
Boll, Christina; Rossen, Anja; Wolf, André

Working Paper

Patterns of overeducation in Europe: The role of field
of study

HWWI Research Paper, No. 184

Provided in Cooperation with:
Hamburg Institute of International Economics (HWWI)

Suggested Citation: Boll, Christina; Rossen, Anja; Wolf, André (2018) : Patterns of
overeducation in Europe: The role of field of study, HWWI Research Paper, No. 184,
Hamburgisches WeltWirtschaftsInstitut (HWWI), Hamburg

This Version is available at:
http://hdl.handle.net/10419/182107

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.



 

Paper 184

HWWI Research

Patterns of Overeducation in Europe: 
The Role of Field of Study

Christina Boll, Anja Rossen, André Wolf

Hamburg Institute of International Economics (HWWI) | 2018
ISSN 1861-504X



Authors:
Dr. André Wolf (corresponding author)
Hamburg Institute of International Economics (HWWI)
Oberhafenstr. 1 | 20097 Hamburg, Germany
Telephone: +49 (0)40 340576-665 | Fax: +49 (0)40 340576-150
wolf@hwwi.org

Dr. Christina Boll
Hamburg Institute of International Economics (HWWI)
Oberhafenstr. 1 | 20097 Hamburg, Germany
Telephone: +49 (0)40 340576-668 | Fax: +49 (0)40 340576-150
boll@hwwi.org

Dr. Anja Rossen
Institute for Employment Research
Regensburger Straße 100 | 90478 Nürnberg, Germany
Telephone: +49 (911) 179 4158
Anja.Rossen4@iab.de

HWWI Research Paper
Hamburg Institute of International Economics (HWWI)
Oberhafenstr. 1 | 20097 Hamburg, Germany
Telephone: +49 (0)40 340576-0 | Fax: +49 (0)40 340576-150
info@hwwi.org | www.hwwi.org
ISSN 1861-504X

Editorial Board:
Prof. Dr. Henning Vöpel
Dr. Christina Boll

© by the authors | August 2018
The authors are solely responsible for the contents which do not  
necessarily represent the opinion of the HWWI.



 

 

Patterns of Overeducation in Europe:  

The Role of Field of Study  
 

 

Christina Boll, Anja Rossen, André Wolf 
 

Abstract 

This study investigates the incidence of overeducation among graduate workers in 21 

EU countries and its underlying factors based on the European Labor Force Survey 2016 

(EU-LFS). Although controlling for a wide range of covariates, the particular interest lies 

in the role of fields of study for vertical educational mismatch. The study reveals country 

and gender differences in the impact of these factors. Compared to Social Sciences, male 

graduates from e.g. Education, Health and Welfare, Engineering, and ICT are less and 

those from e.g. Services and Natural Sciences are more at risk in a clear majority of coun-

tries. These findings hold for the majority of countries and are robust against a change 

of the standard education. However, countries show different gendered patterns of field-

specific risks. We suggest that occupational closure, productivity signals and gender ste-

reotypes answer for these cross-field and cross-country differentials. Moreover, country 

fixed effects point to relevant structural differences between national labour markets and 

between educational systems. 

 

Keywords: Field of study, college major, overeducation, vertical mismatch, gender, re-

alized matches, household context, EU countries, Labour Force Survey 
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1 | Introduction 

In general, the term overeducation refers to a job match in which the educational level 

of the worker clearly exceeds the educational requirements of the job. In the terminology 

of labour economics, this is often considered a vertical skill mismatch, as opposed to 

horizontal mismatches (workers choosing jobs with requirements outside the scope of 

their field of study/apprenticeship). A widespread occurrence of this phenomenon can 

seriously impair the competitiveness of an economy. From a macroeconomic perspec-

tive, an overeducation status of qualified workers reflects a waste of scarce human cap-

ital. From a microeconomic perspective, it can affect a worker’s job satisfaction. In turn, 

a skill mismatch can reduce overall work motivation, expressing itself in more frequent 

absenteeism and higher turnover of the workforce (Tsang and Levin, 1985; Sicherman, 

1991; Sloane et al., 1999). Moreover, overeducation is associated with earnings losses (e.g. 

Daly et al., 2000; Bauer, 2002; Boll and Leppin, 2016).  

However, before being able to tackle the problem successfully, it is essential to under-

stand the driving forces of overeducation at the individual level. In international com-

parison, the relevance of these driving forces might vary between countries and regions. 

Against this background, the aim of this paper is to identify possible determinants of 

overeducation for young (20-35 years) highly-educated (tertiary level) workers in EU-28 

countries. We make use of the 2016 wave of the European Labour Force Survey (EU-

LFS), a quarterly household sample survey that covers approximately 1.8 million indi-

viduals aged 15 years or older. This data set provides rich information on the respond-

ent’s demographic background, labour status, employment characteristics and educa-

tional attainment. It allows us to assess and compare the impact of a large variety of 

potential determinants, both separately for single countries and in a cross-country esti-

mation. In doing so, our focus is on the role of a so far relatively neglected impact factor, 

the choice of field of study.  

In this way, we make several contributions to the existing empirical literature on the 

determinants of overeducation. First, we include a range of new candidates for explan-

atory factors into our framework, including a person’s field of study and household 

characteristics such as the presence of inactive and unemployed household members. 

Second, our results allow for a comprehensive country comparison of the associations 

between overeducation and distinct micro level characteristics within the EU area. This 

helps to identify differences in the seriousness of the phenomenon between countries 

and to develop tailor-made policy recipes.  

Our findings reveal different overeducation risks for graduates from different fields. 

Compared to Social Sciences, male graduates from e.g. Education, Health and Welfare, 
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Engineering, and ICT (Information and Communication Technologies) are less and those 

from e.g. Services and Natural Sciences are more at risk. These findings hold for the ma-

jority of countries and are robust against a change of the standard education. However, 

countries show different gendered patterns of field-specific risks. We suggest that occu-

pational closure, productivity signals and gender stereotypes answer for these cross-

field and cross-country differentials. Moreover, country fixed effects point to relevant 

structural differences between national labour markets and educational systems. 

2 | Literature Findings 

The empirical literature on this topic has come up with a wide range of findings on the 

influence of some individual- and job-related factors, in particular work experience 

(Alba-Ramirez, 1993; Groot, 1996;; Sloane et al., 1999; Nielsen, 2011, Boll et al. 2016) and 

job tenure (Büchel and van Ham, 2002; Büchel and Battu, 2003; Groot and van den Brink, 

2003; Ortiz, 2010) beyond macro level factors like job scarcity on the labour market which 

might advantage graduates due to lower expected training requirements on the side of 

employers (Thurow 1975). Much less well-documented are factors related to household 

composition like the number of children and unemployed or inactive adults living in the 

same household.  

Moreover, beyond the educational level also the educational field of a person, constitutes 

an important element for predicting labour market outcomes (van de Werfhorst and 

Kraaykamp 2001, Hansen 2001) and hence might also be a determinant of overeducation. 

The fact that field of study is seldomly analyzed so far is to some degree due to data 

limitations. Nevertheless, the difference might be substantial for several reasons. First, 

fields of study differ in their occupational focus. Fields like medicine or engineering with 

their quite narrowly defined job profiles might require more occupation-specific skills, 

raising the chances of graduates to find appropriate jobs in the corresponding occupa-

tional groups (Reimer et al. 2008). On the other hand, a narrower focus could also imply 

that graduates will have a harder time finding adequate jobs outside the limited scope 

of their field of study. In the same vein, a higher occupational closure related to high 

entry barriers and narrowly defined educational standards could protect graduates of 

fields like medicine, law or architecture from educational mismatch (Ortiz and Kucel 

2008). Thirdly, credentialism theories suggest that in a world where the true personal 

abilities are unknown, the chosen field of study can also act as an ability signal to em-

ployers. Obtaining a degree in fields like Maths, Natural Sciences or technical disci-
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plines, which enjoy the reputation of imposing high intellectual demands on their stu-

dents, could convince employers of the extraordinary talent and/or motivation of appli-

cants (Barone and Ortiz 2011). This could give them preferred access to positions with 

high skill requirements, possibly also outside the occupational groups associated with 

their subjects. Finally, field choice might be triggered by individual gender role orienta-

tions and social origin (Polachek 1978, Bradley 2000), such that field-specific labour mar-

ket outcomes are not purely causal effects but to some part driven by selection into fields. 

More specifically, gender norms might impact decisions on family formation and mar-

riage and via this channel impact educational choices (Chiappori et al. 2009, Attanasio 

and Kaufmann 2017). On the other hand, having graduated as a female in a male domi-

nated field could convey a negative productivity signal to employers, relative to male 

graduates in the same field, resulting in higher overeducation. Hence, in countries with 

highly gender segregated higher education (e.g. Scandinavian countries; Carlsson 2011), 

women graduating in gender-averse fields should be particularly penalized.    

In estimating the role of field of study, it makes sense to distinguish between different 

levels of educational attainment. The training received by graduates from tertiary edu-

cation is typically of a more academic nature and less focused on occupation-specific 

skills than vocational programs. Hence, the impact of the chosen field on the risk of over-

education is likely to differ with educational level. In the first analysis of this kind, Green 

and McIntosh (2007) restrict their estimation for the United Kingdom to the subsample 

of university graduates and thus the tertiary level. They make a quite detailed distinction 

between 12 educational fields. Among those, degrees in Physical Sciences and in Com-

puting are estimated to lower the overeducation probability significantly relative to the 

reference category Business and Management Studies. The insignificance of the field 

Math explain the authors by the fact that school grades in Maths were included as an 

additional control variable, thereby diluting the measurement of the field effect. Moreo-

ver, signs of all field-related coefficients were negative, suggesting that the reference cat-

egory business and management studies is associated with the highest overeducation 

risk.  

In contrast, Ortiz and Kucel (2008) analyzed a mixed sample of workers differing in ed-

ucational attainment. Here, tertiary and non-tertiary degrees are distinguished by dis-

tinct dummies. Estimations were separately conducted for Germany and Spain. As a 

reference category, a tertiary degree in Social Sciences, Businesses and law was chosen. 

This category was associated with the lowest overeducation risk both in Germany and 

Spain, a result that is at least partially at odds with Green and McIntosh (2007). In fact, 

the large majority of other subject-degree combinations yielded significantly higher 

overeducation probabilities in both countries. The highest probability was estimated for 
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tertiary graduates from the field Services, again in both countries. Moreover, both ter-

tiary and non-tertiary graduates from Human Arts are exposed to a particularly high 

overeducation risk. In a further approach, Tarvid (2012) made use of the European Social 

Survey data and tested the field effect in a supranational sample comprising 30 countries, 

but only university graduates. Again, the most striking result is that graduates from Ser-

vices exhibit a much higher overeducation probability than graduates from Business, 

Law and Economics. Probabilities lower than for the reference were detected for the 

fields Education and Health. Berlingieri and Zierahn (2014) compare the overeducation 

risk of graduates from Humanities/Social Sciences, Business/Law and Natural Sciences 

for highly educated German males. They find for most specifications that Business and 

Law graduates are at significantly higher risk than graduates from Natural Sciences. Fi-

nally, the most recent test we are aware of was conducted by Capsada-Munsech (2015) 

for Italian university graduates. She found that graduates from Sociopolitics experience 

the highest overeducation probability, even significantly higher than the reference cate-

gory Humanities. The lowest probability was estimated for Medicine. Overall, even 

though investigations are rare and comparability is limited by the different field classi-

fications, the literature results suggest some considerable degree of heterogeneity, with 

students of Social Sciences, Services and Humanities being at higher risk than those in 

Natural and related Sciences. 

3 | Data and Measurement  

We use data from the European Labour Force Survey (EU-LFS)1 to identify possible de-

terminants of overeducation. The EU-LFS covers approximately 1.8 Mio. individuals 

from the EU-28 countries (plus Iceland, Norway and Switzerland) aged 15 years or older2 

and asks the respondents for their demographic background, labour status, employment 

characteristics and their previous employment experience/search for person not in em-

ployment. Our analysis is based on 2016 data and is restricted to 21 EU-countries, guided 

by issues of data availability regarding household variables and occupation groups. Re-

spondents are assigned to countries based on their place of work. In order to illustrate 

country differences in overeducation risk and its determinants, we perform estimations 

both for an aggregate cross-country sample with country fixed effects and for the single 

 
1 For more detailed information on the European Labour Force Survey, see, for example, European Union 

(2014).  

2 Norway and Sweden only cover persons between 15 and 74 years and Iceland and Switzerland only pro-

vide data on people aged 15 and more.  
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countries separately to allow for country-specific associations of the included covariates 

to the dependent variable.  

In line with previous studies (Reimer et al., 2008; Smyth and Steinmetz, 2008), we restrict 

our sample to highly educated individuals, as the issue of overeducation is by definition 

most relevant for members of this group and, with a sharp increase of graduates’ polu-

lation shares during the last decades in OECD countries (from 23.3 % in 1995 to 43.1 % 

in 2016 on average), affecting more and more people (OECD 2018).3 Highly educated 

individuals are defined as persons who have completed tertiary education. This corre-

sponds to educational levels 6, 7 and 8 of the ISCED 2011 classification included in the 

dataset. Furthermore, the sample is restricted to respondents aged 20 to 34 years. This 

restriction is motivated by our primary interest in the impact of field of study, as field of 

study information is in EU-LFS merely available for this age group.  

We refer to the above mentioned overeducation as a vertical inadequacy. In the litera-

ture, different ways for measuring overeducation are followed, from expert evaluation 

of occupation-specific required education (which is seldomly available, Eckaus 1964) 

and respondents’ subjective assessments to statistical approaches (realized matches). For 

our purposes, we adopt the variant of the realized matches approach. This is the only 

measure that can be employed based on the data at hand but referring to the literature, 

each measure has its pros and cons. Empirical evidence suggests that self-assessed over-

education is subject to other job features such as occupational status and particularly 

income (Dolton and Vignoles, 2000). Survey participants may be inclined to exaggerate 

educational requirements of their job for various reasons (Borghans and de Grip, 2000). 

Furthermore, self-assessed overeducation might be gender biased (Leuven and Ooster-

beek, 2011).  

More specifically, we follow the realized matches approach proposed by Kiker et al. 

(1997). We apply the 80th percentile of the levels of education within each occupation 

group as proposed by Ortiz & Kucel (2008). It considers a worker to be overeducated in 

her given job match if her educational level exceeds the 80th percentile of the distribution 

of observed levels of education in the given occupation. As a sensitivity check, we addi-

tionally report results calculated based on the mode as the educational standard. 4 The 

 
3 Studies that compare educational groups stress the higher magnitude of overeducation for graduates. For 

Germany for example, a study based on the Socio-economic Panel (SOEP) estimated a 30 % (41 %) risk for 

West (East) German male graduates and a 36 % (38 %) risk for West (East) German female graduates of 

statistical overeducation in 2011 whereas the corresponding figures for workers with medium education 

are 8 % (12 %) for men and 14 % (10 %) for women (Boll et al. 2016). 

4 The mean value is not an available option since the data provides us with educational categories only. 

Hence, the main advantage of the mode over the mean that it is less sensitive to outliers (Kiker et al. 1997) 

does not apply in our data context. 
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choice of reference point can potentially have a sensitive impact on the measurement, 

depending on the specific distributions of educational levels within an occupation 

group. Referring the 80th percentile over the mode follows the idea that the mode regu-

larly relates to higher overeducation rates in the same methodological setting and based 

on the same data (see for a literature overview Cedefop 2010, p. 18-20). This particularly 

applies when the underlying distribution of the dependent variable is fairly even; in this 

case, depending on the exact position of the most frequent single value the oberserva-

tions above (or below) this threshold may cover a quite high population share.  

To investigate the association between overeducation risk and educational field, we im-

plement the field of study indicator provided in the EU-LFS data as an explanatory var-

iable. Following the classification scheme ISCED 2013-F, it distinguishes 11 field catego-

ries. In our estimation model, the single categories are coded as categorical dummy 

variables, choosing the category “Social Sciences, Journalism and Information” to be the 

omitted reference category. Additionally, in order to illuminate potential gender differ-

ences in the role of the single fields, we include interaction terms of the field category 

with a dummy measuring sex (female=1; male=0). 

Moreover, to control for the impact of other factors, we add a broad range of control 

variables. In particular, we differentiate between three categories of covariates, namely 

personal characteristics, household characteristics5 and job characteristics.  

Personal characteristics include sex, marital status and two dummy variables that are 

equal to one if the respondent is a foreigner from another EU country or a non-EU coun-

try, respectively. Furthermore, we consider the impact of age within our already narrow 

sample of 20-34 years old by introducing dummies controlling for the impact of mem-

bership in the following age groups: 25-29 years old and 30-34 years old. Hence, the 20-

24 years old represent the reference category in this regard.  As household characteris-

tics, we are principally able to control for the educational level (ISCED) of the spouse, 

the existence of unemployed or inactive adults, elderly persons (aged 75 and over) and 

children by age of the youngest one (between 0 and 5 years, between 6 and 11 years and 

between 12 and 17 years) in the same household. As recent research still identifies a 

strong gender bias in the labor market implications of children (Waldfolgel, 1998), inter-

action terms with sex are included for this last indicator. However, not all of these vari-

ables are used as controls for overeducation simultaneously, as some of them are instead 

utilized as identification variables in a preceding Heckman correction for employment 

selection (see Estimation method).  

 
5 Household characteristics are not available for the Nordic countries (see European Union, 2014). 
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Job characteristics include, among others, usual working hours and tenure. Usual work-

ing hours are given as the number of hours that a respondent is usually working per 

week in her main job. Tenure is defined as the number of years since a person started to 

work with her current employer or as self-employed. In order to shed light on potential 

non-linearities, both variables are also included as squared terms. Further job character-

istics are considered by means of dummies that are equal to one if the respondent holds 

a temporary contract or if she has a second job, respectively. Firm size is split into three 

dummy variables, namely 11 to 19 employees, 20 to 49 employees and more than 50 

employees. Persons who work for firms whose number of employees varies between 1 

and 10 belong to the reference group.  

As a variable reflecting the spatial dimension, the degree of urbanization at the work-

place is included. It is split according to population density into two dummy variables 

for rural areas and towns/suburbs, with cities as the most densely-populated area as a 

reference category. Finally, as common control variables, we also include sector (sections 

according to NACE Rev. 2) and country dummies in our regressions.  

4 | Estimation method 

The most simple (and also most common) approach to analyze impact factors on over-

education risk is to implement a Probit model (see Judge et al., 1988). The target variable 

𝑦𝑖  classifies a respondent either to be overeducated (𝑦𝑖 = 1) or not (𝑦𝑖 = 0). In the Probit 

model, the probability of 𝑦𝑖 = 1 is modelled as follows: 

𝑝 = 𝑃𝑟(𝑦𝑖 = 1|𝑋) = Φ(𝑋𝛽) 

where Φ(. ) is the cumulative distribution function of the standard normal distribution 

and 𝑋 is the set of covariates presented above. The model can be estimated with the Max-

imum-Likelihood-Method, which yields consistent, asymptotically efficient and asymp-

totically normal distributed estimates. Due to the nonlinearity of the model, marginal 

effects are not simply given by the estimated coefficients �̂�, but depend on the level of 

the covariates.   

A drawback of this simple approach is that it neglects a potential estimation bias due to 

self-selection into employment. It rests the analysis purely on those individuals having 

a job at the time of observation. However, intuition suggests that overeducation risk 

could well be correlated with employment selection, for instance if the prospect of en-

tering into a skill mismatch induces job seekers to rather stay unemployed to circumvent 

expected earnings drawbacks or other disadvantages like job dissatisfaction. Under such 

circumstances, employed and non-employed individuals systematically differ in their 
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risk levels. Results based on estimations not accounting for the impact of work selection 

will then be biased. Fortunately, Heckman (1979) has developed a two-step correction 

mechanism to take care of this issue. As a first step, based on a sample of workers and 

non-workers, a Probit model is specified estimating the likelihood of being in employ-

ment at the time of observation as a function of several control variables. As a second 

step, based on a sample restricted to workers, the Probit model for overeducation can be 

estimated, including the inverse mills ratio computed from the results of the first step as 

an additional control variable, reflecting the impact of selection to the overeducation 

equation.  

In principle, the application of the Heckman procedure sets two data requirements. First, 

both workers and non-workers need to be included in the dataset. This is the case with 

EU-LFS. Second, in order to create exogenous variation in the inverse mills ratio, one or 

more identification variable(s) need to be included. These are indicators which influence 

the employment probability, but not directly the probability of overeducation. They 

therefore only appear in the employment equation. In our case, the choice of identifica-

tion variables is further complicated by country heterogeneity: due to diversity of cul-

ture and traditions, different sets of identifiers could be appropriate for different coun-

tries. For a consistent approach, we applied the following specification scheme for each 

country sample (as well as the cross-country estimation): First, a basic Probit model for 

overeducation probability without selection correction including all indicators as ex-

planatory variables was estimated. Those household variables for which the null hy-

pothesis of zero influence could not be denied at 10 % significance level were considered 

as candidates for identification variables. Second, a Probit model for employment prob-

ability, likewise considering the whole set of indicators as explanatory variables, was 

estimated. Based on the results, we selected among the candidates those as identification 

variables for which a significant influence on employment probability could be meas-

ured. Finally, the Probit estimation of overeducation probability was repeated, this time 

including the sample correction (i.e. the inverse mills ratio obtained from the previous 

step), but omitting the identification variables. The coefficients obtained from this last 

regression are reported as the final results and are interpreted in the following section.  
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5 | Results  

5.1 | Descriptive results  

Figure 1 depicts the share of overeducated workers among workers with tertiary educa-

tion at country level obtained by applying the 80th percentile as the standard education 

to the 2016 wave of EU-LFS. France is the country with the highest overeducation fre-

quency, followed by Austria, Italy and Greece, while Estonia stands out with a particu-

larly low rate. While about every second worker is considered overeducated in total, 

country variation is enormous. The highest rates (almost two-thirds) are measured for 

Italy, Ireland and the Netherlands. The lowest rates are observed for Poland, Portugal 

and Romania. In these countries, only about one third of the workers are assessed to be 

overeducated. This high degree of heterogeneity suggests that either in the single coun-

tries different impact factors are at work or that workers from different countries sys-

tematically differ in relevant characteristiscs or both. This can be examined based on the 

results of our econometric analysis discussed in the next section.  

Our expectation was that using the mode instead of the 80th percentile should relate to a 

comparatatively higher magnitude of overeducation. This is confirmed by the descrip-

tive overeducation frequencies graphed in Figure 2 in the Appendix. About every sec-

ond worker is considered overeducated in the pooled sample when the mode is used as 

the educational standard. Moreover, the distribution among countries shows quite a dif-

ferent picture. Italy, Ireland and the Netherlands represent the countries with the highest 

overeducation rates now, whereas the lowest rates are observed for Poland, Portugal 

and Romania. In these countries, only about one third of the workers are assessed to be 

overeducated. 
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Figure 1: Percentage of overeducated workers on all highly-educated workers in EU-LFS 2016, based on the 

80th percentile as standard education   

 

5.2 | Regression results 

5.2.1 | Impact of educational field 

Table 1 presents estimation results for educational fields obtained in the overeducation 

regression at the cross-country level. Sign and significance of the single coefficients need 

to be interpreted relative to the reference category “male graduates from Social Sciences, 

Journalism and Information”, respectively.6 Table 2 in the Appendix reports the coun-

try-specific results. For a correct interpretation, it is important to be aware that the 80th 

percentile measure represents a more restrictive critertion under most circumstances. 

Hence, persons classified as overeducated by this criterion can be considered severely 

overqualified. In what follows, we discuss the results of the cross-country estimation 

together with country-specific results. 

Base term effects 

We start with the base term which repesents the field impact for male graduates. Com-

pared to the reference category, graduates from Education, ICT, Engineering, and Health 

 
6 We abstain from reporting results for the category of General Programmes as as this applies only to a very 

small share of graduates in the tertiary segment. 
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and Welfare exhibit a significant lower risk of overeducation whereas graduating in Nat-

ural Sciences and Services is associated to a higher risk in the cross-country comparison. 

Arts and Humanities, Business and Law as well as Agriculture are not signficantly dif-

ferent from Social Sciences in terms of overeducation risk in the cross-country perspec-

tive. At country-level however, the picture differs in some aspects. For Education, the over-

all picture is confirmed, with the majority of countries reporting a comparatively lower 

risk (significant results: 3 with positive, 9 with negative sign). The same holds true for 

ICT, Health and Welfare, and Engineering, with a lower risk of overeducation compared to 

Social Sciences in most countries (significant coefficients signs ICT: 0 positive, 7 negative; 

Health & Welfare: 2 positive, 4 negative; Engineering: 1 positive, 5 negative). As in the 

cross-country estimation, Natural Sciences (6 positive, 0 negative) and Services (3 positive, 

1 negative) are related to a higher risk compared to Social Sciences also on the country 

level. Moreover, Arts and Humanities which do not significantly deviate from the refer-

ence category in the country-pooled estimation, tun out to be associated with a lower 

risk in the majority of countries (2 positive, 4 negative). The same applies to Business 

and Law (3 positive, 5 negative), but the opposite holds for Agriculture which exhibits a 

comparatively higher risk in most countries (4 positive, 1 negative).7 Concerning the sig-

nificance of results, the roles of Education, ICT, Engineering, and Natural Sciences mark 

the most clear-cut results.    

Table 1: Regression results for fields of study based on the 80th percentile as the standard education 

Overeducation measure: 
 80th percentile 

Cross-country sample 

  
Base term 

Interaction with sex  
(Female=1)    

 coef se coef se 

   Sex -0.016 0.202   

   Field of study     

      General programmes  -0.170 0.401 0.341 0.488 

      Education   -0.219* 0.115 -0.032 0.129 

      Arts and Humanities -0.162 0.114 0.240* 0.131 

      Business  and Law -0.079 0.084 0.141 0.101 

      Natural Ssciences 0.345*** 0.115 -0.252* 0.145 

      ICT -0.359*** 0.103 0.039 0.190 

      Engineering -0.196** 0.083 0.149 0.113 

      Agriculture 0.041 0.150 0,008 0.192 

      Health and Welfare -0.364*** 0.119 0.089 0.133 

      Services 0.215** 0.108 -0.290** 0.143 

Observations 34,627 

Reference category: Social Sciences, Journalism and Information.  

 
7 We also checked whether the picture of dominating field-effects across countries is driven by weakly sig-

nificant single effects. It turned out that the reported direction of the field-effect that dominates the coun-

try-specific results applies also when all of the coefficients, including the ones which lack significance, are 

taken into account.  
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*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical significance at 1%-level; 

 

The obtained relationships between field of study and vertical educational mismatch 

broadly fit intuition: The identified low-risk fields are for the most part associated with 

comparatively specific job profiles, whose well-defined qualification requirements rep-

resent entry barriers that provide preferential access for those who exhibit the appropri-

ate degree (with physicians in Health and Welfare being the most rigorous example). In 

this regard, Arts and Humanities seems to represent an exemption. However, beside 

traditionally less job-specific programmes like history and philosophy, this ISCED-F cat-

egory also includes more labour-market oriented subjects like handicrafts and design 

studies, possibly explaining the surprisingly low overeducation risk of the main group. 

By contrast, programmes in the fields of Social Sciences are traditionally much less job-

specific, forcing their graduates to compete with a range of applicants with other educa-

tional backgrounds when entering the labour market. Hence, it is no surprise to see a 

comparatively large share of them to be drawn into mismatches. The particularly high 

risk detected for graduates from Services is also as expected, given that it includes areas 

like Catering, Travel and Personal Services in which competition by non-academic ap-

plicants is tough. More surprising is the positive coefficient on Natural Sciences. It might 

be in so far explicable as this field not only contains disciplines with the reputation of 

setting high demands regarding analytical skills like Mathematics and Physics, but also 

several forms of Environmental studies, whose marketability tends to be more limited.  

Confronting our results with those of the literature, we notice some parallels and dis-

crepancies to other studies based on EU-LFS. This foremost concerns Ortiz & Kucel 

(2008) as well as Ghignoni & Verashchagina (2014), the only other studies we are aware 

of that investigate the impact of study choice on overeducation with the help of EU-LFS. 

The analysis of Ortiz & Kucel (2008) is based on an older version of ISCED-F with slightly 

different categorization. This is already visible in a distinctly composed reference cate-

gory: Social Sciences, Business and Law. In their analysis, tertiary graduates from the 

reference category represent the group with the lowest overeducation risk. Humanities 

and Arts stand out with particularly high overeducation risk in both Spain and Ger-

many, but even the fields Engineering and Health/Welfare exhibit a significantly higher 

risk than the reference field. This contrasts with our results for Germany where gradu-

ates from Humanities and Arts benefit from a (insignificantly) lower risk than Social Sci-

entiets do. However, our results for Spain are at least not contradictory to those of Ortiz 

& Kucel (2008), with an insignificantly higher risk for Spanish graduates from Arts/Hu-

manities. The more recent study of Ghignoni & Verashchagina (2014) also comes to re-

sults comparable to Ortiz & Kucel (2008) for Germany and Spain, especially concerning 
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the detected high risk for graduates from Engineering, compared to Services. The result 

for Germany is contradictory to ours, but the result for Spain accords our findings, indi-

cating (insignificantly) lower risks for Spanish graduates from both Engineering and Ser-

vices compared to Social Sciences. Concerning the other countries included in their anal-

ysis, their estimates are broadly in line with ours.  

Tarvid (2012) also makes comparisons among European countries, but based on another 

dataset, the European Social Survey (ESS). His results are quite similar to ours. He finds 

a particularly high risk for graduates from Services, and low risks for graduates from 

Education and Health. Green & McIntosh (2007) with their analysis for the UK differ 

from our and the forementioned studies in the sense that they base their overeducation 

measure on workers’ self-assessment and make a more detailed distinction of fields. 

Some parallels to our results are nevertheless noteworthy, especially concerning the low 

risks measured for workers with degrees in Computing and in Arts. The results of Ber-

lingieri & Zierahn (2014) and Capsada-Munsech (2015) are of limited comparability to 

our analysis, because they differ too much in the way they delimit and aggregate fields. 

Nevertheless, some degree of consistency with our results can be observed by the facts 

that Berlingieri & Zierahn (2014) predict a lower overeducation risk for Engineers than 

for graduates from Business and Social Sciences. As our result for Business is less clear-

cut as that for Engineering, their results are in line with ours. Similarly, Capsada-Mun-

sech (2015) are in accordance with our results in the sense that they also obtain a low 

overeducation risk for Engineers, albeit compared to another reference category (Hu-

manities). 

The remainder of relevant studies is interested in other forms of labour market out-

comes. Some of them seem to underpin the composition of our results. For instance, 

Nunez & Livanos (2010) analyze the impact of field choice on unemployment risk. For 

their Europe-wide sample, they identify the lowest risks for graduates from the fields 

Engineering, Education and Health/Welfare, groups that are also associated with a par-

ticularly low overeducation risk in our cross-country and the majority of country-spe-

cific estimates in our study. In a country-specific analysis, Reimer et al. (2008) likewise 

detect a consistently low unemployment probability for graduates from Health/Welfare, 

and, with just a few exceptions, also for Education and Engineering. Low overeducation 

and low unemployment rates both indicate a high labour market demand for the respec-

tive field-specific skills.   

Gender-specific effects 

A slight variation of this pattern is observed when focusing on the coefficients of the 

interaction terms. To a large part, they are insignificant. At the same time, the base term 
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for sex is also insignificant. Together, this implies that no difference in the overeducation 

risk of male and female graduates within the corresponding fields can be statistically 

proven. The two exceptions are Engineering and Arts and Humanities, where female grad-

uates are assessed to be at significantly higher risk than male graduates. For a correct 

interpretation of this, it is important to stress again that the coefficient estimates are ob-

tained from a regression including a large set of household- and job-related control var-

iables. Hence, well-known reasons for gender biases on the labour market like the facts 

that women face tougher restrictions by the presence of children, stuck more often with 

part-time jobs and sort into different sectors than men cannot serve as explanations in 

this case.8 Instead, one could think of five (non-exclusive) channels. First, the risk dis-

crepancies might reflect that, on average, female graduates exhibit different preferences 

in terms of job attributes than their male counterparts in the same educational fields. 

Women might prefer family-friendly and flexible work arrangements over an optimal 

match with corresponding higher earnings (Coudin et al. 2018). Second, they might be a 

sign of field-specific gender discrimination concerning access to adequate jobs, e.g. as a 

consequence of gender stereotypes regarding job images (Glick et al., 1995). Third, they 

could indicate that in these fields male graduates showed on average the better academic 

performance, giving them better chances to enter adequate positions. Fourth, they could 

also indicate the existence of educational sorting at a lower aggregation level than meas-

ured. This would mean that within these two fields female students tend to self-select 

into specific programmes that offer comparatively worse job opportunities and are thus 

more prone to cause overeducation (see the discussion of educational branches in Sec-

tion 5.2.2). Given the rather high aggregation level of our field variable in EU-LFS, this 

appears to be a likely explanation. Fifth, finally, gender differences in field-specifik risks 

could origin in masked gender differences regarding assumed occupations.9 Concerning 

our specific results, intuition suggests that the second explanation might be more rele-

vant in the case of Engineering, while the fourth and fifth one seems rather suitable for 

Arts and Humanities.  

 
8 Strictly speaking, one potential explanatory factor we are not able to control for with our dataset is past 

employment. An impact of potential child-related differences in work experience between male and fe-

male graduates can thus not be excluded. However, as our sample is restricted to young workers up to 34 

years old, we consider this only a very minor influence, as almost all children of the individuals in the 

dataset should be underaged, implying that a corresponding experience differential is captured by the 

interaction terms of children and sex. 

9 Note that we although we specify overeducation as an occupation-specific risk (see Section 3), this does 

naturally not prevent genders from sorting into different occupations within the same educational field. 
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Furthermore, gender differences in field-specific overeducation rates could origin in gen-

der-different field-specific enrollment rates and correspondingly different demand/sup-

ply ratios on the labour market. This is not the place to discuss these effects in detail, but 

a reference shall be made to some empirics that analyzes the role of institutional factors 

underlying the observed gender segregation in the fields of study as family policies, 

prevalent gender norms, gender pay gaps etc. in a cross-country comparison (Zuazu 

2018, Smyth/Steinmetz 2008).  

 

5.2.2 | Country dummies 

The country dummies report country-specific risks that cannot be explained by the con-

trolled individual characteristics of the national sample members (Table 3 in the Appen-

dix). Interestingly, Latvia (Ireland, Cyprus, Spain, Slovakia) exhibit a magnitude of over-

education in the descriptive analysis (see Figure 1) which are clearly below (above) that 

of Germany (as a reference in the multivariate analysis) although the country dummies 

are insignificant. This means that the low (high) overall magnitude of Latvia (Ireland, 

Cyprus, Spain, Slovakia) compared to Germany is fully explained by individual charac-

teristics or, (dis-)advantageous individual portfolios are perfectly balanced with advan-

tageous (disadvantageous) country-level effects. Poland exhibits a significantly negative 

country dummy altough the magnitude of overeducation in Poland is quite similar to 

the German case, meaning that some macro-level factors in Poland outweigh the effects 

exerted by individual characteristics in the Polish subsample. By contrast, the signifi-

cantly positive (negative) parameters of the country dummys of Austria, France, Hun-

gary, Portugal and the United Kingdom (Belgium, Bulgaria, Estonia, Lithuania, the 

Netherlands and Romania) clearly indicate that beyond individual factors, some meta 

factors on the country level hold responsible for their comparatively higher (lower) mag-

nitude of overeducation.  

The country-specific effects may refer to country differences in Higher Education (HE) 

attainment rates, the skill structure of national labour markets but also to special features 

of educational systems, i.e. regarding selectivity of entry, drop-out rates, and the repu-

tation of different branches of HE (masters vs. bachelors in sequential systems and uni-

versities vs. vocational schools in binary systems). According to Barone and Ortiz (2011), 

comparatively low attainment rates in HE in the Czech Republic, Italy, Austria and Ger-

many should relate to relatively low overeducation rates in these countries. This holds 

true for the Czech Republic in our study which exerts an insignificant country dummy 

(compared to Germany as a reference) and displays an only slightly higher overeduca-

tion rate than Germany in the descriptive analysis. Low tertiary attainment rates and a 

highly stratified HE system in the Czech Republic (OECD 2006) should play out in terms 
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of low overeducation rates of graduates. However, Czech graduates from Agriculture 

suffer a significantly higher risk than Social Scientists which does not apply to Germany. 

However, the Czech Republic is in a more advantageous position related to Germany in 

terms of overall overeducation magnitude than Spain. Spain turns out as a country with 

high vertical mismatch which might be explained by mass enrollment in a sequential HE 

system generating particularly high numbers of bachelors without exhibiting a suitable 

absorption capacity of the high-skilled on the labour market (Barone/Ortiz 2011). Sec-

ond, in the highly segmented Spanish labour market with a high share of temporary 

jobs, a suboptimal match is the ‘prize’ for a permanent job (Ortiz 2010). By contrast, the 

Dutch labour market including posts in the public sector accomodates the high supply 

of graduates leaving the HE system. In line with this, the Netherlands is the only West 

European country whose country-level factors operate more strongly against overedu-

cation than in the German case.  

With Austria and Italy however, two countries exhibit clearly higher magnitudes of 

overeducation than Germany and their country-level effects seem to contribute to this 

result. This is astonishing since Austria’s HE system is highly stratified (OECD 2006). 

One reason might be that vocational schools which have a shorter tradition than in Italy 

still send out a negative productivity signal (compared to universities), despite posing 

high entry barriers. Secondly, single fields of study might drive the overall result in Aus-

tria and also in Italy. Compared to Austrian and Italian ones, German graduates from 

Education and Health/Welfare are at significantly lower risk than graduates from Social 

Sciences. This view is supported by Barone and Ortiz (2011) who state that Education 

and Health are among the employment areas that drive cross-country differences in 

overeducation.    

 

5.2.3 | Other impact factors 

Table 4 in the Appendix presents the estimation results for the coefficients of the remain-

ing explanatory variables at cross-country level.10 In this case, the identification variable 

for the selection equation is eldercare, which is thus not a factor directly influencing the 

overeducation probability.  

First, we notice the insignificance of the inverse mills ratio, implying that no association 

between employment selection and overeducation risk can be identified at the European 

level. This result is overwhelmingly confirmed by the country regressions, with Estonia 

 
10 Results for these impact factors at country level are available upon request. 
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and France with both positive and Slovakia with a negative significant coefficient as the 

only exceptions (regarding France, the significance level is 10% only).  

Among the individual characteristics, only nationality is estimated to be of statistical 

influence at the European level. Other factors being equal, foreigners are at higher risk 

than domestic citizens, with non-EU foreigners suffering an even (slightly) higher risk. 

To the extent that foreigners include immigrants, this is in line with general economic 

reasoning. It would predict a higher risk for immigrants due to the non-transferability 

of human capital accumulated abroad and the role of cultural and language barriers, also 

explaining the extra risk for non-EU foreigners. However, although this result is mostly 

confirmed on the country level, there are some exceptions where nationality, independ-

ent of the region of origin of foreigners, does not contribute to explaining overeducation 

(Czech Republic, Latvia, Poland, France and the Netherlands). Low observation num-

bers of foreigners might account for this. Being female is not related to a higher overed-

ucation risk per se, the same holds for being married (although on the country level, 10 

(8) countries show significant associations for gender (being married), but in both direc-

tions). Moreover, a higher educational level of the spouse proves to reduce the overed-

ucation risk in the European sample. In light of assortative mating, this is an interesting 

result. Even though persons with a better educated partner might tend to be more qual-

ified themselves, they are, all things being equal, less prone to overeducation. Given our 

control for employment selection, this can not be explained by a potential impact of the 

spouse’s earnings on the inclination to work at all. On the country level, most countries 

confirm the aggregate result of this covariate, with the only exception of Greece.  

Regarding the presence of children, we identify no influence on overeducation patterns 

for male or female individuals alike. This marks a departure from literature results such 

as Sloane et al. (1999), who detect a risk-enhancing effect of small children. Furthermore, 

heterogeneity at country level is considerable, both concerning base and interaction 

terms. There are several countries for which children at certain age levels are measured 

to be risk-enhancing for the one or the other parent or both, while they are risk-reducing 

in others. Results regarding the agglomeration degree are mixed on the country level, 

whereas the results are insignificant in the cross-country estimation. For example, living 

in a rural area is in four countries associated to a higher and in three other countries to a 

lower overeducation risk than living in a city. However, interestingly, negative base 

terms go hand in hand with positive female interaction terms and vice versa. Moreover, 

with the exception of Hungary and Latvia, the absolute amounts of the effects of inter-

action terms are in these countries larger than thoses of the base terms. This means that 

risk differences between cities and rural areas work in opposite directions for men and 

women. With respect to the job variables, merely the size of the firm and the type of the 
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working contract are determined to be of relevance at cross-country level. Persons who 

work in firms with 11-19 employees are ceteris paribus predicted to have the lowest over-

education risk, with however only a slight difference to the impact of firms with 20-49 

employees. Hence, workers in very small firms have the highest risk, but workers in 

large firms (50 and more employees) rank second. At country level, the picture is diverse 

however. Latvia, Poland, Germany and Slovakia stand out with lowest risks in large 

firms, in Portugal and Greece this applies to the 11-19 category and in some others, firm 

size is not at all relevant. Furthermore, workers with temporary contracts face a higher 

risk than workers in permanent positions. This is both in line with expectation and the 

results of Green and McIntosh (2007) and Ortiz (2010). One explanation could be that the 

transitory nature of fixed-time jobs could convince people to accept less ideal matches. 

In this regard, there is no contradictive evidence on the country level although some-

times significance is lacking. More usual working hours are associated with a lower over-

education risk in the cross-sectional estimation, which is widely confirmed on the coun-

try level with only four countries showing significant opposite effects (Czech Republic, 

France, Ireland and Latvia) and the negative squared term indicates that the positive 

hours effect operates at decreasing marginal rates. A quite robust result is the decreasing 

effect of tenure; only Cyprus and Latvia present opposing results here, with largely pos-

itive squared terms). Furthermore, many industry effects turn out to be highly significant 

in the aggregate estimation, with diverse patterns on the country level. The Education 

sector stands out with a risk-reducing effect throughout countries and also in the cross-

country estimation. This also applies to Public Administration and Defence as the second 

component of the public sector, with the only exceptions of Cyprus (on the 10% level 

significant) and Slovakia. 

 

5.2.4 | Sensitivity analysis 

As we pointed out in the methodological section, our statistical approach of measuring 

overeducation is not the only consistent method available. Therefore, it is important to 

grasp the sensitivity of a measurement choice by comparing it to an alternative. To learn 

in how far the application of this alternative might impact our econometric results, we 

repeated our estimations, this time based on the mode instead as the 80th percentile. Ta-

ble 5 in the Appendix lists the estimates for the fields of study obtained under this alter-

native scenario for the cross-country sample and Table 6 in the Appendix displays the 

country-specific results. Focusing on the base term first, we can state that male graduates 

from the disciplines Education, Arts and Humanities, ICT, Engineering and Health and 

Welfare all face a significantly lower overeducation risk than the reference group at 

cross-country level. The lowest risk is estimated for male graduates from ICT, all else 
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being equal. Significantly higher risks than for the reference category are measured for 

male graduates from Natural Sciences and Services. For the remaining fields, a difference 

to the reference category cannot be established statistically. On the country-level, the 

lower risk for graduates in the field of Education compared to Social Sciences is confirmed 

(significant parameters Education: 3 positive11, 5 negative). The same holds true for Arts 

and Humanities (2 positive12, 8 negative), ICT (1 positive13, 6 negative), Business and Law 

(1 positive, 3 negative)14, Engineering (2 positive15, 7 negative), and Health and Welfare (3 

positive16, 5 negative). By contrast, Services (6 positive, 2 negative17) and Natural Sciences 

(5 positive, 1 negative18) are associated with a higher overeducation risk than Social Sci-

ences. Furthermore, also Agriculture which lacks significance in the overall estimation, is 

related to a comparatively higher risk (5 positive, 3 negative). In the cross-field compar-

ison, results are most clear-cut for Services, Arts/Humanities, ICT, Engineering and Nat-

ural Sciences. Note that the results regarding the prevalent direction (“lower” vs. 

“higher”) compared to the reference category does not only hold true for the signicant 

parameters on the country level but also when the total of results is taken into account.  

In comparison of measures and in terms of the basic effect, the pattern of fields derived from 

the mode is almost identical with the one derived from the 80th percentile, both for the 

cross-section and the country-specific results. That is, our sensitivity analyses confirm the 

main results regarding the base term. Not a single field is changing sign due to the measure 

change. Directly compared based on significant results, the switch from the 80th percen-

tile to the mode is accompanied with even more clear-cut results with respect to Services 

and Arts/Humanities whereas whereas results for Education, Natural Sciences, and ICT 

 
11 For example, France and the Netherlands exhibit significantly higher overeducation probabilities for Ed-

uation than for the reference category.  

12 Concerning Arts and Humanities, country heterogeneity is remarkably low, with France and Belgium as 

the only two countries in which graduates face a significantly higher overeducation probability than the 

reference graduates from the Social Sciences. 

13 This positive association applies to Greece.  

14 Regarding Business and Law, there are three countries for which the base term is significantly negative 

instead of insignificant (Cyprus, Estonia, Slovakia), while there is one (Greece) for which it is positively 

significant.  

15 For example, in Belgium overeducation probability is significantly higher for engineers than for (male) 

social scientists.  

16 Health and Welfare as the perhaps most job-focused field exhibits three country outliers (Czech Republic, 

Lithuania, Netherlands) in which the field-specific risk is measured to be significantly higher than for the 

Social Sciences. 

17 Outliers concering the base term of Services are Greece and Lithuania. For Greece, this might reflect the 

important role of the tourism sector and its related training courses as a job motor for the young genera-

tion. 

18 Greece stands out with its significantly negative coefficient for Natural Sciences. 
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are a bit more clear-cut under the stricter overeducation threshold. Results remain simi-

larly unequivocal for Engineering. Less clear-cut results are retrieved, irrespective of the 

measurement, for Agriculture, Health/Welfare and Business/Law. As a tendency, severe 

overeduation seems to play a lower role for Arts/Humanities (where graduates are at 

low risk anyway) and Services, but marks a notable portion of overeducation among 

engineers, teachers, ICT graduates (although their overall risk is low), and national sci-

entists (with a quite substantial risk). 

Most of the country heterogeneity regarding overeducation however concerns the inter-

action term (gender-specific effects) although most of them are insignificant at cross-coun-

try level. One example are female graduates from Education which are at significantly 

higher risk than male ones in several countries (Cyprus, Estonia, Greece, Portugal, Ro-

mania), while there are at least two in which female graduates are at significantly lower 

risk (Ireland, Netherlands). Concerning Arts and Humanities, the slightly higher risk of 

females (significant at 10 % level) at the cross-country level is also confirmed for a wide 

range of countries which accords with the findings based on the 80th percentile. In con-

trast to the cross-country results, among Natural Scientists there are three countries in 

which males are subject to systematically higher risk than females (Czech Republic, 

France, Ireland) and one in which the opposite is true (Lithuania). Concerning ICT, the 

positive association to overeducation that is measured for Greece applies to male work-

ers only. At the same time, a positive association can be testified for females only in Aus-

tria and Romania. Agriculture shows a particularly high degree of heterogeneity, also in 

gender interactions with overeducation risks. Concerning Health and Welfare, the higher 

risks in the Czech Republic, Lithuania, and the Netherlands associated with overeduca-

tion, almost exclusively apply to male graduates. In Germany, Poland, Bulgaria, Estonia, 

Greece, Lithuania, female graduates from Engineering face higher risks than male grad-

uates in the same field. In Germany and Poland, where male engineers exhibit lower 

overeducation risks than male social scientists, female engineers approach the risk level 

of male social scientists when the interaction and the base term of Engineering are taken 

together.  

Concerning the country dummies, a somewhat different picture emerges, compared to 

those derived from the standard education in the main analysis (see Table 7 in the Ap-

pendix). As the associations of fields of study are robust against the measure change, the 

deviations in country-fixed effects have to be attributed to deviating associations of in-

dividual characteristics with overeducation, resulting from the change in overeducation 

measurement.  
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Regarding other individual and household characteristics, Table 8 in the Appendix reports 

detailed results. The mode differs from the 80th percentile employed as the standard ed-

ucation in the main analyses in that under the mode, individuals living together with 

persons who are unemployed or inactive on the labour market face a higher overeduca-

tion risk. This was not the case under the 80th percentile as the much stricter overeduca-

tion threshold. One interpretation could be that the need to financially support unem-

ployed household members induces workers to avoid own unemployment by accepting 

some degree of suboptimal matches but this does not extend to very bad matches. Alter-

natively, it could point at a linkage between household composition and job-related 

productivity based on assortative mating (Mare, 1991): workers living together with un-

employed might on average be less productive themselves, a fact that reduces their 

chances to find a match adequate to their formal education. At country level, both vari-

ables represent identification variables for a large set of countries, are thus not included 

in the overeducation regressions. Among those in which they are included, there are a 

few deviations to the cross-country result to be noticed. This primarily concerns Hun-

gary, with opposite (i.e. positive) contributions measured for both variables. 

Finally, we also undertook additional estimations including further explanatory factors 

at the regional level (NUTS 2), such as the regional unemployment rate and the employ-

ment-to-population ratio. However, due to the large share of missing values, models 

including this regional information did not yield reliable results for the population as a 

whole. 

6 | Conclusion  

The purpose of this paper was to conduct a comprehensive econometric analysis of po-

tential determinants of overeducation among graduates in 21 EU countries in a unified 

framework. A special focus was set on the role of subject choice made by the individuals 

during their educational career. It turned out that both in the cross-country estimation 

and at country level differences in overeducation risk between graduates from different 

fields are significant. Furthermore, gender discrepancies in the impact of certain fields 

are noticeable. At the European level, graduates from Services, Natural Sciences and Ag-

riculture are found to exhibit the highest risk among men. At the same time, male grad-

uates from fields like ICT, Health/Welfare, Education, Engineering but interestingly also 

Arts/Humanities, are exposed to a rather low risk. The field-specific risks apply for the 
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majority of countries and are robust against a measure change in the educational stand-

ard. We suggest that occupational closure and productivity signals are among the rele-

vant underpinnings of these cross-field differentials. 

Gender differences in field-specific overeducation risks mostly lack statistical signifi-

cance, with Engineering and Arts and Humanities, where female graduates are assessed 

to be at significantly higher risk than male graduates, marking the exceptions. By and 

large, the above named sensitivity analysis deploying another standard education con-

firms this pattern for an alternative method of measuring overeducation. Prevalent gen-

der stereotypes, discrimination, but also gendered preferences and institutional factors 

on the national level boosting gendered segregation of college majors are supposed to 

drive gendered overeducaton, but we have to left this issue for a more detailied analysis 

in future research.  

Moreover, country fixed effects point to relevant structural differences between national 

labour markets and educational systems. As we included a selection correction in our 

estimation approach, country differences concerning employment selection should not 

be the source of this heterogeneity. Rather, differences in educational systems, in the 

capacities of labour markets to absorb young tertiary graduates as well as in culture- and 

tradition-based attitudes seem likely candidates. Although we made some references to 

the literature here, disentangling these different national-aspects and utilizing them for 

an analysis of country patterns represents a second interesting avenue for future re-

search. 

Further arguments add to the limitations of our study. Despite the wide range of indi-

vidual covariates we are aware of missing factors that proved to be relevant for overed-

ucation propensity like paternal background (Jackson et al. 2008) or students’ academic 

ability before enrolling in higher education (Barone and Ortiz 2011). With the underlying 

econometric approach, causal interferences must not be drawn. Finally, we are aware of 

the sensitivity of results with respect to the measure of overeducation. Results often 

change when subjective evaluations of overeducation are used instead of the statistical 

measure (Bauer 2002, Chiswick and Miller 2010, Nielsen 2011, Boll et al. 2016). Therefore, 

thirdly, it would be intresting to evaluate our results based on different specification of 

the target variable. Unfortunately, with the data at hand, this was not possible. 
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Appendix  

Descriptive analysis 

Figure 2: Distribution of overeducation rates under different measures of standard education  

 

 

 

Main multivariate analyses 

 

 

Table 2: Country-specific regression results – Coefficients of the field-of-study dummy variables based on 

the 80th percentile as the standard education 

  Austria Belgium Bulgaria 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex -0.417 0.674   0.670* 0.397   3.141 1.931   

Field of study             

   General programmes             
   Education -0.670* 0.358 0.512 0.388 0.390 0.260 -0.414 0.291 6.056*** 1.781 -5.683*** 1.758 

   Arts and humanities -0.351 0.360 0.715* 0.415 0.351 0.226 0.033 0.276     

   Business -0.078 0.270 0.244 0.321 -0.319* 0.187 0.173 0.231 4.466*** 0.809 -3.066*** 0.975 

   Natural sciences 0.116 0.346 0.190 0.452 0.842*** 0.255 -0.736** 0.347 4.432*** 1.135 -1.964 1.674 

   ICT -1.088*** 0.320 1.609*** 0.544 -0.720*** 0.264 0.310 0.532 -0.708 1.326 2.052 1.869 

   Engineering -0.507* 0.267 0.383 0.350 0.337* 0.178 0.041 0.280 4.486*** 0.602 -3.367*** 1.100 

   Agriculture 1.234** 0.485 -1.171* 0.616 0.381 0.351       

   Health und weitere -0.583 0.359 0.171 0.390 0.355 0.252 -0.732** 0.284 -0.373 0.834   

   Services -0.123 0.505 -0.190 0.640 0.186 0.324 -0.089 0.404         

Observations 1,536 2,650 124 
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  Cyprus Czech Republic Estonia 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex -2.294** 1.028   -3.268*** 0.713   2.237* 1.203   

Field of sudy             

   General programmes           
  

   Education -14.916*** 0.654 15.563*** 0.747 0.225 0.622 -1.246* 0.704 -4.774*** 0.771 6.378*** 1.125 

   Arts and humanities 1.579*** 0.550 -1.685*** 0.653 1.010 0.846 -1.270 0.929 -0.388 0.764 2.156* 1.273 

   Business -0.108 0.332 0.222 0.450 0.122 0.542 -0.831 0.619 -0.692 0.502 2.297** 1.003 

   Natural sciences 3.227*** 0.807 -3.107*** 0.867 1.860*** 0.710 -2.169*** 0.814 0.813 0.825 1.038 1.242 

   ICT 
    -0.039 0.543       

   Engineering -0.114 0.462 0.683 0.698 0.368 0.476 -0.188 0.614 0.599 0.500 1.898* 1.048 

   Agriculture 
    1.782*** 0.654 -1.364 0.851 1.357 0.849   

   Health und weitere -0.337 0.662 -5.804*** 0.749 -4.400*** 0.549 3.609*** 0.634 0.947 0.766 1.223 1.096 

   Services 0.621 0.550     1.428*** 0.529 -0.841 0.773 -0.472 0.584 0.472 1.130 

Observations 562 449 378 

             
  France Germany Greece 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex -0.562 0.554   0.044 0.262   -6.713*** 0.488   

Field of study             

   General programmes     -0.355 0.585 0.779 0.719 
    

   Education -0.170 0.825 -0.212 0.863 -0.533*** 0.183 -0.044 0.214 -1.003** 0.505 1.365*** 0.528 

   Arts and humanities -0.224 0.633 0.493 0.667 -0.111 0.195 0.111 0.229 -0.093 0.373 0.373 0.434 

   Business -0.119 0.402 0.440 0.432 -0.067 0.155 0.059 0.181 0.444 0.292 -0.760** 0.361 

   Natural sciences 1.146** 0.454 -0.767 0.539 0.379** 0.178 -0.397* 0.226 -0.738 0.467 0.863 0.567 

   ICT -0.068 0.439 -0.508 0.737 -0.556*** 0.175 0.120 0.279 0.473 0.291 -0.571 0.421 

   Engineering -0.050 0.396 -0.264 0.458 -0.350** 0.155 0.013 0.204 -0.698** 0.285 1.076*** 0.357 

   Agriculture 0.633 0.792 -0.561 0.908 0.046 0.268 -0.562 0.348 -0.122 0.471 0.441 0.568 

   Health und weitere 0.046 0.482 0.490 0.524 -0.687*** 0.212 0.049 0.235 0.181 0.368 0.248 0.408 

   Services 0.120 0.447 -0.263 0.568 0.384** 0.195 -0.268 0.248 -1.237*** 0.349 0.994** 0.418 

Observations 1,088 7,379 1,443 

             
  Hungary Ireland Italy 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex 4.456*** 0.523   1.182 0.828   0.131 0.277   

Field of study             

   General programmes 
  

  0.629 0.647 
  

  
  

   Education 0.542 0.353 -0.352 0.378 0.024 0.596 -1.540** 0.667 -0.471 0.531 -0.182 0.559 

   Arts and humanities -0.154 0.317 0.213 0.417 -4.457*** 0.648 3.335*** 0.733 -0.278 0.319 0.497 0.352 

   Business 0.393 0.279 -0.020 0.330 0.165 0.518 -0.966 0.605 0.095 0.265 -0.031 0.311 

   Natural sciences 0.580 0.381 -1.380** 0.536 0.784 0.546 -1.605** 0.645 0.368 0.320 -0.489 0.392 

   ICT -0.600** 0.305 0.237 0.672 -0.374 0.532 -1.133 0.692 -1.510*** 0.313 1.773*** 0.546 

   Engineering -0.231 0.247 -0.263 0.405 0.545 0.516 -1.164* 0.670 -0.027 0.241 -0.181 0.318 

   Agriculture -0.101 0.345 1.208*** 0.447     0.114 0.504 2.410*** 0.608 

   Health und weitere -6.249*** 0.585 6.276*** 0.593 0.398 0.583 -1.664** 0.667 0.211 0.330 -0.790** 0.354 

   Services 0.660 0.442 -0.719 0.524 -0.462 0.688 -0.630 0.865 0.167 0.465 0.040 0.528 

Observations 1,458 939 1,943 

             
  Latvia Lithuania Netherlands 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex 6.111*** 1.303   -1.898** 0.964   0.044 0.660   

Field of study             
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   General programmes 
        0.230 0.821   

   Education 10.278*** 0.883 -9.803*** 0.848 2.207** 0.858 -2.374** 0.924 0.474 0.406 -0.060 0.456 

   Arts and humanities 5.088*** 0.908 -5.039*** 0.957 -4.896*** 0.861 5.236*** 0.939 -0.870** 0.432 1.681*** 0.504 

   Business 8.972*** 0.559 -8.562*** 0.591 -0.092 0.463 0.440 0.524 -0.549* 0.296 0.823** 0.362 

   Natural sciences 
    -0.064 0.572 0.955 0.702 0.043 0.400 0.796 0.518 

   ICT 
    0.099 0.512       

   Engineering 8.128*** 0.579 -6.972*** 0.657 0.389 0.453 0.469 0.547 -0.641* 0.356 0.603 0.581 

   Agriculture 3.572*** 0.746 -3.703*** 1.049     -0.178 0.634 0.121 0.823 

   Health und weitere 4.918*** 0.938 -5.628*** 0.990 -3.179*** 0.496 3.420*** 0.553 -0.633 0.434 0.523 0.484 

   Services 9.686*** 0.899 -10.193*** 1.133 -0.108 0.537 0.745 0.667 -0.000 0.343 0.134 0.445 

Observations 440 914 1,422 

             
  Poland Portugal Romania 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex -0.046 0.386   2.409*** 0.643   1.015 0.795   

Field of study             

   General programmes 
            

   Education -0.056 0.161 0.355* 0.195 -0.818* 0.432 1.642*** 0.490 -1.454*** 0.434 2.762*** 0.562 

   Arts and humanities -0.230 0.197 0.398 0.244 -1.134*** 0.371 1.078** 0.479 -0.011 0.541 0.174 0.571 

   Business -0.220* 0.129 0.391** 0.160 -0.656* 0.349 0.831* 0.435 0.669*** 0.250 -0.554* 0.297 

   Natural sciences 0.189 0.190 0.561** 0.231 -1.082 0.732 1.197 0.850 0.727 0.454 -0.316 0.538 

   ICT -0.728*** 0.155 0.075 0.311     0.050 0.354 0.295 0.560 

   Engineering -0.351*** 0.131 0.908*** 0.184 -1.237*** 0.340 1.078** 0.455 -0.264 0.272 -0.164 0.358 

   Agriculture 0.011 0.366 0.457 0.419 0.897 0.709 -1.107 0.815 -0.002 0.457 0.245 0.870 

   Health und weitere -0.010 0.216 -0.019 0.251 -1.140*** 0.414 0.929** 0.464 1.366** 0.597 -1.394** 0.662 

   Services 0.054 0.170 0.387* 0.219 0.186 0.363 -0.424 0.498 0.426 0.333 -0.122 0.520 

Observations 5,749 1,063 1,626 

             
  Slovak Republic Spain United Kingdom 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  

  coef se coef se coef se coef se coef se coef se 

Sex -1.577** 0.625   -0.851 0.627   0.271 0.449   

Field of study             

   General programmes 
            

   Education -20.702*** 1.534 20.159*** 1.601 -1.474** 0.612 -0.522 0.757 -0.820* 0.466 0.407 0.518 

   Arts and humanities -5.795*** 0.791 6.713*** 0.895 1.326 1.021 -1.660 1.121 -0.184 0.261 -0.075 0.315 

   Business -0.675 0.446 1.935*** 0.704 -0.983** 0.494 0.803 0.606 -0.057 0.253 -0.046 0.310 

   Natural sciences 1.426* 0.815 0.130 1.000 -1.046 0.688 1.443 0.905 0.054 0.274 -0.344 0.345 

   ICT -0.803 0.576   -1.638*** 0.613 0.112 1.065 -0.054 0.296 -0.525 0.483 

   Engineering 0.143 0.509 1.892** 0.764 -0.813 0.594 -0.573 0.838 0.197 0.274 -0.168 0.401 

   Agriculture 2.034*** 0.729 -0.214 1.068 -1.477 1.004 0.672 1.290 -4.340*** 0.517 4.111*** 0.625 

   Health und weitere 0.192 0.824 -0.232 0.837 -1.238 0.786 0.615 0.847 -0.472 0.435 -0.395 0.468 

   Services 0.466 0.498     -0.488 0.646 -0.777 0.862 0.262 0.363 -0.457 0.475 

Observations 565 417 1,462 

Reference category: Social Sciences, Journalism and Information.          
             
*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical significance at 1%-level;      

 

 

Table 3: Regression results – Country dummys in the cross-country sample based on the 80th percentile as 

the standard education 

Overeducation measure:  
80th percentile 

Cross-country sample 

Country dummy coef se 
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   Austria 0.302*** 0.049 

   Belgium -0.228*** 0.041 

   Bulgaria -0.357*** 0.114 

   Cyprus 0.060 0.064 

   Czech Republic 0.094 0.074 

   Estonia -0.346*** 0.092 

   France 0.367*** 0.053 

   Greece 0.309*** 0.052 

   Hungary 0.270*** 0.051 

   Ireland 0.019 0.057 

   Italy 0.452*** 0.044 

   Latvia -0.340*** 0.062 

   Lithuania -0.053 0.084 

   Netherlands -0.314*** 0.052 

   Poland -0.210*** 0.037 

   Portugal 0.206*** 0.058 

   Romania -0.222*** 0.052 

   Sloval Republic -0.042 0.073 

   Spain 0.005 0.083 

   United Kingdom 0.208*** 0.045 

Observations 34,627 

Reference category: Germany 

*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical significance at 1%-level; 

 

 

 

Table 4: Regression results – Coefficients of non study-related variables in the cross-country sample based 

on the 80th percentile as the standard education 

Overeducation measure:  
80th percentile 

Cross-country sample 

  
Base term 

Interaction with sex  
(Female=1) 

  coef se coef se 

Inverse mills ratio 0.092 0.087   
Household variables     
Unemployed (dummy) 0.178 0.119   
Inactive (dummy) 0.035 0.060   
Education spouse -0.012*** 0.004   
Age of youngest child     

< 5 years 0.007 0.050 0.045 0.066 

6-11 years 0.141 0.104 0.006 0.131 

12-17 years 0.209 0.345 0.225 0.413 

Individual variables     
Sex -0.016 0.202   
Marital Status 0.053 0.051 -0.095 0.064 

Age group (ref: 20-24)     
25-29 years -0.177 0.171 0.057 0.194 

30-34 years -0.065 0.173 -0.115 0.195 

Nationality (ref: Domestic)     
Foreigner EU countries 0.540*** 0.062   
Foreigner non EU countries 0.5553*** 0.077   
Job variables     
Fim size (ref: < 10)     

11-19 persons -0.193*** 0.054   
20-49 persons -0.191*** 0.046   
50 and more persons -0.114*** 0.041   

Temporary contract 0.209*** 0.039   
Working hours (in 10h) -0.206*** 0.076   
Working hours squared (in 10h) 0.007 0.011   
Tenure (in 10y) -0.381*** 0.117   
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Tenure squared (in 10y) 0.154* 0.087   
Degree of urbanization (ref: cities)     
Towns and suburbs 0.018 0.063 0.019 0.063 

Rural area -0.045 0.074 -0.046 0.074 

Observations 34,627 

*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical signifi-
cance at 1%-level; Dummies for nationality and industry (sections NACE Rev.2) included. 

 

Multivariate Analyses – Robustness Check for the Standard Education 

  

Table 5: Regression results – Fields of study based on the mode as the standard education   

Overeducation measure: 
 Mode 

Cross-country sample 

  
Base term 

Interaction with sex  
(Female=1)    

 coef se coef se 

   Sex -0.116 0.173   

   Field of study     

      General programmes  0.426 0.403 -0.801 0.500 

      Education   -0.236** 0.099 -0.144 0.111 

      Arts and Humanities -0.216** 0.105 0.228* 0.124 

      Business  and Law 0.008 0.074 0.047 0.089 

      Natural Ssciences 0.286*** 0.107 -0.116 0.133 

      ICT -0.306*** 0.088 0.026 0.168 

      Engineering -0.266*** 0.076 0.247** 0.112 

      Agriculture -0.108 0.156 0.062 0.196 

      Health and Welfare -0.237** 0.107 -0.079 0.118 

      Services 0.314*** 0.097 -0.160 0.132 

Observations 34,624 

Reference category: Social Sciences, Journalism and Information.  

*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical significance at 1%-level; 

 

Table 6: Country-specific regression results – Coefficients of the field-of-study dummy variables based on 

the mode as the standard education 
 

  Austria Belgium Bulgaria 

  

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex -0.387 0.689   0.010 0.321   0.084 1.633   

Field of study             

   General programmes              
   Education   -0.765** 0.356 0.600 0.388 0.026 0.213 -0.377 0.238 2.706 1.807 -1.408 1.934 

   Arts and humanities -0.438 0.358 0.753* 0.413 0.361* 0.194 0.052 0.239 2.260 1.583 -0.450 1.788 

   Business  0.096 0.264 0.065 0.316 -0.062 0.157 0.131 0.193 0.687 0.964 0.564 1.130 

   Natural sciences 0.072 0.344 0.231 0.453 0.677*** 0.229 -0.284 0.300 1.761 1.497 -0.645 1.665 

   ICT -1.165*** 0.318 1.746*** 0.543 0.153 0.185 -0.639 0.390 0.737 1.098 1.918 1.284 

   Engineering -0.521** 0.264 0.450 0.346 0.375** 0.156 0.092 0.250 0.469 0.92 2.347* 1.202 

   Agriculture 1.126** 0.472 -1.018* 0.606 0.466 0.312       
   Health and welfare -0.649* 0.356 0.224 0.388 0.226 0.220 -0.355 0.245 0.982 0.774   
   Services -0.190 0.500 -0.154 0.634 0.396 0.259 0.258 0.343 -1.761 1.316 3.732** 1.687 

Observations 1,536 2,650 199 
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  Cyprus Czech Republic Estonia 

  

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex -3.492*** 0.895   0.568 0.840   -3.418*** 0.941   

Field of study             

   General programmes              
   Education   -3.228*** 0.704 3.171*** 0.770 0.074 0.554 -0.699 0.612 -4.568*** 0.694 4.698*** 0.815 

   Arts and humanities -0.474 0.624 0.480 0.681 -4.533*** 0.549 4.460*** 0.697 -1.052 0.740 0.687 0.931 

   Business  -1.019*** 0.368 0.913** 0.450 0.136 0.501 -0.132 0.587 -1.063** 0.439 0.979 0.642 

   Natural sciences -0.415 0.679 0.523 0.746 2.031*** 0.631 -2.339*** 0.743 -0.173 0.775 0.330 1.020 

   ICT     -0.360 0.507 -0.792 1.018 -3.025*** 0.787   
   Engineering -1.460*** 0.435 0.467 0.652 0.083 0.417 -0.293 0.563 -0.405 0.425 1.790*** 0.689 

   Agriculture     0.984* 0.591 -1.100 0.788 -0.116 0.777   
   Health and welfare -0.931* 0.52 0.320 0.572 1.001** 0.496 -1.254** 0.541 -0.239 0.655 1.421* 0.791 

   Services -0.062 0.533   1.622*** 0.573   0.142 0.534 1.840** 0.745 

Observations 642 446 405 

             
  France Germany Greece 

  

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex -0.167 0.582   0.042 0.259   -4.741*** 0.495   

Field of study             

   General programmes      -0.144 0.536 -0.064 0.675     
   Education   1.382** 0.610 -0.816 0.652 -0.745*** 0.169 0.233 0.198 -1.378*** 0.499 1.145** 0.518 

   Arts and humanities 1.062* 0.546 -0.874 0.593 -0.527*** 0.186 0.548** 0.219 -0.712 0.459 0.473 0.498 

   Business  0.473 0.377 -0.165 0.411 0.090 0.149 0.289* 0.175 0.718* 0.371 -1.561*** 0.416 

   Natural sciences 1.505*** 0.434 -1.367*** 0.506 0.461*** 0.172 -0.075 0.215 -1.049** 0.515 0.875 0.581 

   ICT 0.330 0.405 -0.92 0.653 -0.175 0.160 0.301 0.249 0.573* 0.345 -1.030** 0.438 

   Engineering 0.192 0.377 -0.440 0.452 -0.385*** 0.147 0.498*** 0.190 -1.119*** 0.308 0.672* 0.374 

   Agriculture 1.452* 0.824 -1.524 0.930 -0.058 0.273 -0.112 0.342 -0.567 0.541 0.560 0.627 

   Health and welfare 0.121 0.463 -0.137 0.505 -0.604*** 0.178 0.059 0.204 -0.571 0.421 0.025 0.445 

   Services 0.863* 0.443 -0.932* 0.541 0.535*** 0.201 0.007 0.256 -0.838*** 0.314 -0.226 0.37 

Observations 1,088 7,379 1,443 

             
  Hungary Ireland Italy 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex 0.100 0.659   1.686** 0.762   -0.159 0.313   

Field of study             

   General programmes      1.338* 0.696       
   Education   -0.005 0.332 -0.344 0.357 0.287 0.57 -2.055*** 0.676 -0.537 0.480 -0.122 0.511 

   Arts and humanities -0.547 0.349 0.473 0.404 -0.311 0.634 -0.835 0.767 -0.749** 0.363 0.896** 0.405 

   Business  -0.159 0.299 0.452 0.345 0.330 0.510 -1.014 0.631 -0.230 0.303 0.424 0.355 

   Natural sciences 0.021 0.442 -0.155 0.512 0.498 0.543 -1.268* 0.678 0.425 0.411 -0.537 0.484 

   ICT -0.954*** 0.294 -0.316 0.648 0.014 0.524 -0.843 0.704 -0.186 0.441 0.610 0.597 

   Engineering -0.464* 0.258 -0.391 0.358 0.415 0.507 -1.596** 0.697 -0.578** 0.271 -0.102 0.363 

   Agriculture -1.032*** 0.37 2.031*** 0.455     -0.689 0.508 2.718*** 0.605 

   Health and welfare -10.118*** 0.433 9.980*** 0.451 0.349 0.566 -1.563** 0.681 0.012 0.359 0.036 0.386 

   Services 0.575 0.411 -1.089** 0.497 0.41 0.615 -1.433* 0.811 0.934* 0.533 0.243 0.628 

Observations 1,445 941 1,858 

             
  Latvia Lithuania Netherlands 

  

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex -7.713*** 1.105   -1.307* 0.757   1.372** 0.592   

Field of study             
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   General programmes          -1.398 0.860   
   Education   -0.377 0.697 0.671 0.752 0.836 0.679 -0.763 0.721 0.730** 0.371 -1.038** 0.407 

   Arts and humanities -5.891*** 0.546 6.107*** 0.652 -1.373** 0.572 1.134* 0.619 -0.038 0.397 0.365 0.466 

   Business  -0.244 0.478 0.586 0.534 -0.385 0.295 0.808** 0.345 0.263 0.286 -0.370 0.333 

   Natural sciences     -0.501 0.424 1.240** 0.538 0.528 0.38 0.236 0.525 

   ICT     -0.187 0.372 0.016 0.545     
   Engineering 0.463 0.547 0.299 0.672 -0.054 0.283 0.804** 0.384 -0.061 0.308 0.308 0.444 

   Agriculture -7.048*** 0.827 7.508*** 1.230     0.636 0.606 -1.077 0.784 

   Health and welfare 0.357 0.844 -0.745 0.889 4.289*** 0.335 -3.805*** 0.387 0.671* 0.349 -0.646* 0.382 

   Services -1.018 0.765 0.896 0.999 -1.186*** 0.415 1.579*** 0.532 0.317 0.364 -0.216 0.443 

Observations 430 944 1,419 

             
  Poland Portugal Romania 

  

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex 0.276 0.383   2.750*** 0.652   -0.439 0.632   

Field of study             

   General programmes              
   Education   -0.058 0.154 0.230 0.181 -1.235** 0.596 1.908*** 0.638 -2.050*** 0.404 3.267*** 0.484 

   Arts and humanities -0.478** 0.188 0.468** 0.224 -1.042*** 0.372 1.150** 0.469 -0.540 0.419 1.033** 0.462 

   Business  -0.124 0.118 0.080 0.144 -0.390 0.342 0.643 0.417 0.311 0.198 -0.097 0.244 

   Natural sciences 0.214 0.187 0.332 0.223 -0.962 0.805 1.023 0.917 0.288 0.445 0.241 0.504 

   ICT -0.666*** 0.142 -0.328 0.333     -0.547* 0.316 0.872* 0.478 

   Engineering -0.337*** 0.122 0.698*** 0.170 -1.014*** 0.337 0.668 0.441 -0.686*** 0.230 0.335 0.295 

   Agriculture -0.021 0.338 0.102 0.393 0.735 0.730 -0.334 0.824 0.062 0.356 0.224 0.597 

   Health and welfare -0.023 0.195 -0.365* 0.215 -0.726* 0.395 0.487 0.430 -0.017 0.510 -0.182 0.513 

   Services 0.257 0.166 0.205 0.214 0.261 0.359 0.435 0.542 0.097 0.301 0.449 0.454 

Observations 5,747 1,063 1,641 

             
  Slovak Republic Spain United Kingdom 

  
Base term 

Interaction with sex  
(Female=1) 

Base term 
Interaction with sex  

(Female=1) 
Base term 

Interaction with sex  
(Female=1) 

  coef se coef se coef se coef se coef se coef se 

Sex 0.708 0.525   -0.719 0.697   -0.223 0.404   

Field of study             

   General programmes              
   Education   -0.455 0.449 0.104 0.556 -0.465 0.692 -0.225 0.826 -0.523 0.319 -0.142 0.374 

   Arts and humanities -5.290*** 0.454 6.523*** 0.617 0.984 0.972 -1.348 1.087 -0.346 0.236 -0.016 0.294 

   Business  -0.616* 0.347 1.721*** 0.472 -0.308 0.585 0.204 0.690 0.034 0.225 -0.265 0.289 

   Natural sciences 1.545** 0.657 -0.531 0.759 -0.677 0.789 1.060 1.011 0.028 0.258 -0.068 0.329 

   ICT -1.401*** 0.471   -0.928 0.631 0.604 0.939 -0.412 0.270 -0.588 0.450 

   Engineering 1.391*** 0.355 -0.111 0.567 -0.043 0.657 -0.819 0.851 0.326 0.259 -0.038 0.402 

   Agriculture 1.023* 0.545 -0.415 0.914 -1.452 0.915 0.166 1.250 -1.069* 0.634 0.861 0.761 

   Health and welfare -0.308 0.688 0.768 0.673 -0.966 0.786 0.573 0.832 -0.481 0.336 -0.364 0.372 

   Services 1.130** 0.489   0.335 0.716 -0.535 0.937 0.662** 0.331 -0.938** 0.446 

Observations 541 417 1,448 

             
Reference category: Social Sciences, Journalism and Information. 

        
*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical 

significance at 1%-level;        
 

 

Table 7: Regression results – Country dummys in the cross-country sample based on the mode as the stand-

ard education 

Overeducation measure:  
Mode 

Cross-country sample 

Country dummy coef se 

   Austria -0.429*** 0.047 
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   Belgium -0.198*** 0.036 

   Bulgaria -0.707*** 0.102 

   Cyprus 0.055 0.061 

   Czech Republic -0.113* 0.067 

   Estonia -0.385*** 0.074 

   France -0.005 0.052 

   Greece -0.014 0.049 

   Hungary 0.168*** 0.050 

   Ireland 0.225*** 0.051 

   Italy 0.527*** 0.045 

   Latvia -0.140*** 0.054 

   Lithuania -0.002 0.078 

   Netherlands 0.218*** 0.045 

   Poland -0.700*** 0.033 

   Portugal -0.390*** 0.055 

   Romania -0.513*** 0.045 

   Sloval Republic -0.045 0.062 

   Spain -0.451*** 0.077 

   United Kingdom 0.229*** 0.042 

Observations 34,624 

Reference category: Germany 

*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical significance at 1%-level; 

 

 

Table 8: Regression results – Coefficients of non field-of-study-related variables in the cross-country sam-

ple based on the mode as the standard education 

Overeducation measure:  
Mode  

Cross-country sample 

  
Base term Interaction with sex  

(Female=1) 

  coef se coef se 

Inverse mills ratio -0.029 0.071   
Household variables     
Unemployed (dummy) 0.270*** 0.103   
Inactive (dummy) 0.087 0.053   
Education spouse -0.013*** 0.003   
Age of youngest child     
   < 5 years -0.065 0.044 0.094 0.059 

    6-11 years -0.018 0.101 0.153 0.123 

   12-17 years -0.285 0.331 0.442 0.392 

Individual variables     
Sex -0.116 0.173   
Marital Status 0.016 0.046 -0.032 0.058 

Age group (ref: 20-24)     
   25-29 years -0.113 0.137 0.107 0.163 

   30-34 years -0.039 0.136 -0.044 0.162 

Nationality (ref: Domestic)      
Foreigner EU countries 0.410*** 0.064   
Foreigner non EU countries 0.475*** 0.074   
Job variables     
Firm size (ref: < 10):      
   11-19 persons -0.066 0.053   
   20-49 persons -0.117** 0.046   
   50 and more persons -0.111** 0.041   
Temporary contract 0.162*** 0.036   
Working hours (in 10h) -0.025 0.065   
Working hours squared (in 10h) -0.011 0.009   
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Tenure (in 10y) -0.062 0.108   
Tenure squared (in 10y) -0.050 0.080   
Degree of urbanization (ref: cities)     
   Towns and suburbs -0.013 0.044 0.049 0.057 

   Rural area 0.059 0.053 0.070 0.068 

Observations 34,624 

*: Statistical significance at 10%-level; **: Statistical significance at 5%-level; ***: Statistical significance at 1%-level; Dummies for 
nationality and industry (sections NACE Rev.2) included. 

 

Hamburgisches WeltWirtschaftsInstitut (HWWI) 

 

Heimhuder Straße 71 | 20148 Hamburg 

Tel +49 (0)40 34 05 76 - 0 | Fax +49 (0)40 34 05 76 - 776 

info@hwwi.org | www.hwwi.org 



The Hamburg Institute of International Economics (HWWI) is an independent 

economic research institute that carries out basic and applied research and pro-

vides impulses for business, politics and society. The Hamburg Chamber of Com-

merce is shareholder in the Institute whereas the Helmut Schmidt University / 

University of the Federal Armed Forces Hamburg is its scientific partner. The Insti-

tute also cooperates closely with the HSBA Hamburg School of Business Adminis-

tration. 

The HWWI’s main goals are to: 

• Promote economic sciences in research and teaching;

• Conduct high-quality economic research; 

• Transfer and disseminate economic knowledge to policy makers, 

    stakeholders and the general public.

The HWWI carries out interdisciplinary research activities in the context of the fol-

lowing research areas: 

• Digital Economics

• Labour, Education & Demography

• International Economics and Trade

• Energy & Environmental Economics

• Urban and Regional Economics



Hamburg Institute of International Economics (HWWI)

Oberhafenstr. 1 | 20097 Hamburg | Germany
Telephone: +49 (0)40 340576-0 | Fax: +49 (0)40 340576-150
info@hwwi.org | www.hwwi.org


