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Abstract
Existing studies suggest that recent PhD graduates with a job vertically mismatched 
with their education tend to earn lower wages than their matched counterparts. How-
ever, by being based on cross-sectional ordinary least squares (OLS) estimates, these 
studies raise endogeneity concerns and can only be considered evidence of a cor-
relation between vertical mismatch and wages. This paper improves this literature 
by applying a heteroskedasticity-based instrumental variable estimation approach to 
analyzing Italian PhD holders’ cross-sectional micro-data. Our analysis suggests that 
previous empirical studies have provided slightly upward estimates of the impact of 
vertical mismatch on wages. Nevertheless, our results show that the effect of over-
education on wages is sizeable. However, no wage effect is found for overskilling. 
The heterogeneity of these findings by field of study and gender are also inspected.
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1 Introduction

Over recent years, the remarkable proliferation of PhD education (Auriol et al. 2013; 
OECD 2016) and the subsequent increase of doctorate holders looking for jobs in 
non-academic sectors have raised significant concerns in most OECD countries 
regarding doctoral graduates’ occupational outcomes (Benito and Romera 2013; The 
Economist 2016).

Many country-level empirical studies have highlighted that, a few years after 
graduation, a large proportion of PhD holders report vertical job–education mis-
match.1 Such a vertical mismatch is defined as overeducation, i.e. holding a job 
not in line with having a PhD, or overskilling, i.e. misalignment between the skills 
acquired during the PhD and those used at work.

To the best of our knowledge, limited data availability restricts evidence regard-
ing this phenomenon to early-career PhD holders. Among this early-career popula-
tion, experiencing vertical mismatch seems to have several negative impacts. For 
example, vertically mismatched PhD holders seem to report lower earnings than 
their matched counterparts, as recent contributions have demonstrated. Bender and 
Heywood (2009) revealed that, among US PhD holders, the detrimental effect of 
overeducation on wages ranges between 7 and 14%, depending on the study field. 
Examining Spanish data, Canal Domınguez and Rodrıguez Gutierrez (2013) showed 
that overeducated doctorate holders working in the non-academic sector experi-
ence a wage penalty that varies between − 18 and − 25%. Gaeta et al. (2017) sug-
gested that the gap between wages for those overeducated and those earned by their 
matched counterparts ranges from − 7 to − 11% in Italy.

Empirical studies have suffered from the absence of longitudinal data, with very 
few exceptions (Carroll and Tani 2013). These empirical studies have all been based 
on cross-sectional estimates of a Mincer equation whose right side includes one 
measure of overeducation (and/or overskilling). As noted by the extensive literature 
focused on university graduates (for a comprehensive review, see McGuinness and 
Bennett 2007; Hartog 2000), the cross-sectional nature of these studies prevents the 
identification of any causal effect of overeducation/overskilling on wages (Leuven 
and Oosterbeek 2011). The reason lies in the potential endogeneity of the overedu-
cation/overskilling variables in relation to the vertical mismatch status. On the one 
hand, the mismatch is “measured as a difference between two possibly mis-measured 
schooling levels [and this] leads to exacerbation of measurement error problems” 
(Leuven and Oosterbeek 2011, p. 306). This is particularly problematic when one 
relies on self-reported measures of vertical mismatch, as is often the case because 
most of the existing data do not include any objective mismatch indicators.

On the other hand, the apparent impact of overeducation/overskilling on earnings 
may be spurious and driven by unobserved ability heterogeneity (Pecoraro 2014; 
Sloane 2003). In addition, one might suspect that reverse causality is at work when 
one studies the link between vertical mismatch and wages. Indeed, low wages might 

1 For studies on Italy, see Gaeta (2015) and Ermini et al. (2019); for evidence concerning Spain, see Di 
Paolo and Mane (2016); for data concerning the US, see Bender and Heywood (2009).
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be a source of low job satisfaction, and this might trigger negative evaluation of the 
usefulness of the educational level achieved and the related skills.

In our view, providing robust evidence regarding the effect that vertical job–edu-
cation mismatch has on earnings is particularly important. Indeed, the existence of 
any impact of overeducation (overskilling) on wages would lead to substantial pri-
vate costs (besides societal ones). The presence and magnitude of these private costs 
might translate into people’s reconsideration of investment in education, i.e. disin-
centivizing future generations’ investment (Tsang and Levin 1985). In this scenario, 
evidence regarding private costs would require policies to promote job–education 
vertical matching acting on the demand or the supply side of the job market.

The literature seems to be conscious of the importance of robust and reliable esti-
mates of the wage penalty determined by the vertical mismatch. Indeed, many recent 
papers investigating the case of university graduates have provided analyses specifi-
cally aimed at overcoming the endogeneity issue reported so far (see, for example, 
Clark et al. 2017; Kleibrink 2016; Nieto and Ramos 2017).

To the best of our knowledge, however, the existing literature on vertical mis-
match and associated wage penalties among PhD holders has not tackled the endo-
geneity issue adequately. Nevertheless, there are reasons to believe that providing 
robust evidence concerning the impact of job–education mismatch on wages among 
PhD holders is of tremendous importance. Indeed, while doctoral education and its 
focus on acquiring R&D skills are considered crucial in current knowledge socie-
ties (Shin et al. 2018), overeducation and overskilling seem to be widespread among 
PhD holders, as noted above. This calls for an investigation of the private costs 
related to this mismatch that can go beyond the correlational studies, ceteris pari-
bus, provided by the literature so far (Bender and Heywood 2009; Canal Domınguez 
and Rodrıguez Gutierrez 2013; Gaeta et al. 2017). The objective of such an inves-
tigation would be to understand whether any detrimental effect of this mismatch on 
private returns actually exists and, therefore, whether policies are needed to support 
doctoral studies’ expected private benefits.

Our analysis considers the case of PhD holders who have studied in Italy, a 
country characterized by low investment in R&D2 where, as a consequence, the 
non-academic occupational opportunities for PhD holders—who are specialized in 
R&D—seem to be limited. Not surprisingly, the vertical mismatch between job and 
education is relatively frequent (Gaeta 2015; Ermini et  al. 2019). Our analysis is 
based on a rich micro-level dataset created by the Italian National Institute of Statis-
tics (ISTAT) that allows observation of PhD holders’ occupational outcomes a few 
years after graduation.

Our investigation of the impact of job–education matching on wages tackles the 
endogeneity issue by using the instrumental variable (IV) identification strategy pro-
posed by Lewbel (2012, 2018). This strategy has been designed to be “used in appli-
cations where other sources of identification such as instrumental variables (…) 
are not available” (Lewbel 2012, p. 1) and has been widely used (see, for example, 

2 See the data published by the OECD at https:// data. oecd. org/ rd/ gross- domes tic- spend ing- on-r- d. htm 
(accessed May 10, 2021).

https://data.oecd.org/rd/gross-domestic-spending-on-r-d.htm
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Dutta and Roy 2016; Loy et  al. 2016; Tiefenbach and Kohlbacher 2015). Such a 
strategy is based on building a synthetic IV as a function of the available exogenous 
heteroskedastic covariates (Lewbel 2012).

To the best of our knowledge, this is the first study to apply this empirical strategy 
in studying the effect of overeducation (overskilling) on wages among PhD hold-
ers. The use of this econometric technique is particularly appropriate for our study 
because of the unavailability of longitudinal data on PhD holders’ occupational out-
comes and the difficulty in finding variables that can be used as reliable instruments 
for vertical mismatch, as noted in previous contributions (Gaeta et al. 2017).

Besides addressing the endogeneity issues that have hampered previous analyses 
of the impact of job–education vertical mismatch on wages, this paper also offers 
interesting insights into this effect’s heterogeneity. We provide evidence that the 
wage penalty for vertical mismatch varies between 2009 (when a severe economic 
crisis hit Italy) and 2018, as well as by the field of doctoral study, gender, and place 
of residence.

The remainder of the paper is organized as follows. Section  2 extensively 
describes the data used in the analysis. Section 3 presents and discusses the endo-
geneity issues that need to be addressed when estimating the impact of vertical 
job–education mismatch on wages and also illustrates Lewbel’s IV empirical strat-
egy implemented in our study. Section 4 details our results. Finally, Sect. 5 provides 
conclusions.

2  Data and Variables

Limited information on PhD holders’ occupational outcomes is a significant issue 
for scholars and policy-makers aiming to study the incidence and effect of verti-
cal mismatch among these workers. Indeed, while many longitudinal datasets allow 
monitoring the occupational outcomes of university graduates, to date, the only 
existing data regarding doctorate holders are cross-sectional.

Our elaborations are based on the publicly available repeated cross-sectional sur-
vey data collected by ISTAT through surveys of PhD holders. These surveys have 
been designed to track doctoral graduates’ occupational outcomes a few years after 
completing their studies.

The first ISTAT cross-sectional survey considered by our study was carried out in 
2009. Two cohorts of PhD holders were involved: those who completed their doc-
toral studies in 2004; and those who finished in 2006. Approximately 50% of the 
entire PhD holder population participated in the survey. A total of 8814 question-
naires were collected: 3928 for the 2004 cohort; and 4886 for the 2006 cohort.

The second ISTAT cross-sectional survey considered by our study was carried 
out in 2018, involving PhD holders who graduated in 2012 and 2014. Approximately 
72% of the PhD holder population in the two selected cohorts that participated in the 
survey. A total of 16,057 questionnaires were collected: 8172 for the 2012 cohort; 
and 7885 for the 2014 cohort.

In 2014, ISTAT administered another cross-sectional survey, covering PhD hold-
ers who graduated in 2008 and 2010. Unfortunately, this survey was not helpful for 
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our study because of many missing values (approximately 30% of the observations) 
reported for the wage variable, which is essential for our research.

Focusing on the 2009 and the 2018 survey data allows us to compare our results 
with previous studies that used the same information. At the same time, it enables us 
to compare the wage penalty effect of vertical mismatch observed in times of eco-
nomic crisis,3 when it is supposed to be higher (Croce and Ghignoni 2012), with the 
one reported a few years later (in 2018).

Our analysis focuses on PhD graduates who declared that they had a job at the 
time of the interview, since they are the only ones reporting wages. In the 2009 sur-
vey, 93.05% of respondents reported having a job. Data collected in 2018 show a 
slightly lower percentage of unemployment (6%). Overall, such unemployment fig-
ures are lower than those reported in Italy by university graduates a few years after 
the completion of their studies.4

The variables included in the analysis are described in Table 1, while summary 
statistics are reported in Table 2. Wages are measured by considering the log of the 
net hourly wage declared by respondents (LNHWAGE). In the 2009 survey, the aver-
age net monthly salary was approximately €1,541, and the average net hourly wage 
was approximately €11. In the most recent edition, the average net monthly salary 
was about € 1,941, and the average net hourly wage was approximately €15.

The main explanatory variables included in our empirical analysis measure 
respondents’ vertical mismatch in terms of overeducation and overskilling.

Question number 2.33 in the 2009 ISTAT survey asked respondents to assess the 
usefulness of their PhD in obtaining the job they held at the time; specifically, this 
question asked: “To get your current job, was your PhD (i) explicitly required, (ii) 
not required but useful; (iii) it had no relevance”.5 Respondents were asked to pick 
one option. Starting from the answers to this question, we built a binary variable that 
takes the value of 1 if a PhD was neither required nor helpful in obtaining their job 
(option iii in the survey question) and zero otherwise.

The 2018 ISTAT survey presented a slightly different version of this question. 
Specifically, question 2.41 asked: “Was the PhD explicitly required to get your cur-
rent job?” Possible answers were: “(i) Yes it was explicitly required and useful;” “(ii) 
Yes it was explicitly required but turned out to be not useful; “(iii) No, it was not 
explicitly required but it turned out to be useful;” and “(iv) No, it was not required 
and not useful.”6 Starting from the replies to this question, we built a binary variable 

3 In 2009, when the first cross-sectional survey was administered, Italy was experiencing particularly 
turbulent economic conditions. As is well known, the country was affected by a severe economic crisis 
from 2007 until 2013, with economic recession reported from the second quarter (Q2) of 2008 until Q2 
2009, from Q3 2011 until Q3 2013, and from Q1 2014 until Q4 2014.
4 See, for example, the university graduates’ unemployment figures collected by ISTAT in 2011 examin-
ing those who completed their studies in 2007. Data are available at https:// www. istat. it/ it/ files// 2012/ 06/ 
Stati stica_ report_ laure ati. pdf (accessed on May 10, 2021).
5 The exact Italian wording of this question is: “Per accedere al suo attuale lavoro, il titolo di dottore di 
ricerca era espressamente richiesto, non era richiesto ma è stato utile o non ha avuto alcuna rilevanza?”.
6 The exact Italian wording of the question is: “Il dottorato era espressamente richiesto per accedere 
alla sua attuale attività lavorativa?” The exact Italian wording of possible replies is: “(i) sì, era espressa-
mente richiesto ed è stato utile;” “(ii) sì, era espressamente richiesto ma non è stato utile;” “(iii) no, non 
era richiesto ma è stato utile;” and “(iv) no, non era richiesto e non è stato utile.”.

https://www.istat.it/it/files//2012/06/Statistica_report_laureati.pdf
https://www.istat.it/it/files//2012/06/Statistica_report_laureati.pdf
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that takes the value of 1 if the PhD was neither required nor helpful in obtaining the 
job (option iv in the survey question) and zero otherwise.

In line with the existing literature, we consider the variable from these questions a 
self-reported measure of overeducation (Dolton and Silles 2008). In both editions of 
the ISTAT survey, these overeducation questions were asked only to those who had 
obtained their current work after completing their PhD (67.2% of the sample inter-
viewed in 2009 and 66.47% of the sample interviewed in 2018). As a consequence, 
to investigate overeducation, our analysis was restricted to 5,778 respondents in the 
2009 survey and 10,673 in the 2018 survey.

In both the editions of the survey, one question asked: “To carry out your job, is it 
necessary to have a PhD?,”7 with responses limited to “yes” or “no.” We interpreted 
this question as asking about the usefulness of skills acquired during PhD stud-
ies in carrying out the job. We built a dummy variable taking the value of one for 
those respondents who replied yes and zero otherwise, and considered self-reported 
answers to this question as a measure of overskilling. The entire sample of employed 
respondents replied to this question.

The use of overeducation and overskilling self-assessed measures similar to those 
illustrated above is widespread in the empirical literature on job–education mis-
match even though it has been noted that these measures might be a source of meas-
urement error bias in empirical analyses (Leuven and Oosterbeek 2011; McGuinnes 
2006). However, no other measures of overeducation and overskilling are available 
in the ISTAT database, nor could they be built otherwise because of the lack of fur-
ther details about jobs held by PhD graduates.

Table 2 shows that, in both the editions of the survey considered in our study, 
approximately 18% of respondents declared themselves to be overeducated (18.7% 
in the 2009 survey and 18.1% in the 2018 survey). A total of 45.7% in the 2009 sur-
vey and 49.9% in 2018 reported being overskilled.

Comparisons with data collected by studies focusing on other countries are dif-
ficult because these studies adopted overeducation measures different from ours 
and considered different years. However, our data are consistent with those pro-
vided by Auriol (2010), who reported that, in European countries, the percentage of 
1990–2006 doctorate holders in a job not related to a doctoral degree varied between 
1.2% (Portugal) and 29.6% (Belgium).

Alongside the measures of overeducation and overskilling, regressors used in the 
analysis included a broad set of controls chosen by examining previous contributions 
on PhD holders’ wage determinants (Gaeta et al. 2017). We selected the regressors 
by considering those variables that were included in both the editions of the ISTAT 
survey considered in our study. These control variables are grouped as detailed in 
the following sub-sections.

7 The exact Italian wording of the question is: “Per svolgere questa attività (lavorativa o relativa alla 
borsa/assegno di ricerca), secondo lei, possedere un titolo di dottore di ricerca è necessario?”.
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2.1  Socio‑economic and Demographic Variables

The first variable included in this group was the respondents’ age on completion 
of a PhD. The ISTAT survey only provides this information in various categories 
(younger than 30 years old, 30 years old, 31 years old, 32 years old, 33 years old, 
and so on), and this variable was labeled AGE. Age is usually included in Mincer-
type regressions since it is presumed to be a proxy for work experience. Given that 
doctoral studies have an institutional duration of three years, with only one extra 
year usually allowed, older respondents presumably started their doctoral studies 
later. This may be due to work experience acquired before PhD enrolment or to a 
delay in completing university graduate studies. Therefore, the effect of age is a pri-
ori undefined. The potential existence of a gender gap in wages (Alfano et al. 2019a, 
b) was controlled through the FEMALE dummy. Several covariates controlled for 
the family situation of respondents, which in some cases may contribute to deter-
mining penalties in the labor market [Pacelli et al. (2013), for example, focused on 
labor market penalties for mothers in Italy]. More specifically, our set of regressors 
included one variable controlling for respondents’ marital status (MARRIED) and 
another controlling for whether they have children (CHILDREN).

2.2  Variables Related to the Respondent’s Educational Performance Before 
the PhD and Their PhD Enrolment

The first variable in this group was the respondent’s final degree grade 
(DEGREESCORE), which included five categories [between 66 (the minimum 
possible grade) and 110 (the maximum)]. Several scholars (McGuinnes and Ben-
net 2006; Sloane 2003) have criticized the overeducation literature by claiming that 
equally educated workers are heterogeneous in ability. According to these scholars, 
ability positively correlates with earnings, with “overeducated” workers correspond-
ing to those who are less able. The final university grade should reflect individual 
ability, and therefore the inclusion of DEGREESCORE among covariates should 
help identify the effect of overeducation on wages.

The second variable measured the number of years between completing a mas-
ter’s degree and beginning a PhD (FROMDTOPHD). We believe that this variable 
should be positively related to wages since respondents whose PhD program matric-
ulation was postponed presumably acquired some professional experience before 
starting their PhD studies. This is consistent with the idea that post-schooling work 
experience included in a Mincer-type wage equation is positively related to wages 
(Lemieux 2006). However, Di Paolo and Mañé (2016) found a negative effect of this 
variable on wages among Spanish doctoral graduates.

2.3  Variables Related to Respondents’ PhD Studies

The field of study has been found to be a strong determinant in explaining wage 
heterogeneity among Italian university graduates (Caroleo and Pastore 2018; 
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Cutillo and Di Pietro 2006) as well as among PhD holders in other countries (Canal 
Domínguez and Rodríguez Gutiérrez 2013; Di Paolo and Mañé 2016). Thus, a 
respondent’s field of doctoral studies was considered in our regression through a 
set of 14 dummies corresponding to the Italian university research areas (we used 
political science as a reference category). Given the studies undertaken, it seems 
reasonable to assume that hard science sectors are associated with higher wages than 
humanities and social sciences.

We also included some variables more specifically related to respondents’ expe-
rience with their PhD program. One dummy identified those who completed their 
PhD in three years (i.e. the ideal institutional length; EXTENSION). Ceteris paribus, 
the completion of doctoral studies within the institutional time limit may be inter-
preted as a proxy of individual ability. Another dummy recorded whether respond-
ents had taught a course, or part of a course, while they were PhD candidates 
(TAUGHT). There is no literature on the effects of these variables on wages to the 
best of our knowledge. However, all these experiences may be positively correlated 
with wages for two primary reasons. On the one hand, they are frequently accessible 
only through selection (i.e. only the best students are generally asked to teach); from 
this perspective, these experiences may also be considered as proxies for ability. On 
the other hand, these experiences enable PhD candidates to acquire skills and com-
petencies that may later be remunerated in the labor market.

To control for respondents’ financial condition during the PhD, we included the 
following covariates: GRANT (a dummy that takes the value of one for those PhD 
graduates who received a scholarship during their doctoral studies) and OTHER-
FINIMP (identifies those who received financial support from other sources to com-
plete their doctoral studies). These variables may also serve as ability proxies, since 
grants and financial supports are generally assigned competitively. Finally, the vari-
able 2006 captured the year of completion of the PhD. The inclusion of this variable 
allowed us to check whether those who completed their PhD studies more recently 
had, ceteris paribus, lower wages. This is consistent with the idea that work experi-
ence plays a role in determining wages. Furthermore, the inclusion of this variable 
was essential because overeducation is often described as a temporary phenomenon 
(Rubb 2003). Therefore, its incidence should be more evident among those who 
graduated more recently.

2.4  Job‑related Variables

Job characteristics are usually included on the right side of Mincer-type regressions 
(Di Pietro and Urwin 2006). We considered one regressor reflecting the employment 
sector, which could be manufacturing (labeled as MANUFACTURE), agriculture 
(AGRICULTURE), research and development services (RDSERVICES, used as ref-
erence category), or strictly academic (ACADEMY). Two more variables were added 
to reflect the specific activities carried out by respondents. One was a dummy iden-
tifying those whose job implied carrying out teaching (TEACHING) and the other 
reflected how much each respondent’s job was based on R&D activities (RD), distin-
guishing between “mostly,” “partially,” and “not at all.” The number of innovations 
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(patents, organizational and procedural innovations) and publications produced by 
respondents after completing their PhD was recorded by the PRODUCTS variable. 
Unfortunately, it was not possible to measure the prestige of these innovations and 
publications. Furthermore, we added dummies identifying respondents’ contrac-
tual position (Da Silva and Turrini 2015): SELF for those who were self-employed; 
PERMANENT for those with an open-ended (permanent) contract; and PARTTIME 
for those with a part-time position. The MIGRANT dummy took the value of 1 in the 
case of doctoral recipients who worked in a different region from that in which they 
undertook their PhD (expected to have a positive impact on wages). To account for 
respondents’ job experience, we introduced WKEXPYR, which measures years of 
work experience. Finally, the dummy variables PHDNETWORK and OTHERNET-
WORK reflected whether respondents’ current job had been obtained through the 
support of a known member of the university (met during the PhD) or someone else 
who was not met during the PhD.

Alongside these covariates, to reflect respondents’ place of residence at the time 
of the interview, we used NORTHWEST, NORTHEAST, CENTER, and SOUTH 
variables. This allowed us to account for unobserved heterogeneity among contexts 
(in terms of economic development, unemployment, features of the economy, etc.), 
which is highly relevant among Italian macro-regions whose disparities have been 
widely studied (Ercolano 2012).

3  Methodology

To estimate the impact of vertical mismatch on wages, one can use the following 
cross-sectional wage equation:

where, on the left-hand side, LNHWAGE indicates the natural logarithm of the net 
hourly wage reported by the i-th PhD holder, while, on the right side, OVER is a 
vector of variables including both overeducation and overskilling, X is a vector that 
includes the control variables presented in Sect. 2, � and � are vectors of parameters 
to be estimated, and ε is the error term. According to the reasoning presented in 
Sect. 1, OVER can be considered endogenous because of measurement error, omit-
ted variable(s), and reverse causality.

To address all these issues, one can use an IV estimation (Becker 2016; Stock 
2015). The IV approach implies estimating the following two-step equations:

where Eq. (2) predicts OVER ( ̂OVER ) as a function of a vector of exogenous vari-
ables and an IV, while Eq. (3) predicts wage as a function of the predicted overedu-
cation status resulting from the first stage.

(1)LNHWAGE
i
= OVER

�

i
� + X

�

i
� + �

i

(2)OVER
i
= �IV

i
+ X

i
� + �2i

(3)LNHWAGE
i
= �ÔVER

i
+ X

i
� + �1i
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An adequate IV has to show two characteristics. First, it has to be strongly cor-
related with the OVER variable (relevance condition). This hypothesis is testable 
if the coefficient δ in Eq. (2) is large and statistically significant, which means that 
there is a higher correlation between the instrument(s) and endogenous variables. 
Usually, an F test for δ is implemented for confirmation. Second, its relation with 
the dependent variable has to be uniquely through OVER variables (E(�1i|IVi

) = 0) 
(exclusion restriction or orthogonality condition). This is testable by relying on 
a t-test on the residual of Eq. (2) added to Eq. (3). If the residual is statistically 
significant, the IV is not valid because the IV explains wages, at least partially, 
without passing through OVER.

As already reported, the existing literature has highlighted that finding an 
adequate IV for the overeducation/overskilling variable is difficult. Therefore, 
the existing contributions on the effect of overeducation/overskilling on wages 
rely simply on ordinary least squares (OLS) cross-sectional estimates of Eq. (1), 
which are exposed to the risk of providing biased estimates.

In our case, a possible solution to the seemingly inextricable problem of find-
ing a valid IV (respecting both relevance and orthogonal conditions) is the proce-
dure developed by Lewbel (2012, 2018). The main aim is to generate a synthetic 
IV from the estimation of the following triangular model:

To identify this system, it is necessary either to impose an equality constraint 
on �1 or, if �1i and �2i are not correlated, a valid instrument 

(
Z − Z

)
�2i for OVER. 

Lewbel builds a valid instrument for OVER starting from the heteroskedasticity 
of �2i . We estimate �2 from Eq. (5) and calculate the estimated residuals �̂2i . We 
then impose Z = X (from the constant) and finally obtain the IV as ( X

i
–X)�̂2i . This 

procedure allows identification when the available instruments are weak or do not 
meet the exclusion restrictions.

Of course, being based on a “synthetic” IV, this method does not allow inter-
pretation and discussion of the theoretical implication of the IV choice, as is 
usual in the case of IV analyses.

To be applied, this approach requires the following assumptions: 
Cov

(
Z, �1�2

)
= 0 and Cov

(
Z, ε2

2

)
≠ 0 , where Z = X or a subset of X. Baum and 

Lewbel (2019) suggested three conditions that are sufficient to make these 
assumptions hold. These conditions are sufficient but they are not necessary, i.e. 
even if they are not satisfied, the Lewbel method can still hold.

First, the OVER variables have to be endogenous because an unobserved error 
term component is common to Eqs.  (4) and (5). This point has been discussed 
in Sect.  1, where we recalled that there are reasons to suspect that our vertical 
mismatch variables suffer from measurement error and/or that omitted ability or 
reverse causality can bias the OLS estimate of Eq.  (1). In our case, unobserved 
ability can affect wage but not OVER variables.

(4)LNHWAGE
i
= �OVER

i
+ X

i
�1 + �1i

(5)OVER
i
= X

i
�2 + �2i
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Second, Eq. (4) is a structural model and, as a consequence: the unobserved error 
term component is homoscedastic; and Eq. (4) does not contain any relevant omitted 
variables. The former can be tested following Pagan and Hall (1983), as suggested 
by Baum and Lewbel (2019). Even if homoskedasticity is rarely found in our esti-
mations, this does not systematically mean that the second hypothesis is rejected. 
Concerning the latter, since we have used as independent variables the entire set 
of socio-economic, family-related, curricula-related, and job experience variables 
used by the existing literature on PhD holders’ occupational outcomes, it can be pre-
sumed that there are no relevant omitted variables.

Third, �2
2
 is correlated with Z, corresponding to the test of the heteroskedasticity 

in Eq. (5), which can be obtained testing the Breush–Pagan test (Breush and Pagan 
1979). This test’s results always show the presence of strong heteroskedasticity 
and always support the use of the Lewbel methodology. These conditions are suf-
ficient but they are not necessary; therefore, even if they are not satisfied, the Lewbel 
method can still hold.

In the application of the Lewbel heteroskedasticity-based instrumental variables, 
we have a similar hypotheses to a standard IV estimate. After applying the Lewbel 
method to our wage equation, we built synthetic instruments that solve the orthogo-
nality condition problem in the IV estimate, but the two other conditions have to be 
tested. First, we have to test if instruments are correlated to the endogenous vari-
ables; this is simple to test and results are illustrated in the regression table on the 
FSTAGE line that are always significant. Second, we have to test if the endogeneity 
problem has been solved after using the IV. This implies testing for over-identifica-
tion by using the Hansen J statistic. The higher the Hansen J p-values are, the higher 
the precision in the estimation will be, and the more the smearing effect will be 
minimized (Baum and Schaffer 2020).

Two further points of this estimation method also have to be addressed. First, the 
OVER vector in Eq. (1) includes dummies measuring overeducation and overskill-
ing. This means that, in the first stage, we have to deal with a non-linear estimation. 
Lewbel (2018) showed that it is possible to obtain consistent results by estimating a 
liner probability regression in the case of binary endogenous regressors. Second, the 
system estimation may require either a double-stage estimate or a general method of 
moments in a unique step. Lewbel (2012) suggested using the latter to increase the 
efficiency of the estimator.

4  Results

4.1  Main Findings

The regression analyses carried out on data from the 2009 survey are reported in 
Table 3, while Table 4 illustrates the estimates calculated by considering the data 
collected in 2018.

All the specifications displayed in these tables (and in the following tables) 
include the entire set of regressors illustrated in Sect. 2 [the tables only show the 
coefficients estimated for the variables we are mainly interested in (i.e. overeducation 
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and overskilling) to save space]. Coefficients calculated for the other covariates are 
available upon request.

Columns 1 and 2 in Tables 3 and 4 report the findings by considering the entire 
sample. In model 1, a baseline OLS regression was carried out. Its results suggest 
that the overeducated respondents earn approximately 12% less than their matched 
counterparts. Such a finding turns out to be highly significant from a statistical point 
of view (p < 0.01). On the other hand, no statistically significant correlation was 
found between overskilling and wages.

In model 2, the robustness of these findings was tested by using the heteroskedas-
ticity-based instrumental variable estimation approach. The results from this analy-
sis qualitatively support the OLS findings. Indeed, we found a negative and highly 
statistically significant coefficient for overeducation and a non-statistically signifi-
cant coefficient for the overskilling variable.

On the one hand, these findings provide further empirical support for the idea 
that, among Italian PhD holders, wages are based on the recognition of qualifica-
tions, while skills are not taken into account (Gaeta et al. 2017). On the other hand, 
this finding might imply that wages are negotiated based on skills different from 
those considered by the PhD holders when replying to the survey question regarding 
overskilling. These results are similar to those found by some cross-national stud-
ies focused on university graduates (Kankaraš et al. 2016) but different from those 
found in Spain, where overskilling seems to play a critical role in wages (Di Paolo 
and Mañé 2016).

The estimates in column 2 suggest that the OLS estimates for the detrimental 
effect of overeducation on wages have a slight upwards bias. The IV results suggest 
that such an effect is − 9% for the 2009 survey (it was − 12% in the OLS) and mod-
erately higher in the 2018 survey (− 10.5%). Such an upward bias is possible, for 
example, if one assumes that the OLS estimates incorporate the effect of unobserved 
low ability (Caroleo and Pastore 2018). While the coefficients estimated through the 
IV approach have a magnitude lower than the OLS ones, they strongly suggest that 
the detrimental effect of overeducation on wages is still sizeable. Such a finding sup-
ports the idea that overeducation is a severe issue for PhD holders since it compro-
mises private returns from their education.

At the bottom of Tables 3 and 4, we report three tests that support the adequate-
ness of our IV analysis. First, the Pagan–Hall heteroskedasticity test (PH test, Pagan 
and Hall 1983) suggests that our data reveal a considerable presence of heteroske-
dasticity, which is crucial to applying the Lewbel IV strategy. Second, the first stage 
(FSTAGE) shows the significance of the relationship between overeducation and 
overskilling with the instruments, in all cases. Finally, Hansen’s (1982) J statistic 
and the corresponding high p-values support the validity of the IV over-identifying 
restrictions.

We are aware that these main findings might be biased by selection for employ-
ment (recall that the unemployed respondents could not report any wage and verti-
cal mismatch). To take this potential bias into account, we re-ran our analyses by 
including in the Mincer equation the inverse Mills ratio resulting from a first stage 
probit that explains employment. Our main findings were confirmed by this addi-
tional analysis.
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Furthermore, we are aware that selection for a job different from the one held 
before the doctoral studies might bias our main findings (recall that the overeduca-
tion variable was collected only for those who obtained their position after complet-
ing their PhD). To take this potential bias into account, we re-ran our analyses by 
including in the Mincer equation the inverse Mills ratio resulting from a first stage 
probit that explains holding a job different from any position held before the PhD. 
Our main findings here were also confirmed by this additional analysis. The results 
of these robustness check exercises are available upon request.

4.2  Findings by Study Field

Previous studies focusing on Italy report that PhD holders’ probability of experienc-
ing vertical mismatch and their monthly wages vary dramatically according to the 
field of study (Gaeta 2015; Gaeta et al. 2017). We therefore decided to split our total 
sample by separately considering those doctoral graduates who specialized in hard 
sciences and those who specialized in social sciences and humanities. More spe-
cifically, following the European Research Council (ERC), we classified respondents 
into two study fields: the hard sciences study field, including physics and engineer-
ing (PE) and life sciences and medicine (LS); and social sciences and humanities 
(SH).8 Such a sub-sample analysis seems appropriate to provide further insights into 
the detrimental effect of overeducation on private returns from doctoral studies.

In Tables  3 and 4, the results obtained by considering the hard sciences study 
field are reported in columns 3 and 4, while the social sciences and humanities 
are analyzed in columns 5 and 6. In both cases, the OLS and the IV estimates are 
reported. The adequateness of our IV heteroskedasticity-based instrumental variable 
estimation is not fully confirmed for the 2009 data analysis focused on hard sciences 
since the Hansen J test fails to support the validity of over-identifying restrictions of 
our instruments. Therefore, the IV results for this study field have to be taken with 
caution.

Overall, the sub-sample analysis suggests four main findings.
First, whatever the field of study and survey edition considered, overeducation 

seems to be linked with wages, while no statistically significant effect is found for 
overskilling.

Second, all the estimated OLS coefficients turn out to be upwardly biased. This 
confirms the idea that our IV analysis is able to correct, at least partially, the endo-
geneity issues illustrated in Sect. 2.

Third, while in the 2009 survey overeducation seems to affect social sciences and 
humanities more severely than hard sciences (− 12% vs − 7% for the IV estimates), 
the 2018 data seem to suggest the opposite (− 8% vs − 11%). This finding might 

8 We recoded the 14 study areas recorded by the ISTAT survey as follows. Physics and engineering (PE) 
includes: math, physics, and astronomy; earth and environmental science; chemistry; engineering; and 
architecture. Life sciences and medicine (LS) includes: biological science; medical science; and agricul-
ture and veterinary science. Social sciences and humanities (SH) includes: human science; history and 
philosophy; law; economics and statistics; and political and social sciences.
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indicate that social sciences and humanities graduates suffered much more than their 
hard science colleagues from the economic crisis experienced by Italy in 2009.

Fourth, while for hard sciences the detrimental effect of overeducation on wages 
was largely similar in the 2009 and 2018 data (ranging from − 10% in the 2009 data 
and − 11.6%/− 11.8% in the 2018 data), the social sciences and humanities field 
reveals much higher variability (the IV estimates ranged from − 12% in the 2009 
data and − 8% in the 2018 data).

4.3  Findings by Gender

Table 5 reports the results of additional analyses inspecting the heterogeneity of our 
main findings by PhD holders’ gender. Table  5 considers the 2009 and the 2018 
survey data separately and reports the results when the analysis was restricted to the 
men and women sub-samples.

Examining the tests at the bottom of Table 5, most of the IV estimates have to be 
taken with caution because the Hansen J test fails to support the adequateness of our 
IV.

If we rely on the OLS findings, we find evidence that overeducation affected 
women slightly more than men, both in 2009 and in 2018. This finding suggests that 
further inquiry is required into the role that overeducation might play in explaining 
the gender pay gap among PhD holders that has been found by previous analyses 
(Alfano et al. 2019a, b).

4.4  Findings by Place of Residence

Widespread national and international literature has studied the persistent eco-
nomic dualism between the less developed Italian Southern regions and the richer 
Center–North of the country (Ercolano 2012; Fratianni 2012). The economic divide 
between these two areas of the country is reflected and reinforced by a remarkable 
regional heterogeneity in R&D expenditure and performance in research and inno-
vation (Nascia and Pianta 2018). As a consequence, the R&D working opportuni-
ties, i.e. those opportunities that are presumably in line with PhD holders’ educa-
tion and skills, are unevenly distributed in the country and more widespread in the 
Center–North. In addition, the wider literature has asserted that, compared with 
other countries, the Italian economy is characterized by low R&D intensity (Nascia 
et  al. 2018), which suggests that finding a job that allows PhD holders to exploit 
their background is easier abroad than in Italy.

In our view, such heterogeneity in the PhD holders’ labor market opportunities 
can exert a significant impact on the overeducation wage penalty. Indeed, in places 
where R&D activities are more widespread and developed, the economy fully rec-
ognizes the importance of a PhD. In these places, matched doctoral graduates can 
earn a sizeable wage premium compared with their mismatched counterparts. In 
contrast, in those places where R&D activities are less developed, the importance of 
the PhD is less recognized, which means that the wage premium gained by matched 
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doctoral graduates compared with their mismatched counterparts tends to have a 
lower magnitude.

Bearing this in mind, we re-ran our regression analyses by splitting our sample 
into three sub-samples. The first includes only those doctoral graduates that are 
resident in the Center–North of Italy, the second has only residents in the South-
ern regions, and the third only includes those who live abroad. Table 6 summarizes 
the results obtained when focusing on these sub-samples using the 2009 data, while 
Table 7 reports the results when considering the 2018 data.

On the whole, the findings seem to support our predictions. Indeed, the IV-esti-
mated coefficients in Tables  6 and 7 suggest that the overeducation wage penalty 
is not statistically significant in the Southern Italian regions, while it is statistically 
significant and sizeable in the Center–North of Italy (where it ranges from − 8.7 to 
–10.3%) and especially abroad (where it ranges from –14.7% to –15.6%). In addi-
tion, the analysis returns a statistically significant, positive, and sizeable effect of 
overskilling among those employed abroad in 2009, in times of severe economic 
crisis. Such a finding suggests that, in times of crisis, using non-doctoral skills guar-
anteed higher private returns than holding a position focused on PhD skills.

Of course, we are aware that these findings might be biased by self-selection 
regarding migration. Indeed, the literature on PhD holders suggests that spatial 
mobility triggers job-education matching (Alfano et  al. 2019a, b) and that labor 
mobility is associated with higher wages (Di Cintio and Grassi 2017). This would 
imply that migrants report a higher incidence of matching and higher salaries, which 
might affect our findings. From this perspective, these findings should be interpreted 
with caution and their robustness requires a more detailed examination, which is 
beyond this paper’s scope.

5  Conclusions

This paper adds to the existing literature on the occupational outcome of PhD hold-
ers by inspecting the effect that education–job vertical mismatch exerts on wages. 
We have proposed an empirical analysis whose main contribution to the literature is 
applying Lewbel’s IV methodology (Lewbel 2012), which allows us to address the 
endogeneity issues that might have biased previous studies on this topic.

The results achieved through our estimates support the idea that being in a con-
dition of overeducation, i.e. holding a job that is not in line with one’s PhD, has a 
detrimental effect on wages. Our findings suggest that previous OLS estimates have 
upward biases. Nevertheless, the negative impact of overeducation on wages found 
by our IV estimates is still sizeable, ranging between − 9 and − 10%.

At the same time, our findings suggest that being in an overskilled condition does 
not imply any detrimental effect on wages. This would mean that wages are set con-
sistently with the formal qualification required to access jobs more than they are for 
skills, or that more detailed measures of overskilling are needed to gauge the effect 
of the misuse of skills on wages.

In a time of great economic crisis (2009), we found that the impact of overed-
ucation on wages was much higher among PhD holders specializing in the social 
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sciences and humanities. In contrast, in 2018, doctoral graduates specializing in 
hard sciences reported an overeducation wage penalty slightly higher than their 
social sciences and humanities colleagues. On the whole, our analysis suggests that 
overeducation affects women more than men and that such a wage penalty is more 
visible in places where the economy is more developed and R&D activities are more 
widespread.

On the one hand, these findings suggest that the consequences of overeducation 
on wages affect doctoral graduates, and not only university graduates, whose case 
has been extensively studied by the existing literature. This finding calls for a more 
detailed analysis of the links between the level of education and the consequences of 
overeducation.

These findings also provide valuable insights into the private returns that come 
with possession of a doctoral degree in times of economic crisis, such as those 
when the survey data analyzed were collected. From this perspective, they inform 
policy decisions concerning the design of incentives that might trigger PhD holders’ 
matched employability. Such incentives are essential in current societies, where doc-
toral graduates are expected to play a critical role in promoting new knowledge and 
in triggering innovation-oriented economic development.
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