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Abstract

This paper examines the importance of skill mismatch as an explanation for wage
inequality across different education groups. The analysis contributes to the view that
both the supply and the demand side should be accounted for when investigating wage
inequality. The empirical analysis uses a general measure of skill mismatch as well as
a specific measure of overeducation among university graduates. The results show that
the incidence of skill mismatch is an important explanation factor for wage inequality
in Germany across time and across birth cohorts. Especially for the group of university
graduates, the difference in wage dispersion among matched and mismatched workers is
considerably high. Wage dispersion related to overeducation tend to be less pronounced
for younger cohorts of university graduates. This is important from a policy perspective,
as the degree of wage dispersion related to overeducation can be considered as a risk in
association with the investment in education.
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1 Introduction

Many advanced countries have experienced rising wage inequality over the last decades. The
empirical literature has developed several explanations for changes in the distribution of wages
and the consequential increase in wage inequality (Katz and Autor, 1999; Acemoglu and Autor,
2011). Institutional factors on the one hand and a changing demand for skills on the other
hand are the dominant paradigms to explain increasing wage inequality. Abstracting from
institutional factors, the increase in the relative demand for high-skilled workers caused the
returns to higher post-secondary education to increase relative to the returns to lower edu-
cational degrees leading to an increase in overall wage inequality (Gottschalk and Smeeding,
1997; Martins and Pereira, 2004; Dustmann et al., 2009). From that the literature has con-
cluded that the observed increase in the supply of skilled workers is absorbed by an even
higher rise in the demand for skilled workers. Another strand of the literature stresses the
argument that overall wage inequality is the result of increasing inequality within certain skill
or education groups (Juhn et al., 1993; Lemieux, 2006b). This could be either due to the
rising heterogeneity of these groups or due to their increasing share among the whole labour
force (Machado and Mata, 2005; Lemieux, 2006a).

The literature on within-group respectively residual wage inequality argues that indi-
viduals holding the same educational degree might still obtain different returns from their
education. This argument refers mainly to supply side factors such as heterogeneity coming
from individual characteristics (for example ability, motivation, etc.) which interact with
educational attainment and earnings capacity to yield individual-specific returns to education
(see for example Card, 1999; Leuven et al., 2004). In contrast to variation in the supply of
skills, the impact of differences in the characteristics of demand side variables on returns to
education has been analysed. Working in specific industries, occupations or firms might lead
to different wages for workers with the same education level (Fitzenberger and Kurz, 2003;
Kambourov and Manovskii, 2009; Card et al., 2013).

This paper adds to the literature on wage inequality by examining the prevalence of skill
mismatch as a source of heterogeneity within different educational groups. The concept of skill
mismatch considers the assignment of skills to specific job tasks, or general requirements of
jobs and occupations. Thus, the analysis contributes to the view that supply and demand side
factors should be accounted for when investigating wage inequality. Theoretically, the analysis
builds on assignment models where heterogeneous workers face different job requirements
or job tasks (Sattinger, 1975; Albrecht and Vroman, 2002; Autor and Handel, 2013). The
assignment process causes a variety of matches yielding different returns to the same education
level. In particular, skill mismatch can be considered as a manifestation of search frictions
which results in wage dispersion among workers with the same education level (Gautier and
Teulings, 2006; van den Berg and van Vuuren, 2010).
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The specific research interest of this paper is to examine whether there is a link at all
between skill mismatch and the wage inequality within different education groups and how
this relationship evolves over time. In particular, for university graduates the possibility of
overeducation can be seen as a risk, since their investment in education would not pay off
completely compared to the situation where job requirements are fully met. On the other
hand, vocational education comprises more specific skills which bears higher risks not to find
an adequate employment compared to an endowment with more general skills (Wolter and
Ryan, 2011).

Based on worker self-assessment two types of skill mismatch are considered in this paper.
First, mismatch is specified if a worker does not meet the job requirements either with respect
to the formal education level or with respect to her training occupation respectively field of
study. This captures a broad scale of market frictions. As a second type, overeducation
specifically for university graduates is defined as a mismatch, i.e. the job’s required formal
education level is lower than the actually attained university degree.

The analysis implicitly assumes a sub-optimal assignment of some workers to jobs which do
not fit their formal educational attainment or their occupational skills. Technological shocks
and changes in the education system might have a general impact on the incidence of such
mismatches and on the possibility of subsequent adjustment processes. Some workers are thus
systematically more likely to be affected by the impact of skill mismatch on their wage. Fur-
thermore, as the paper focuses on differences between education groups, the substitutability
between older and younger workers might be relevant (Card and Lemieux, 2001). Therefore,
the analysis considers not only effects over time but also across birth cohorts.

The implications from higher within-wage inequality due to skill mismatch for overall wage
inequality are a priori ambiguous. First, higher wage dispersion within an education group
could either increase, decrease or have no effect on the mean wage in the group. Second,
a change in the mean wage has different implications for overall wage inequality depending
at which education level the change occurs. In order to investigate the contribution of skill
mismatch on wage inequality, I apply estimation methods which account jointly for the wage
inequality between and within different education levels. First, the estimation of variance
components generally informs about the importance of mismatch for between- and within-
group inequality. Second, variance function regressions reveal the impact of mismatch on both
types of wage inequality for each education group.

The results demonstrate a considerable role of general skill mismatch as a contributing
factor to wage inequality. The contribution of education to wage inequality is higher among
mismatched workers compared to matched workers across year groups and birth cohorts.
Differences in wage inequality due to general skill mismatch are predominant among the group
of university graduates. The second part of the analysis focuses therefore on the impact of
overeducation as a specific measure for skill mismatch on wage inequality among university

2



graduates. The empirical analysis reveals two sources of within-group wage inequality. First,
overeducated university graduates receive significant lower returns to education. Second,
among mismatched university graduates wage dispersion is significantly higher compared to
matched university graduates. The are no considerable differences between matched and
mismatched regarding the contribution to changes in wage inequality over time. For younger
birth cohorts differences in wage dispersion between matched and overeducated university
graduates are lower.

This paper combines the literature on wage inequality with the empirical literature on
the incidence and consequences of skill mismatch (see Leuven and Oosterbeek, 2011, for a
review). Empirical analyses in that field mainly study the case of overeducation. As a main
finding, overeducated individuals receive smaller wage returns compared to individuals whose
educational attainment meets the job’s requirements. Several studies provide evidence for the
mean returns of under- and overeducation in the German context (Daly et al., 2000; Bauer,
2002; Büchel and Mertens, 2004; Kleibrink, 2013). However, the empirical implications of skill
mismatch for wage dispersion have been so far rarely investigated. A review by Hartog (2000)
points out that the changes in the dispersion of skill supply and skill requirements explain
changes in the wage inequality for Portugal between 1982 and 1992. The study by Green and
Zhu (2010) shows for the UK an increasing dispersion of returns to higher education related
to rising incidence of overeducation during the 1990s and 2000s.

The paper is structured as follows. Section 2 gives a review of the literature on within-
group inequality and its results. Section 3 describes the data source, defines the applied
measures of skill mismatch and presents the incidence of skill mismatch and its implication
on wages. The econometric approach is described in section 4 and estimation results are
presented and discussed in Section 5. Conclusions are drawn in Section 6.

2 Theory and evidence on wage inequality

As skills are incorporated in formal education, an important strand of the literature on wage
inequality investigates changes in the supply and demand related to different education levels.
Wage inequality can either increase because the returns to a certain educational degree in-
crease, or because the wage dispersion within an education group increases. The studies which
are reviewed in the following stress the importance of within-group inequality and especially
the question why wage inequality within education levels might exist. The review does not
incorporate the discussion on labour market institutions such as unions, minimum wages, or
the schooling system and their influence on wage inequality.

Much of the increasing wage inequality in the US since the 1990s is due to an increasing
dispersion at the upper part of the wage distribution. Autor et al. (2005) show that top-
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end residual wage inequality has been relatively increasing since the late 1980s. In line with
this finding, Lemieux (2006a) shows that predominantly the within-group dispersion among
highly educated has increased. According to Lemieux (2006b) the increasing dispersion of
unobserved skills contributes to rising wage inequality. Unobserved skills are more dispersed
among more educated individuals which in turn raises overall wage inequality through higher
achievement rates in education. The results are based on a decomposition of the variance
term of education in both studies.

In the European context, Budria and Telhado-Pereira (2011) show that for tertiary edu-
cated workers wage dispersion is higher and has increased faster since the mid 1980s in several
countries. The evidence for Germany is mixed. Only for the lower secondary education cat-
egory the difference in the returns between the 90th and the 10th quantile is significant. Over
time dispersion in the lower secondary education category remained the same while it de-
creased for upper secondary education and exhibits no trend for tertiary education. Machado
and Mata (2001) investigate how an additional year of schooling contributes to the disper-
sion within educational categories. For Portugal they find that this dispersion has increased
between the 1980s and the 1990s. Hartog et al. (2001) confirm this result but suggests that
the dispersion of workers with secondary education has grown more substantially than for
tertiary education. Machado and Mata (2005) additionally investigate the link between work-
ers’ heterogeneity within the same education and a rising overall wage inequality. As more
educated workers display higher wage dispersion throughout the period, their increasing share
leads to an increase in wage inequality even if the dispersion of returns remains the same over
time.

Explanations for the empirical findings on wage inequality can be derived from factors
which constitute the supply side or the demand side of the labour market. Looking at
the supply side, wage differences among workers with the same formal education can be
related to individual factors causing heterogeneity in returns to educations (Card, 1999). As
these factors such as ability, motivation or family background are relevant for the worker’s
productivity, they are inducing individual-specific earning capacities given the educational
degree. Leuven et al. (2004), for example, investigate wage differentials resulting from differ-
ences in the relative supply of cognitive ability. Taber (2001) relates variations of the college
premium to an increasing demand for unobserved skills. Kambourov and Manovskii (2009)
explain within-group wage inequality by heterogeneity in occupation-specific human capital.
As occupation-specific skills are not fully transferable, workers’ mobility across occupations
lead to heterogeneity in occupational experience and thus to wage differentials for individuals
of the same education-age group.

Apart from supply side factors which are measured by individual characteristics, wage
differentials can be a result of differences in the wage setting process on the demand side
of the labour market. A study for Germany by Fitzenberger and Kurz (2003) indicates
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a relationship between human capital and wage differences across industries over the period
between the mid 1980s and the mid 1990s. Inter-industry wage differences can be explained by
efficiency wage considerations of firms (Krueger and Summers, 1988). Specific human capital
might cause some firms to pay wages above the market clearing value to retain workers. Other
studies confirm the importance of firm heterogeneity in explaining wage inequality, especially
because higher paid workers tend to be sorted to higher paying firms (Abowd et al., 1999;
Card et al., 2013).

A recent literature strand studies the task content of jobs or occupations to attain a more
subtle view on how technological change affects the demand for skills and thus wage inequality
(Acemoglu and Autor, 2011; Firpo et al., 2011; Autor and Handel, 2013). This literature
explicitly conceptualises the link between job requirements on the demand side and human
capital as a characteristic of the supply side. Wage differentials are a result of an assignment
process of skills to job tasks, while skill groups differ in their comparative advantage across
tasks and thus receive different returns from performing a task.

Therefore, within-group wage inequality might be the consequence of an assignment pro-
cess on the labour market which produces a variety of matches between supply and demand
(Sattinger, 1975). Albrecht and Vroman (2002), for example, model skill differences across
workers and different skill requirements across jobs to explain the increases in wage inequality
between low skilled and high skilled workers. The search and matching literature discusses
assignment processes of workers to jobs in the specific context of imperfect labour markets
due to search and information frictions (Shimer and Smith, 2000).

This analysis builds on the theoretical foundation of the search and matching literature.
Their models can be used to illustrate the incidence of skill mismatch and its relation to wage
inequality. Workers with the same education level receive different remuneration due to search
frictions on the labour market (Gautier and Teulings, 2006; van den Berg and van Vuuren,
2010). In this respect, skill mismatch can be considered as a manifestation of search frictions.
Sub-optimal job matches arise due to workers’ opportunity costs associated with searching for
the perfect job match. Search frictions prevent quick adjustments as workers are not able to
change their job immediately. Dolado et al. (2009) consider skill mismatch transitory leading
to job-to-job transitions which in turn contribute to equilibrium wage inequality.

3 Incidence for skill mismatch and its implications on wages
on the German labour market

The empirical analysis is based on a sample taken from the German Socio-Economic Panel
Study (SOEP).1 The SOEP is a nationally representative survey of German households which

1For details on the SOEP, see Wagner et al. (2007).
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is conducted annually. The analysis focuses on West Germany over the years 1984 to 2011.
The sample is restricted to males who are between 25 and 60 years old within each cross
section.2 The dependent variable is the logarithm of hourly real wage. It is obtained using
information on monthly earnings and weekly working hours. To avoid extreme outliers, I
exclude individuals that have a wage below the 1st percentile and above the 99th percentile
of the wage distribution. The sample is furthermore restricted to dependent workers in order
to make sure that the notion of mismatch applies to a sufficiently homogeneous type of
employment relationship.3

Several papers study the role of a change in the educational composition of the labour
force on overall wage inequality (Machado and Mata, 2005; Lemieux, 2006a; Autor et al.,
2008; Lindley and Machin, 2011). A considerable expansion of one education group most
likely leads to an increase in the heterogeneity within this group, because differences in school
quality or differences in ability become more relevant. Apart from other factors, this might per
se translate into an increase in wage inequality within this education group (and could in turn
simultaneously induce a decrease in wage inequality for a diminishing education group). As
this paper focuses primarily on wage inequality within education groups, it is thus important
to also consider the magnitude of impact (i.e. the size of the relative share) of each education
group on overall wage inequality. For the analysis, I define five education groups which entail
different sets of skills relevant for the labour market and which are likewise fairly homogeneous
with respect to remuneration of these skills.4

Figure 1 depicts the share of education levels for several birth cohorts starting with indi-
viduals who were born between 1940 and 1944 until the birth cohort of those born between
1970 and 1979. The bin width measures the size of the cohort indicating the larger cohorts
four, five, and six in our sample as the baby boomers of the mid 1950s until mid 1960s in
West Germany.

Overall, the labour force has not changed considerably, as consecutive cohorts do not
bring in different mixes of education levels. The uppermost segments for example depict the
share of university graduates in each cohort. This share has only increased moderately over
the consecutive cohorts from almost 20 percent for the oldest cohort to 24 percent for the
recent cohort. Some changes can also be found for the workers holding a vocational degree.
While the share of those who previously obtained a lower or middle secondary school degree

2The analysis excludes females, as it is expected that wage inequality is considerably related to the selective
labour supply of this group. Until now, there is no convincing econometric treatment to account for selection
at different points in the distribution (see for a discussion Huber and Melly, 2015).

3This sample restriction also excludes civil servants.
4This definition of education categories for Germany is common in the literature. I distinguish firstly

workers who do not have a vocational degree, secondly workers with a vocational degree who hold a degree
from lower or middle secondary school, thirdly workers with a vocational degree who hold a degree from upper
secondary school, fourthly master craftsman which represent workers with a higher vocational qualification,
and fifthly workers with a university degree, comprising graduates from university and applied university.
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(vocational) decreases, the share of workers combining a vocational degree with an upper
secondary school degree (HS + vocational) increases over cohorts.

This analysis uses two distinct measures of skill mismatch on within-group wage inequality.
For both measures I use the direct evidence from the SOEP data which is based on workers’
self-assessment. Workers can be mismatched to the skill requirements in two ways. Either
they hold a job which requires training in an occupation respectively field of study which they
have not been trained for or the job requires a different formal educational level than the
worker has attained. The first skill mismatch variable compares the group of workers which
match to the skill requirements of their job in both dimensions with the group of workers who
do not match to the skill requirements in at least one dimension. Although the characteristics
of mismatches in this comparison could be quite different, the measure gives the opportunity
to generally examine differences in wage dispersion between matched and mismatched workers
in the different education groups.5

The empirical literature on skill mismatch mainly studies the case of overeducation. There-
fore, the second skill mismatch variable compares a job’s required formal education level with
the actually obtained education level of the worker. The variable depicts the mismatch only
for university graduates to examine a preferably narrow comparison. Thus, the variable
defines an university graduate to be overeducated if she works in a job which does not require
a university degree. This group is compared to matched university graduates and all other
education levels.

According to the literature the incidence of skill mismatch relates to certain determinants
which also comprises that individuals may choose to work in an employment where they
are mismatched. Generally, the groups of young workers, women, migrants and unmarried
workers are more likely to be overeducated (Leuven and Oosterbeek, 2011). Furthermore,
empirical findings suggest that less able workers are more likely to become overeducated.
For example Chevalier and Lindley (2009) find a negative correlation between the unobserved
ability and the incidence of overeducation in the UK, while Büchel and Pollmann-Schult (2004)
find for German workers holding a vocational degree a negative effect of school grades on the
probability of being overeducated. For university graduates, the incidence of overeducation is
found to be varying across field of studies (Berlingieri and Erdsiek, 2012) and by the quality
of the university (Robst, 1995; McGuinness, 2003).

Sicherman and Galor (1990) argue that individuals might choose a job where they are
overeducated if in this job the probability of promotion is higher. This argument indicates

5Generally, all education categories can exhibit both dimensions of skill mismatch, so there should be no
systematic accumulation of a specific type of mismatch in a specific education category. With respect to the
match in formal education, the measure includes two patterns of mismatch: the case of overqualified workers
who hold a higher education degree than required and the case of underqualified workers who hold a lower
education degree than required. Per definition, there are no underqualified workers among university graduates
and there is no case of overqualification in the group of the least educated workers.
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that mismatch is only a temporary state during the career. Empirical studies, however,
find overeducation to be rather persistent over the career (Rubb, 2003; Mavromaras and
McGuinness, 2012). In particular, if workers are mismatched at the beginning of the career,
the probability to change afterwards to adequate employment positions is considerably low
(Baert et al., 2013). For Germany, Bauer (2002) reports that only 16 percent change their
mismatch status.

Given the evidence on determinants on overeducation the following paragraphs present
descriptive statistics to assess how different the groups of matched and mismatched workers are
and whether there are changes over time. Table 1 illustrates the incidence for mismatch across
year groups and birth cohorts. Column (1) presents the share of general mismatch among all
workers. An increasing number of workers are in a job which fits to their learned occupation,
respectively their field of study, and their attained education level. This trend is visible
across year groups and across birth cohorts. A very tentative interpretation could be that the
matching process on the labour market has improved over time. Furthermore, younger birth
cohorts could be increasingly educated and trained in alignment with the existing demand on
the labour market.

Column (2) depicts the degree of overeducation among the group of university graduates
in the sample across year groups and birth cohorts. Different from the incidence of general
skill mismatch, the prevalence of mismatch is low, not exceeding a share of about 20 percent.
Also the pattern over time and cohorts is different from the case of general skill mismatch,
depicting the highest incidence of overeducation for the middle year groups and cohorts. This
finding might be related to baby boomer cohorts in our sample (those who were born between
1955 and 1979) who have increasingly attained higher education levels compared to their
antecessors. In reaction, this increase in the relative supply of higher educational attainment
might have led to an increasing number of university graduates in positions for which they
are overeducated.

Table 2 presents the incidence for skill mismatch across age, education and occupation
groups. General skill mismatch within different education levels appears quite diverse. Work-
ers with a higher education level are generally less likely to be in a mismatched position. The
differences range from a share of 28 percent of mismatched workers among university graduates
to a share of 90 percent among those who have no post-secondary education degree.

There are not many differences across age groups with respect to either general skill
mismatch or overeducation. The share of general skill mismatch is fairly stable over the life-
cycle. The oldest age group depicts with 14 percent the lowest share of overeducated workers
which gives a slight indication towards a resolution of mismatch due to overeducation over
the life-cycle.6

6This finding does not change when the share of mismatched workers across age groups is considered
separately for each cohort.
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Due to shortages in supply and changes in demand, skill mismatch might be differently
prevalent in occupations. Table 2 provides the shares of mismatched and overeducated workers
across occupation groups at the one-digit level. General skill mismatch is predominant among
plant and machine operators as well as among workers in elementary occupations. With
regards to the prevalence of overeducation, there is much more heterogeneity across occupation
groups. Whereas legislators, senior officials, managers and professionals are mainly matched,
overeducation is predominant in service and industry occupations.

Tables 3 and 4 show descriptive evidence for differences in wages with respect to general
mismatch and overeducation. With regard to differences across year groups and birth cohorts,
mean wages are systematically lower for the group of generally mismatched workers as well as
for the group of overeducated workers compared to their matched counterparts. This mean
wage difference though does not change over year groups or cohorts for both measures of
mismatch.

Table 3 shows, as expected, that mean wages are increasing with the education degree.
Interestingly, the mean wage differences between mismatched and matched workers varies
across education categories. While among workers with a vocational or a university degree
mean wages are lower for the mismatched group, it is higher among workers with an high
school degree and vocational degree, mastercraftsman or for workers with no upper secondary
degree.

Descriptive evidence on the dispersion of wages measured by the standard deviation re-
ports education as an unambiguous source of differences between matched and mismatched
workers. Regarding the group of generally mismatched workers in table 3, for each education
category wage dispersion is higher compared to the group of matched workers. Likewise, wage
dispersion in table 4 is higher among the group of overeducated workers for each year group
and cohort.

Given the variation in the incidence of skill mismatch over time and across cohorts, the
question remains to what extent skill mismatch explains variation in the returns to education.
For each education group, skill mismatch is expected to contribute to within-group inequality,
as mean wages differ between matched and mismatched workers according to the descriptive
evidence. Furthermore, wage dispersion is higher within the group of mismatched workers. A
higher dispersion in the productivity, due to the fact that a worker’s skills does not meet the
requirement of job, leads to a higher dispersion in the wage. Likewise, higher search frictions
among mismatched workers cause a higher dispersion in reservation wages and thus more
variation in actual wages.

The implications from higher within-wage inequality due to skill mismatch on overall wage
inequality are conceptually unclear. First, higher wage dispersion within an education group
could either increase, decrease or have no effect on the mean wage in the group. Second,
the influence of changes in mean wages on overall wage inequality depend on the education
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level. An increase in the mean wage of workers with the lowest education level would decrease
overall wage inequality, ceteris paribus. In contrast, a rising mean wage for the highest educa-
tion level would increase overall wage inequality, ceteris paribus. Thus, the following analysis
investigates the importance of skill mismatch jointly for between-group and within-group
inequality and the variation across different education groups. Furthermore, the analysis ex-
amines whether the relationship between skill mismatch and returns to education is changing
over time and across cohorts and thus gives an explanation for changes in within-group wage
inequality.

4 Econometric approach

To assess the impact of skill mismatch on within-group wage inequality, the paper applies two
different econometric approaches. First, the analysis explores the contribution of education
to overall wage inequality using a variance component model. The goal is to examine how
education levels differently contribute to wage inequality for the group of matched and the
group of mismatched workers.

The variance component model applied in this paper mainly builds on the analysis of
Lemieux (2006b). To capture dispersion in the returns to education for workers with the
same degree, a random coefficient model is assumed

yit = αtai + βtbiEi + γtciXi + uit (1)

where the log wage yit is a linear function of unobserved ability ai, education Ei, a quad-
ratic experience termXi, and a term uit capturing measurement error. The random coefficient
model assumes that person-specific returns bi and ci exist besides mean returns to education
and experience, βt and γt. Under the assumption that the random effects ai, bi and ci are un-
correlated and have a mean of one, the expected value of equation 1 conditional on observables
yields the common Mincer-type regression:

E(yit|Ei, Xi) = αt + βtEi + γtXi. (2)

This equation explains the influence of education on the level of wages assuming that all
individuals receive the same returns from education and experience. Taking the conditional
variance of wages leads to an equation which models the influence of returns to education and
experience on the dispersion of wages:
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V ar(yit|Ei, Xi) = α2
tσ

2
a + σ2

bβ
2
tE

2
i + σ2

cγ
2
tX

2
i . (3)

Equation 3 exhibits the variance component σ2
a for unobserved ability, as wells as σ2

b

and σ2
c , which represent the person-specific part of the returns to education and experience,

respectively. To identify the parameters of equation 3, I follow the proposition by Lemieux
(2006b) to jointly estimate the conditional mean and the variance equation by non-linear least
squares on the basis of the methods of moments. As the interest of the analysis lies in the
differential impacts of skill mismatch, the following equation system is separately estimated
form = {0, 1} subgroups defining the group of mismatched and the group of matched workers:

yitm = αtm + β′tmEim + γ ′tmXim + uitm (4)

r2
itm = α2

tmσ
2
am + σ2

bmβ
2′
tmE

2
im + σ2

cmγ
2′
tmX

2
im + vitm. (5)

Equation 4 fits the expected mean of wages yit, whereas equation 5 fits the expected
variance of wages empirically represented by the squared residual r2

it.
The second goal of the empirical analysis is to examine the dispersion in the returns to

different education levels with respect to skill mismatch. The analysis therefore applies as
a second econometric approach variance regression functions. Like in Lemieux (2006b), this
approach implies to estimate a regression of the first moment and the second moment of log
wages as shown in equations 6 and 7:

yit = β0t + β′1tEi + β2tmatchi + β′3tEi ∗matchi + β′4tXi + εit (6)

ρ2
it = λ0t + λ′1tEi + λ2tmatchi + λ′3tEi ∗matchi + λ′4tXi + ηit. (7)

Unlike the variance component model, it is possible to assess the impact of each single
regressor on the squared wage residual ρ2

it. For this purpose, separate coefficients are inde-
pendently estimated in the mean and variance regression. The estimation procedure applied
in the paper refers to Western and Bloome (2009) who use a maximum likelihood approach.
The estimates are obtained in a stepwise procedure. Firstly, the mean regression from equa-
tion 6 is fitted which provides the squared residuals ρ2

it. Secondly, equation 7 is estimated by
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a generalised linear model. This regression model allows to specify the dependent variable
as gamma distributed which accounts for the positive right-skewed distribution of the fitted
squared residuals.7 From this regression, the expected value of the dependent variable σ̂2

i

is derived. In a third step, the mean regression from equation 6 is re-estimated applying a
weighted linear regression with weights 1

σ̂2
i

. The updated residuals are used to evaluate each
individual’s contribution to the log-likelihood:

L(β,λ; yi) = −0.5[log ˆ(σ2
i ) + (yi − ŷi)/σ̂2

i ] (8)

Steps two and three are repeated using the updated estimated parameters for each iteration
until convergence is achieved.

5 Estimation Results

5.1 Assessing the importance of skill mismatch for wage inequality

The first part of the empirical analysis examines the importance of education determining
wage inequality among matched and mismatched workers. The empirical analysis jointly
fits the predicted wage in a mean equation and the squared wage residuals in a variance
equation using education and age as explanatory variables according to equations 4 and 5.8

Thus, the first equation models the wage variation between different education and experi-
ence groups, while the second equation explains wage dispersion within those groups. The
estimated variance components for education and age in the second regression indicate their
relative importance for the residual wage inequality. The estimations are conducted separ-
ately for matched workers and for mismatched workers who either hold a job which requires
training in an occupation respectively field of study which they have not been trained for or
a job which requires a different formal educational level than the worker has attained.

The estimates from the mean regression across year groups in the upper part of table 5 are
as expected. Workers with no vocational degree have on average lower wage returns than the
comparison group of workers which attained a lower or intermediary school degree and hold
a vocational degree9. Workers with a high school degree combined with a vocational degree
and master craftsmen exhibit similar wage premia compared to the base category. Finally,

7The range of the expected value of the fitted squared residuals ρ2
it is (0,∞). In order to map this to the

range (−∞,∞) of the linear predictor of equation 7, I use a log link function.
8The predicted wage and the squared wage residuals are derived from a OLS wage regression which uses a

flexible specification of all interactions between education levels and the quartic polynomial of age.
9This comparison group is chosen because workers with a vocational degree and lower or middle school

degree are the predominant education group on the labour market. Furthermore, this group is the most
balanced one in terms of the shares of matched and mismatched workers, as can be seen in table 2.
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university graduates receive the highest wage returns.
While the estimation results of the mean part of the regression are fairly similar for

the groups of matched and mismatched workers across year groups, the estimated variance
components indicate some differences between the two groups. The variance component for
education among the group of mismatched workers is always significant, which is also the
case for matched workers, except for the second year group. Furthermore, the magnitude of
the estimates is quite high, indicating that education is an important determinant for wage
inequality in both groups. However, for each year group the variance component of education
among mismatched workers is higher compared to the group of matched workers. Thus, wage
inequality due to education is different with respect to the incidence of general skill mismatch.
A time trend for the education variance component is not visible. Only for the second half
of the 1990s, wage inequality among matched and mismatched workers is considerably higher
than for other periods. This finding might be a result of the joining of the East and West
German labour markets after reunification. The variance component with respect to age is
also mainly significant across year groups but lower in magnitude. Except for the first year
group, the variance component for age is higher among the group of mismatched workers.
Overall the results indicate that heterogeneity in the returns to education and experience is
an explanatory factor for wage inequality within those groups while the magnitude of the
relationship is higher among the group of mismatched workers.

Estimation results across birth cohorts in Table 6 confirm the results across year groups.
The contribution of heterogeneity in the returns to education to residual wage inequality is
higher among mismatched workers compared to the group of matched workers. This is in
particular the case for the second and third birth cohort, where the variance component for
education is not significant among matched workers. Only for the most recent birth cohort
the impact of variability in the returns to education is higher among matched workers.

As a robustness check, the so far conducted empirical analysis is reviewed by using a linear
spline function in years of education at four education groups as an alternative specification
to measure educational attainment.10 Equations 9 to 12 define the variables for the education
groups according to the years of education E.

Elower =
{
E, if 0 ≤ E ≤ 9
9, if E > 9

(9)

10The four education groups correspond to the measurement of education categories in the SOEP data. The
first education group represents workers which hold at most a lower school degree. The second education group
corresponds to workers who attained at most an intermediary school degree and completed afterwards as an
apprenticeship degree. The third education group is equivalent to the group of workers who attained a high
school degree followed by a completed apprenticeship. The fourth group comprises workers with degrees from
a higher technical college or from university.
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Elower+apprenticeship =


0 if E ≤ 9
E − 9 if 9 < E ≤ 11.5
2.5 if E > 11.5

(10)

Ehigher+apprenticeship =


0 if E ≤ 11.5
E − 11.5 if 11.5 < E ≤ 14.5
3 if E > 14.5

(11)

Etertiary =
{

0, if 0 ≤ 14.5
E − 14.5, if E > 14.5

(12)

The difference in years of education within an education group reflects different pathways
which individuals took to attain their highest education degree. The spline function there-
fore measures differences in returns to an additional year of education comparing different
pathways to the same final educational attainment.

Tables 7 and 8 show the results using the linear spline function in years of education across
year groups and across birth cohorts, respectively. For example, for mismatched workers in the
period between the years 1984 and 1989, an additional year of education yields the highest
returns in the second and third education group which represent a lower or intermediary
school degree followed by a completed apprenticeship and a high school degree also followed
by a completed apprenticeship, respectively. An additional year in tertiary education (fourth
education group) implies a lower increase in returns. The evidence of highest returns to
years of education for high school attainment and completed apprenticeship applies both for
mismatched and matched workers across year groups and cohorts. The increase in the return
to a year of apprentices with lower or intermediary school degrees is less pronounced for more
recent year groups and cohorts.

Changing the specification with respect to the measurement of educational attainment
does not change the importance of the estimated variance component. The heterogeneity in
returns to education is still a significant determinant for residual wage inequality and has a
higher impact among mismatched workers. The specification of a linear spline function addi-
tionally facilitates the interpretation of the terms αtm and σ2

am as the impact of unobserved
ability on the level and dispersion of wages.11 Though the variance component for unobserved
ability is mainly significant across year groups and cohorts, the impact of heterogeneity in

11Interpreting σ2
am as the unobserved ability component assumes that there is no measurement error in the

residual dispersion of wages.
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returns to ability on residual wage is comparably less pronounced.
Equation 5 shows that the variance components interact with education and age and their

mean returns. Thus, to evaluate the importance of education as a source of wage inequality,
I decompose the change of the wage variance between the periods 1984 to 1989 and 2005
to 2010. This allows to distinguish effects of education on between-group and within-group
wage inequality and to separate them from effects due to changes in the composition of
education and experience. I apply a measure from Lemieux (2006b) where price effects are
computed by replacing the respective coefficients in the base period by the coefficients from
the end period. This counterfactual tells what the wage variance in the base period would
have been if the respective returns had been as the ones in the end period. In contrast, the
computed composition effect shows how the wage variance would have been in the base period
if education and experience had been as in the end period.

Table 9 shows that the increase in the total wage variance from the base period between
the years 1984 to 1989 to the end period between the years 2005 to 2010 is almost two times
higher among the group of mismatched workers. However, the counterfactual values for the
between-group variance V ar(yitm) and for the within-group variance E(r2

itm) show a relatively
higher increase in within-group inequality which is comparable for the group of matched and
mismatched workers. The contribution from changes in the returns to education via the price
effects to the changes in between-group and within-group inequality is similarly small for both
groups. In particular the changes in within-wage inequality among matched and mismatched
workers is due to changes in the composition of education and experience.

5.2 Skill Mismatch among university graduates and wage inequality

So far the analysis indicates that education plays an important role as a source of residual
wage inequality predominantly for the group of mismatched workers. The following analysis
investigates whether the education levels contribute differently to within-group inequality
considering general skill mismatch. For this, mean and variance functions are jointly estimated
according to equations 6 and 7. In the following, I concentrate on the results of the variance
regressions, as the results from mean regressions resemble the evidence from the first part of
the empirical analysis.

Table 10 presents estimated coefficients from variance regressions across year groups. The
coefficient of the match variable is significantly negative for each year group. Thus, the group
of workers who hold a job for which they do not meet the skill requirements, either with respect
to the training occupation respectively field of study or to the formal educational level, face in
general a higher degree of wage dispersion. For example, being matched in the years from 1984
to 1989 reduces residual wage dispersion by 20 percent (1−e−0.22 = 0.197). Workers who hold
a vocational degree together with a lower or middle school degree are used as a comparison
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group for the interpretation of education coefficients. The results suggest differences across
education groups in the contribution of skill mismatch to within-group wage inequality. For
workers with a high school degree and a subsequent vocational degree as well as for master
craftsmen, there are no differences in wage dispersion between matched and mismatched
workers. Workers with no vocational degree at all exhibit different wage dispersion across
years groups. In the second half of the 1980s, wage dispersion for mismatched workers was
significantly lower, whereas since the year 2000, wage inequality within the group of workers
without vocational degree has been significantly higher among matched individuals.

With regard to the university degree, wage dispersion is significantly higher than the
wage dispersion for the vocational degree. Across year groups, within-wage inequality is al-
ways significantly higher among mismatched university graduates compared to their matched
counterparts. Thus, within-wage inequality across years is predominant among university
graduates while the contribution of mismatched workers is considerably higher.

A similar picture can be seen across birth cohorts in table 11. The contribution of uni-
versity degree to the variance of wages is always significantly different from zero. For each
birth cohort wage dispersion among mismatched university graduates is higher compared to
workers with a vocational degree. Wage dispersion among matched university graduates is
significantly lower compared to mismatched university graduates. The difference between
both groups is higher for former birth cohorts. Thus, the importance of skill mismatch in
determining wage inequality within university education is more important for former cohorts.

The following part of the empirical analysis examines the particular relevance of overedu-
cation for wage inequality among university graduates as the previous results have shown that
general skill mismatch is especially relevant for within-group wage inequality among univer-
sity graduates. For two further reasons the analysis focuses on this particular issue. First,
compared to the skill mismatch measure applied in the previous analysis, overeducation is
a more precise measure for skill mismatch, relating only to the job requirements regarding
the formal education. Second, overeducation among university graduates is economically rel-
evant, because the degree of wage dispersion related to overeducation can be interpreted as
an investment risk associated with commencing in tertiary education. The risk is the larger
the higher the wage dispersion related to overeducation, assuming that individuals randomly
draw matches or mismatches after they have graduated. This is even more relevant if there
is no adequate compensation for such risks, as the literature suggests a wage penalty related
to overeducation (Leuven and Oosterbeek, 2011).

Table 12 presents mean returns and wage dispersion for the group of overeducated uni-
versity graduates in contrast to matched university graduates. The effects are compared to
the base category of workers with a vocational degree irrespective whether they are matched
or mismatched. The upper part of the table depicts the mean returns for overeducated and
matched university graduates. Overeducated workers face a wage cut, which more than halves
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their wages in comparison to matched university graduates. Across year groups, mean returns
for overeducated workers remain stable in contrast to rising mean returns among matched uni-
versity graduates. This widening gap indicates growing wage inequality between matched and
mismatched university graduates. Indeed, this evidence relates to previous studies which con-
jecture falling returns at the lower end of the wage distribution for higher educated workers
as a result of overeducation (e. g. Fersterer and Winter-Ebmer, 2003; Martins and Pereira,
2004).

The results from the variance regression in the lower part of Table 12 clearly show that
overeducated university graduates exhibit higher wage dispersion than their matched coun-
terparts. For example, the wage dispersion among overeducated university graduates is about
77 percent (e0.57 = 1.768) higher than among workers holding a vocational degree. Among
matched university graduates wage dispersion is for some years not even different compared
to the group of workers with a vocational degree. This is in accordance with the positive cor-
relation between overeducation and the dispersion in the return to graduate education found
by Green and Zhu (2010) for the UK.

The comparison of variance coefficients across year groups among matched and overedu-
cated workers suggests no clear time trend. Still, for the group of overeducated workers
an exceedingly high wage dispersion for the second half of the 1990s can be found. At the
same time their mean returns exhibit the lowest value in this period. Very tentatively this
could be related to a growing participation of relatively high educated East German workers
contributing to higher heterogeneity on the West German labour market.

The results for birth cohorts in Table 13 describe a similar picture. For each cohort, mean
returns are lower among overeducated university graduates. Returns for matched university
graduates are quite stable, dropping only for the two recent cohorts, whereas among overedu-
cated workers, especially the middle birth cohorts (individuals born between 1950 and 1960),
face low returns.

Wage dispersion is higher among overeducated university graduates compared to other
education levels. This result holds across year groups. However, the results across birth
cohorts for matched and overeducated university graduates show a particular development
which suggests the existence of cohort effects. Wage dispersion among overeducated workers
decreases for younger cohorts, while wage dispersion among matched workers slightly in-
creases. Compared to workers with a vocational degree, the latter group exhibits lower wage
dispersion for the two oldest cohorts but slightly higher wage dispersion for younger cohorts.
The decreasing differential in wage dispersion thus indicates a less pronounced contribution
of overeducation on within-wage inequality for younger cohorts.
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6 Conclusion

This paper explores the relationship between skill mismatch and wage inequality within edu-
cation groups. Wage inequality is induced by the difference between the groups of matched
and mismatched workers with respect to the level and the dispersion of wages. Related to the
theoretical literature on search and matching processes, skill mismatch reflects the existence of
frictions on the labour market. A measure of general skill mismatch is defined where workers
can be mismatched related to the job’s requirements either in terms of the required training
in an occupation respectively field of study or in terms of the formal educational level. This
measure captures a broad scale of frictions.

Variance component models are estimated to measure the contribution of general skill mis-
match on wage inequality. The results demonstrate the important role of skill mismatch as
a contributing factor to wage inequality. Across year groups and birth cohorts, the contribu-
tion of varying returns to education on wage inequality is higher among mismatched workers
compared to the group of matched workers. For both groups, changes in their overall wage
inequality between the period 1984 to 1989 and the period 2005 to 2010 are mainly ascribed
to changes in within-wage inequality. However, price effects due to changes in the returns
to educations contribute little to changes in wage inequality. Thus, although mismatch is an
important factor for wage inequality, changes over time are mainly caused by composition
effects within the groups of mismatched and matched workers.

To specify the contribution of skill mismatch within each education group, variance func-
tion regressions are estimated. Differences in wage inequality due to general skill mismatch are
predominant among the group of university graduates. Wage dispersion among mismatched
university graduates is significantly higher compared to matched university graduates. The
analysis focuses thus in a second step on the role of overeducation as a specific measure for
skill mismatch on wage inequality among university graduates. The results show that two
channels are relevant for the explanation of wage inequality. Overeducated university gradu-
ates receive significant lower returns to education and have a significant higher contribution
to wage dispersion than matched university graduates. Changes over time and cohorts are
less pronounced. Across year groups, the gap in returns to education between matched and
mismatched university graduates seems to increase. While relatively stable over year groups,
the difference in wage dispersion between matched and mismatched university graduates is
lower for younger birth cohorts.
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Figures and Tables

Figure 1: Share of education levels by birth cohort

Note: The figure shows the share of education levels by each birth cohort. Workers in birth cohort 1 are born
between 1940 and 1944, in birth cohort 2 between 1945 and 1949, in birth cohort 3 between 1950 and 1954, in
birth cohort 4 between 1955 and 1959, in birth cohort 5 between 1960 and 1964, in birth cohort 6 between
1965 and 1969, in birth cohort 7 between 1970 and 1979. The bin width represents the size of the birth
cohort.
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Table 1: Incidence of mismatch among all workers and incidence of overeducation among
university graduates across year groups and cohorts

share of
mismatched
workers

share of
overeducated
university
graduates

by year group
1984-1989 0.54 0.16
1990-1994 0.51 0.20
1995-1999 0.49 0.23
2000-2004 0.43 0.17
2005-2010 0.43 0.16
by cohort
born 1940-1944 0.53 0.13
born 1945-1949 0.49 0.15
born 1950-1954 0.46 0.17
born 1955-1959 0.45 0.21
born 1960-1964 0.47 0.20
born 1965-1969 0.45 0.18
born 1970-1979 0.42 0.16

Note: The first column depicts the share of mismatched workers by each year group and birth cohort. The
particular shares correspond to the sample of all workers which comprises 59308 observations. The second
column depicts the share of overeducated university graduates by each year group and birth cohort. The
particular shares correspond to the subsample of all university graduates which comprises 15377 observations.

24



Table 2: Incidence of mismatch among all workers and incidence of overeducation among
university graduates across age, education and occupation groups

share of
mismatched
workers

share of
overeducated
university
graduates

by age group
25-30 0.47 0.17
31-40 0.46 0.19
41-50 0.48 0.19
51-60 0.48 0.14
by education degree
no vocational 0.90 -
vocational 0.48 -
high school + vocational 0.42 -
master craftsmen 0.40 -
university 0.28 0.17
by occupation group
legislators, senior officials and
managers 0.50 0.21
professionals 0.26 0.05
technicians and associate
professionals 0.48 0.37
clerks 0.51 0.59
service workers and shop and
market salesman 0.52 0.75
skilled agricultural and fishery
worker 0.38 0.62
craft and related trade workers 0.37 0.85
plant and machine operators
and assembly workers 0.81 0.94
elementary occupations 0.90 0.72

Note: The first column depicts the share of mismatched workers by each age, education and occupation
group. The particular shares correspond to the sample of all workers which comprises 59308 observations. The
second column depicts the share of overeducated university graduates by each age, education and occupation
group. The particular shares correspond to the subsample of all university graduates which comprises 15377
observations.
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Table 3: Differences in mean and standard deviation of wages between matched and mis-
matched workers across year groups, cohorts and education groups

mismatched matched
mean sd. dev. mean sd. dev.

by year group
1984-1989 2.59 0.32 2.73 0.34
1990-1994 2.68 0.31 2.80 0.32
1995-1999 2.67 0.34 2.80 0.33
2000-2004 2.77 0.40 2.91 0.39
2005-2010 2.74 0.43 2.90 0.41
by cohort
born 1940-1944 2.72 0.35 2.93 0.36
born 1945-1949 2.76 0.38 2.91 0.37
born 1950-1954 2.76 0.39 2.93 0.36
born 1955-1959 2.71 0.38 2.88 0.40
born 1960-1964 2.71 0.36 2.85 0.38
born 1965-1969 2.68 0.36 2.81 0.36
born 1970-1979 2.57 0.37 2.69 0.34
by education degree
no vocational 2.57 0.32 2.55 0.29
vocational 2.66 0.34 2.70 0.31
high school + vocational 2.82 0.38 2.78 0.34
master craftsmen 2.89 0.36 2.81 0.32
university 2.95 0.43 3.11 0.36

Note: The mean and standard deviation are measured in log hourly wages.
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Table 4: Differences in mean and standard deviation of wages between matched and overedu-
cated university graduates across year groups and cohorts

overeducated matched
mean sd. dev. mean sd. dev.

by year group
1984-1989 2.80 0.39 3.03 0.34
1990-1994 2.86 0.34 3.09 0.29
1995-1999 2.81 0.41 3.05 0.34
2000-2004 2.88 0.44 3.16 0.36
2005-2010 2.84 0.44 3.14 0.38
by cohort
born 1940-1944 3.05 0.45 3.18 0.30
born 1945-1949 2.97 0.45 3.20 0.32
born 1950-1954 2.83 0.43 3.18 0.32
born 1955-1959 2.82 0.43 3.18 0.35
born 1960-1964 2.86 0.39 3.14 0.35
born 1965-1969 2.81 0.39 3.04 0.36
born 1970-1979 2.69 0.36 2.88 0.41

Note: The mean and standard deviation are measured in log hourly wages.
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Table 5: Mean coefficients and variance components among matched and mismatched workers
across year groups

1984-1989 1990-1994 1995-1999 2000-2004 2005-2010

if mismatched:
constant 1.60*** 1.79*** 1.72*** 1.49*** 1.20***
no vocational degree (1) -0.13*** -0.10*** -0.08*** -0.07*** -0.08***
high school + vocational
degree (3)

0.16*** 0.08*** 0.06*** 0.17*** 0.17***

master craftsmen (4) 0.13*** 0.14*** 0.11*** 0.15*** 0.16***

university degree (5)
0.36*** 0.32*** 0.29*** 0.36*** 0.40***

age 0.05*** 0.04*** 0.04*** 0.05*** 0.06***
age2/100 -0.05*** -0.04*** -0.04*** -0.05*** -0.05***
variance components:
constant (σ2

a0) 0.03*** 0.02*** 0.02*** 0.04*** 0.06***
education (σ2

b0) 0.42*** 0.44*** 1.05*** 0.48*** 0.46***
age/100 (σ2

c0/100) 0.12 0.19* 0.39*** 0.64*** 1.00***
if matched:
constant 1.41*** 1.52*** 1.55*** 1.40*** 1.03***
no vocational degree (1) -0.14*** -0.12*** -0.10*** -0.08*** -0.07***
high school + vocational
degree (3)

0.17*** 0.10*** 0.06*** 0.16*** 0.17***

master craftsmen (4) 0.13*** 0.13*** 0.10*** 0.15*** 0.16***

university degree (5)
0.36*** 0.33*** 0.28*** 0.36*** 0.38***

age 0.05*** 0.05*** 0.05*** 0.05*** 0.07***
age2/100 -0.05*** -0.05*** -0.05*** -0.05*** -0.06***
variance components:
constant (σ2

a1) 0.03*** 0.03*** 0.03*** 0.04*** 0.09***
education (σ2

b1) 0.17*** -0.06 0.30*** 0.06** 0.07**
age/100 (σ2

c1/100) 0.29*** 0.18*** 0.00 0.33*** 0.08*

Note: The table reports estimates of mean coefficients and variance components from an empirical model
which jointly fits the conditional mean of log hourly wages and the conditional variance of log hourly wages via
nonlinear least squares. Education is measured by dummy variables using workers with a vocational degree as
the comparison group. ***, **, * indicate significance at 1-, 5-, and 10-percent level.
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Table 7: Mean coefficients and variance components among matched and mismatched workers
across year groups using a linear spline function in education

1984-1989 1990-1994 1995-1999 2000-2004 2005-2010
if mismatched:
constant 1.28*** 1.48*** 1.47*** 1.23*** 1.06***
Elower 0.01*** 0.01*** 0.01*** 0.01* -0.00
Elower+apprenticeship 0.07*** 0.06*** 0.04*** 0.04*** 0.04***
Ehigher+apprenticeship 0.06*** 0.05*** 0.05*** 0.07*** 0.08***
Etertiary 0.03*** 0.04*** 0.04*** 0.04*** 0.04***
age 0.05*** 0.05*** 0.04*** 0.05*** 0.06***
age2/100 -0.05*** -0.05*** -0.04*** -0.05*** -0.06***
variance components:
constant (σ2

a0) 0.02*** 0.02*** 0.01* 0.05*** 0.08***
education (σ2

b0) 1.17*** 1.11*** 2.41*** 0.80*** 0.74***
age/100 (σ2

c0/100) 0.18** 0.19** 0.41*** 0.57*** 0.46***
if matched:
constant 0.92*** 1.14*** 1.18*** 1.13*** 0.50***
Elower 0.04*** 0.03*** 0.03*** 0.02 0.05***
Elower+apprenticeship 0.05*** 0.04*** 0.04*** 0.03*** 0.03***
Ehigher+apprenticeship 0.08*** 0.06*** 0.05*** 0.08*** 0.09***
Etertiary 0.03*** 0.04*** 0.03*** 0.03*** 0.03***
age 0.06*** 0.05*** 0.05*** 0.06*** 0.07***
age2/100 -0.06*** -0.05*** -0.04*** -0.05*** -0.06***
variance components:
constant (σ2

a1) 0.02 0.05*** 0.06 0.06*** 0.28***
education (σ2

b1) 0.33*** -0.10 0.65*** 0.15** 0.13***
age/100 (σ2

c1/100) 0.26*** 0.17*** 0.35 0.31*** 0.08**

Note: The table reports estimated variance components from an empirical model which jointly fits the condi-
tional mean of log hourly wages and the conditional variance of log hourly wages via nonlinear least squares.
Education is measured by a linear spline function in years of education. ***, **, * indicate significance at 1-,
5-, and 10-percent level.
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Table 9: Decomposition of the change in the variance of wages between 1984-1989 and 2005-
2010

change in variance
between-group within-group total

if mismatched:
price effects
no vocational degree (1) -0.004 -0.001 -0.005
high school + 0.000 0.000 0.000
vocational degree (3)
master craftsmen (4) 0.001 0.001 0.001
university degree (5) 0.002 0.001 0.003
age 0.012 0.000 0.012
constant - -0.026 -0.026
total price effect 0.011 -0.025 -0.014

composition effect 0.013 0.086 0.098
total change 0.024 0.060 0.084
if matched:
price effects
no vocational degree (1) -0.001 0.000 -0.001
high school + 0.000 0.000 0.000
vocational degree (3)
master craftsmen (4) 0.000 0.001 0.001
university degree (5) 0.003 0.001 0.004
age 0.019 0.001 0.020
constant - -0.026 -0.026
total price effect 0.021 -0.023 -0.002

composition effect -0.008 0.057 0.049
total change 0.013 0.034 0.047
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Table 10: Variance regression considering general skill mismatch across year groups

1984-1989 1990-1994 1995-1999 2000-2004 2005-2010
no vocational degree (1) -0.14** -0.09 -0.09 0.05 0.06
high school + vocational degree (3) -0.27 0.19 0.24* 0.15* -0.19**
master craftsmen (4) 0.19* 0.11 0.13 0.00 0.02
university degree (5) 0.56*** 0.35*** 0.61*** 0.34*** 0.31***
match -0.22*** -0.16*** -0.28*** -0.24*** -0.34***
interaction term (1) -0.19 -0.21 0.16 0.58*** 0.55**
interaction term (3) 0.30 -0.38* -0.26 -0.02 0.50***
interaction term (4) -0.01 0.09 0.07 0.07 0.07
interaction term (5) -0.12 -0.31*** -0.24** -0.19*** -0.20***
age 0.11*** 0.04 0.06*** -0.00 -0.02
age2/100 -0.13** -0.04 -0.06*** 0.02 0.02
constant -4.49*** -3.37*** -3.65*** -2.31*** -1.82***

Note: The table reports estimated coefficients from a variance regression of log hourly wages which is jointly
estimated with a mean regression of log monthly wages by iterating a two-stage model via maximum likelihood.
The comparison group consists of workers holding a vocational degree together with a lower or middle school
degree. The variable match takes on the value 0 if the worker is mismatched and 1 if the worker is matched.
Interaction terms specify the joint effect of the match indicator and the respective education level. ***, **, *
indicate significance at 1-, 5-, and 10-percent level.
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Table 12: Variance regression considering overeducation among university graduates across
year groups

1984-1989 1990-1994 1995-1999 2000-2004 2005-2010
mean coefficients:
overeducated 0.14*** 0.16*** 0.10*** 0.13*** 0.13***
matched 0.36*** 0.36*** 0.34*** 0.40*** 0.45***
variance coefficients:
overeducated 0.57*** 0.33*** 0.65*** 0.53*** 0.44***
matched 0.34*** 0.01 0.23*** 0.04 -0.04

Note: The table reports estimated coefficients from a variance regression of log hourly wages which is jointly
estimated with a mean regression of log monthly wages by iterating a two-stage model via maximum likelihood.
The comparison group consists of workers holding a vocational degree together with a lower or middle school
degree. ***, **, * indicate significance at 1-, 5-, and 10-percent level.
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