firms.
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the ‘favouring a job near home’ IV is also significant and has the expected sign. As for the second
stage regressions and the main outcomes (see upper part of Table 2), they confirm, in column
(1’), the existence of a wage penalty associated with over-education: one additional year of over-

Table 2. Educational mismatch, skills mismatch, and wages (OLS estimates, 2014).

Gross monthly wage (ln)

OLS 2SLS

Dependent variable
Educational
mismatch (1)

Educational and skills
mismatches (2)

Educational
mismatch (1’)

Educational and skills
mismatches (2’)

Over-education (in years) −0.069***
(0.004)

−0.200***
(0.048)

Apparent over-educationa

(in years)
−0.042**
(0.012)

−0.072***
(0.049)

Genuine over-educationb

(in years)
−0.071***
(0.004)

−0.197***
(0.049)

Length of studies
Lower secondary
education (dummy)

0.079
(0.078)

0.077
(0.078)

0.084
(0.078)

0.076
(0.077)

Upper secondary
education (dummy)

0.290***
(0.076)

0.286***
(0.076)

0.398***
(0.086)

0.373***
(0.083)

Post-secondary education
(dummy)

0.377***
(0.079)

0.367***
(0.079)

0.568***
(0.106)

0.522***
(0.099)

Tertiary education first
stage (dummy)

0.585***
(0.078)

0.585***
(0.078)

0.762***
(0.101)

0.743***
(0.099)

Tertiary education
advanced stage (dummy)

0.777***
(0.081)

0.778***
(0.081)

0.994***
(0.113)

0.977***
(0.112)

Other control variablesc YES YES YES YES
Sig. model (p-value) 0.000 0.000 0.000 0.000
Adjusted R-Squared 0.45 0.45 0.42 0.42
Number of firm-year
observations

23,123 23,123 23,123 23,123

2SLS – Diagnosis tests
Weak identification test:
Kleibergen-Paap rk Wald F
statistic

45.13 46.70

Under-identification test:
p-value Kleibergen-Paap rk
LM statistic

0.000 0.000

Over-identification test:
p-value of Sargan-Hansen J
statistic

0.156 0.103

Endogeneity test:
p-value associated with Chi-
squared statistic

0.007 0.010

2SLS – First stage regressions Over-education
Apparent

over-education
Genuine

over-education

Learn_Alone 0.211***
(0.022)

−0.0001
(0.008)

0.210***
(0.021)

Pref_Home 0.118***
(0.024)

0.019**
(0.009)

0.094***
(0.023)

Pref_Leisure 0.127***
(0.023)

0.005
(0.008)

0.128***
(0.022)

Notes: Robust standard errors are reported between brackets.
***, **, * significant at the 1, 5, and 10% level, respectively.
aApparent over-education means being over-educated (in years) but properly skilled (dummy variable).
bGenuine over-education means being over-educated (in years) and over-skilled (dummy variable).
cAre included in the vector of control variables, besides the length of study representing the attained level of education: the
number of years of under-education of worker i (1) or the number of years of apparent matching (2), the experience on
the job computed as years of tenure, the fact of being part of the class of workers that is younger than 30 and older than
49 years, respectively. Are also included: the gender (women), working part-time (or not) as well as working under open-
end contracts (or not), the study field of the worker (14 dummies), the country where the worker operates (27 dummies),
the sectorial affiliation of the firm in which the worker operates (16 dummies), and the size of the firm (i.e. the number of
workers gathered in 4 dummies).
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education leads to a 18.1%2 wage drop in comparison with similarly educated individuals working in
matching situations.5 Including the skills mismatch in the relationship (column (2’)) shows that the
wage penalty associated with apparent over-education remains significant with a 6.9%2 penalty for
each additional year of apparent over-education. This reveals, however, that the highest wage
penalty is associated with genuine over-education (a 17.9%2 penalty for a one-year increase in
the level of genuine over-education, i.e. considering both over-education and over-skilling)4.

To assess the robustness of the 2SLS approach and the validity of our instruments, we performed
an array of diagnosis tests.6 The results of these tests are reported in Table 2. The first-stage esti-
mates, discussed above, suggest that our IVs are not weak. This is also corroborated by the Kleiber-
gen-Paap rk Wald F statistic for weak identification. This statistic is a Wald F test examining whether
the excluded instruments are sufficiently correlated with the endogenous regressor. The null
hypothesis is that the instruments are weak. According to the standard ‘rule of thumb’, weak identifi-
cation is problematic for F statistics smaller than 10 (as suggested by van Ours and Stoeldraijer
(2011)). Our F statistics are higher than 10, for equations (1) and (2) both. Moreover, the Kleiber-
gen-Paap rk LM statistic for under-identification tests whether the equation is identified, i.e.
whether the excluded instruments are all relevant. The null hypothesis in this test is that the
equation is under-identified. The results show that we can reject the null hypothesis that our
first-stage equation is under-identified, since the Kleibergen-Paap rk LM statistic is found to be
highly significant for both equations. Next, to examine whether our instruments fulfil the exogeneity
condition, we computed bivariate correlations between our IVs and our dependent variable. Our
findings, available on request, show that all correlation coefficients are very small (between 3%
and 7%) and support the assumption that our IVs are fairly exogenous with respect to wages. Con-
cerning the quality of our instruments, the Sargan-Hansen J statistic tests the null hypothesis that the
instruments are valid, i.e. uncorrelated with the error term. The corresponding p-values are equal to
0.156 and 0.103 for equations (1) and (2), respectively, which suggests that our instruments are valid.
Finally, the Durbin-Wu-Hausman endogeneity test is based on the difference between two Sargan-
Hansen statistics: one for the equation in which mismatch variables are treated as endogenous, and
one in which they are treated as exogenous. If the null hypothesis of this test cannot be rejected,
then instrumentation is actually not necessary, i.e. mismatch variables can actually be considered
as exogenous. The p-values associated with this endogeneity test are equal to 0.007 and 0.010 for
equations (1) and (2), respectively. These results suggest that the null hypothesis of no endogeneity
should be rejected. These estimates thus indicate that our main explanatory variables are endogen-
ous and that our instrumentation strategy is relevant.

5. Discussion

Educational mismatch is an important and growing phenomenon in Europe: workers are found to be
more and more educated, which results in a risk for some workers to be allocated to jobs that do not
match their level of education. A range of authors however argue that education does not reflect the
real competencies of workers on the job (Chevalier and Lindley 2009; Verhaest and Omey 2009). This
has led researchers to investigate the skills mismatch phenomenon, whereby workers are considered
as possessing (or not) the skills needed to perform their job (Mavromaras, McGuinness, and Wooden
2007; OECD 2011; Caroleo and Pastore 2018).

Relying on the European Skills and Jobs (ESJ) survey, i.e. the first pan-European survey on skills
mismatch, this paper investigates the wage effects of new, more precise measurements of mismatch.
Whereas most of the current investigations rely solely on workers’ educational background, this

5Such large effect may be somewhat suprising. However, it should be noted that a one-year increase in the level of over-edu-
cation implies more than doubling the current situation (the descriptive statistics show 0.85 mean year of over-education). The
leverage is therefore all the more important.

6It should be noted that finding good instruments, i.e. variables that are both relevant and exogenous, remains a difficult task.
Therefore, although the diagnosis tests support the validity of our instruments, 2SLS results should be interpreted with caution.
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paper challenges education and skills by interacting over-education with over-skilling to distinguish
two specific situations: (i) apparent over-education (i.e. when a worker is over-educated but properly
skilled) and (iii) genuine over-education (i.e. when a worker is both over-educated and over-skilled).
Taking into account both the skills mismatch and the more classical educational mismatch allows us
to account for workers’ heterogeneity in their skills and makes this paper one of the first, among
those using the ESJ survey, to evaluate the combined effect of over-education and over-skilling
on wages from a European perspective. We also deepen the analysis by computing the magnitude
of the wage effects of the two mismatches in terms of additional years of over-education, apparent
over-education, and genuine over-education. Finally, we are among the first to test for the existence
of a potential endogeneity bias associated with education and skills mismatch variables.

Our estimates first show that over-educated workers, ceteris paribus, earn less than their opposite
numbers employed in jobs matching their level of education. More precisely, we find, on the basis of
2SLS estimates, that each additional year of over-education results in a wage penalty of around 18%
across EU countries. Yet, this penalty is found to vary substantially depending on whether over-edu-
cation coincides with over-skilling. One year of over-education for workers that are properly skilled
(i.e. apparently over-educated) leads to a non-negligible wage penalty of almost 7%, whereas the
penalty for genuine over-education is more than two and a half times greater. These estimates, con-
trolling for a large number of covariates and addressing the endogeneity issue, are of concern in
several respects. First, our descriptive statistics show that genuinely over-educated workers rep-
resent a large group of mismatched workers in the EU. This category represents over 20% of the
workforce, on average. Obviously, this is quite costly from a worker’s perspective. But the cost of mis-
match is also likely to be huge for the economy overall. Recent papers have indeed shown that the
wage effects of the educational and skills mismatches reflect (to a large extent) differences in pro-
ductivity among workers. Put differently, they indicate that over-educated/over-skilled workers
would create much more value added if they were employed in jobs matching their education/
skills. Along those lines, our estimates suggest that a better allocation of resources in the
economy (i.e. notably through a decrease in the incidence of genuinely over-educated workers)
could improve overall productivity significantly. Improving the quality of job-workers matches in
EU countries thus appears to be a key challenge not only from a worker’s perspective but also for
the economy at large.
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