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Abstract
This paper considers if the ‘routinisation’ of many occupations, driven by factors such as
outsourcing and the advent of the World Wide Web, has caused overeducation,
undereducation and wage penalty for these employees. The resulting polarisation of
the labour market is further impacted by supply-side factors, such as the influx of
migrants, which may have adverse effects on wages. We estimate three-equation
trivariate probit system with overeducation, undereducation and probability of receiving
wage penalty as binary dependent variables. Furthermore, overeducation and
undereducation also enter as explanatory variables in the wage penalty equation. Our
approach differs significantly from the traditional ORU (overeducation, required
education and undereducation) estimates where overeducation and undereducation
variables only enter in the system as dependent variables to avoid endogeneity bias. To
aid convergence in the trivariate probit we apply appropriate exclusion restrictions and
we apply constraints on unwarranted combinations of education and skills mismatch.
Our analysis is based on exceptionally rich Dutch micro-data that uniquely enables us to
match each employee’s occupation to its required level of education (as defined by
Statistics Netherlands). This matching using official data enables us to overcome the
typical self-reporting bias found in much of the overeducation literature. Our results
suggest that routinisation has mainly led to overeducation and, improved,
undereducation.
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Introduction
Technological improvements and the changing geography of production both
complement and threaten the matching of employees’ skills with jobs. Given that skills
groups are imperfect substitutes in production, relative supply-demand changes shift
wage and employment outcomes for these groups. It is well-documented in the literature
that the decline of middle segment jobs (mostly routine-task intense) is an implication of
technological change and of the changing nature of production (Acemoglu and Autor,
2011). These changes could play
significantly detrimental role by increasing
overeducation. This is assuming that options like on-the-job training or enrolling in
education, which could potentially ensure upskilling of employees cannot easily outpace
the changing demand for skills.
This study offers an innovative perspective on introducing task complexity and
demand-shifts into the over-education literature through the estimation of probit
model. We explore the role of technological changes, like routinisation, on the prevalence
of skills mismatch and the consequent wage premium the employees receive. We focus
mainly on over-educated employees (i.e. those in jobs below their educational
attainment) but we also provide substantive discussion on under-educated employees
(i.e. those who work in jobs requiring higher level of education than they have). Our
research follows two related lines of inquiry. Firstly, how do the changing demand-side
conditions with respect to technology (e.g. firms’ decision to outsource routine tasks)
influence the prevalence and persistence of overeducation? Secondly, and
simultaneously, what is the response of wages to evolving technological changes for
these over-educated employees? Our approach enables us to extend the standard
discussion beyond education and occupation mismatches and provides further
knowledge on describing mechanism of how becoming over- and under-educated is
shaped by external technological changes. We use exceptionally rich administrative data
obtained from the Statistics Netherlands under strict confidentiality agreements. Our
analysis uses linked employer-employee data, which not only permits incorporating
technological-change induced determinants of skills mismatch but also allows for firm
heterogeneity and the inclusion of wages for these employees.
Many aspects of technologically-induced skills mismatch have previously been
overlooked. Among these is that demand-side dynamics are mostly beyond the influence
of individual employees and they are likely to exacerbate the skills mismatch. In parallel
to computers replacing the tasks of mostly middle-skilled employees, the changing
dynamics of international trade through outsourcing and offshoring impacts the
structure of employment. In particular jobs with routine tasks are likely to be outsourced
through the changing nature of production, both in manufacturing and in
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information-based tasks.3 Firms’ decisions to outsource routine segment jobs, especially
internationally, may lead either to increased unemployment or higher competition for
jobs within occupations. It becomes increasingly challenging for employees in vanishing
routine-task complexity jobs to acquire positions in higher complexity jobs while facing
competition from similarly skilled employees. Finally, the type of skills employees can
supply to the market in response to technological changes is unlikely to meet the
immediate needs of firms.
Internationally mobile labour, which we discuss later and which we incorporate
in our modelling, can be an imperfect substitute to address this immediate need. The
hunt for international talent and qualifications requires extra effort to attract the most
talented employees and to select the ‘correct’ international immigrants. Evidently, labour
migration policies in developed countries increasingly attract highly skilled immigrants
by offering generous subsidies and funding schemes for employees and talented
students (e.g. Green card, EU Blue card and others). The migration literature documents
that many skilled people however struggle to find jobs within host countries or take jobs
well below their educational level (Eurostat, 2011). When employees are overqualified
for their jobs there are substantial private and social losses such as deferred labour
market assimilation and crowding-out. As whole, nevertheless, the cost of mismatch is
shared between individuals, firms and economy. In our analysis, we devote particular
attention to how ‘global skills’ act to counterbalance the impact of technological changes
on the prevalence of overeducation.
Human capital theory predicts higher earnings for greater educational
achievement (Becker, 1964). The empirical evidence however contradicts the theory by
indicating an earnings penalty for overeducated employees such that excess schooling is
associated with lower payoffs than required level of education (Leuven and Oosterbeek,
2011). Moreover, returns to schooling have decreased in many countries while the
number of schooling years has increased steadily across developed countries (Katz and
Autor, 1999). The literature provides substantial empirical evidence on the individual
returns to overeducation (Chiswick and Miller 2009; Hartog 2000; Nordin et al. 2010).
Driven by data availability, most of these studies are conducted at the individual level.
Typically, so-called ORU specification is estimated to predict the returns to wages.
Many studies apply ORU specification while at the same time controlling for individual
characteristics, regional effects or firm effects. Predominantly, the skills mismatch
literature approaches overeducation as an incident due to surplus of skills. The typical
ORU setup is based on employee attributes as marker for identifying the job-education
level mismatch.
better understanding of the observed earnings penalty for

One particular advantage of outsourcing these jobs is the almost costless nature of their transportation
across countries. So routinisation is likely cut across skill levels but is confined to certain sectors.
Moreover, Autor et al (2013) show that the impact of computerization and trade exposure have shifted
from the production to the services sector for routine tasks and have been asymmetric across gender, age
and skills groups in the labour market.
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over-educated employees is warranted. At the same time is there is
incorporate demand and supply side factors into the analysis.

need to jointly

Hartog and Oosterbeek (1988) pointed out an important derivation of ORU models,
based on the job competition theory. Their approach not only opens many new research
avenues for skills mismatch research, but could also offer further insights on
demand-side effects, where empirical evidence is rather limited. The stylized facts in
many countries reveal number of important dynamics within labour markets. Firstly,
among these is that in recent decades there has been significant increase in the average
level of education. Secondly, returns to human capital have been decreasing in many
countries. In an elegantly simple exercise on the Netherlands for 1982-1988, Teulings
(1995) shows that, even before the advent of the World Wide Web, the skill level of
employees rose more rapidly than the complexity of job requirements. This means that
employees are increasingly unlikely to find jobs that satisfy their skills. Moreover, the
globalization of production decreased demand for blue-collar jobs via international
outsourcing, mostly in the manufacturing sector. Given that different skill groups are
imperfectly substitutable, relative supply-demand changes are likely to affect wage and
employment outcomes.
The literature consistently uncovers job polarisation due to decline of jobs in the
middle-skilled (routine-tasks) segment of the labour market. Potentially this could play
detrimental role by increasing over-education in all segments of the labour market. An
extra effect on the middle-skilled employees is also observed because they are typically
not endowed with the skills to quickly adapt to new technologies and are unable to take
up positions in the higher skills segment. Instead they end up competing with their peers
for over-subscribed routine-task jobs.
Clearly, these dynamics cannot be controlled by the individual employee while
may have serious consequences for her earnings. Interestingly, despite strong skill
upgrading of jobs and rapid occupational change and hollowing out of middle segment
routine-jobs, low-skilled labour supply stayed relatively stable (Oesch, 2013). These
changes bring into focus other influences such as international migration (which is
source of low-skilled labour supply) or offshoring (which had relatively small impact
on low-skilled labour) that are beyond the simple supply-demand equilibrium within
local, domestic labour markets. In the light of the above-mentioned developments,
overeducated employees may be heterogeneous with regard to their occupation and
with regard to their employer’s location, size and market orientation. Moreover,
increasing wage dispersion within groups and changing demand for the complexity of
the labour-market tasks are potential forces that cause the asymmetry in returns to
overeducation. We analyse these intriguing forces in more detail in our econometric
analysis.
The rest of the paper is organised as follows. Section explains the modelling
specification and identification. Section describes the matching firms to employee level
4

micro-data and provides descriptive analysis. Section presents the empirical findings
of the multivariate probit model for the joint probability of being over- and
undereducated and their respective effect on wages. Section concludes.

Trivariate probit model
This analysis is possible thanks to unique dataset we have constructed by linking
individual employee and employer data (LEED) for the Netherlands. These links are
possible thanks to being given access to confidential employer and employee identifiers.
Using these linked data, we can model the level of job-skill mismatch using variables
such as skill heterogeneity and self-selection. Furthermore, our dataset enables us to
address some common measurement error problems found in the literature (see
Beckhusen et al. 2013 for detailed review). One such problem is that over-education
has often been measured by employees’ subjective self-assessments. Another one is that
it has sometimes been measured by comparing each employee’s education to the
average for her occupation group, known as the ‘realised matches method’. The fact that
these measures are problematic is, evident from the low correlations among different
measures of mismatch (see Verhaest and Omey, 2006). Yet another source of bias is the
failure to control for other endogenous variables in the system.
Our study addresses these problems in several ways. First, to mitigate the
measurement bias our study integrates an objective job analysis approach, which does
not suffer from self-reporting bias. Instead it is based on classification of occupations
by the required level of education level in the Netherlands, all compatible with the most
detailed level of ISCO and ISCED classifications. The (mis)match between the highest
degree of education achieved by an employee and the required level of education in the
respective occupation identifies each employee as over-, required or under-educated and
the extent of any over- or under-education (in terms of years). Second, we deal with the
inference problem arising from the endogeneity of ability that typically plagues the
estimates of wage equations by using trivariate probit model, explained in detail below.

2.1 The model
We specify modified ORU system of equations to estimate the probability of
being overeducated (
) undereducated (
), or of receiving
positive wage
premium (
). The excluded alternatives are required-education and not receiving
positive wage premium. Estimation of the resulting trivariate probit system is by
simulated maximum likelihood (SML):
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where the subscripts index an individual employee working in occupation who is
employed in firm
located in labour market area for the firm’s location within forty
‘Corop’ regions based on daily commuting areas across the Netherlands.
Exogenous regressors in equations (1) and (2) include vectors of personal ( )
firm ( ) labour market area characteristics ( ) and demand and supply shifters
( ). The demand shifter is an index measure of routinisation, whereas the supply
shifter is the ratio of foreign-born with specific educational attainments and skills.
Exogenous regressors in equation (3) include work experience ( ) employment tenure
in the same firm ( ) and age ( ) All three equations also include fixed effects for
sector ( , ,
and location ( , , ). The errors ( ) are potentially correlated.
Over-education ( ) and under-education (
are included as endogenous
explanatory variables in equation (3). Therefore, in equations (1) and (2) we include
variables that meet the ‘exclusion restriction’ of being uncorrelated with the positive
wage premium (
but of being significant regressors for
and
We construct
these exclusion restriction variables using detailed data on years-of-schooling and
level-of-schooling in each occupation by labour market area. The exclusion restriction
variable in equation (1) is the fraction of people with the same level of schooling and
working in the same city that are not overeducated ( ) This is an indicator of the ease
with which one could find job for which one has the required education; in other words
the ease with which one can move up the job/education ladder. We therefore expect the
estimated coefficient on
to be positive. The exclusion restriction variable in equation
(2) is the fraction of people with the same level of schooling and working in the same city
that are not undereducated ( ) This is indicative of the same moving up the
job/education ladder phenomenon. In those cases where there are many people with the
same level of schooling who are not undereducated it is then easier for the employee to
move up, and hence the probability of one being undereducated is smaller. So, we expect
the estimated coefficient on
to be negative.

Estimation of this trivariate system of probit equations by SML is computationally
intensive because it is nonlinear and because it is system of simultaneous equations.
Part of this complexity can be seen in Table 1, which illustrates that for each individual
there are eight potential outcome combinations given the three binary dependent
variables (23=8). However, we can aid the estimation by limiting the number of outcome
combinations to just six. This is because, as Table illustrates, the first two outcomes are
logically inconsistent as they assume person is both overeducated and undereducated.
In order to exclude these inconsistent combinations, we built restrictions into the
likelihood estimator. We estimate this system of equations using the package mvprobit
in the Stata statistical software. 4 We also carry out simple consistency checks by
estimating linear probability model approximation of this system using the Stata

4

mvprobit uses marginal probit regressions as starting values for the SML estimator.
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command reg3 These linear probability model estimates are typically much less
computationally intensive than the probit estimates but are good approximations to the
probit estimates if the mean value of the dependent variable(s) is close to 0.5 (see
Gunderson (1980) and Hellevik 2009).
Table 1: Potential outcomes and inconsistent outcomes
Outcome
1
2
3
4
5
6
7
8

1
1
1
1
0
0
0
0

1
1
0
0
1
1
0
0

0
1
0
1
0
1
0
1

Comment
Inconsistent
Inconsistent
Overeducated, no wage premium
Overeducated, positive wage premium
Undereducated, no wage premium
Undereducated, positive wage premium
Required education, no wage premium
Required education positive wage premium

2.2 The variables
The binary wage premium variable
is operationalized by defining
premium threshold value that is the median wage per occupation in labour market
area
The threshold value is constructed by using 1600-cell grid of 2-digit ISCO
classification by 41 labour market areas in the Netherlands. In order to ensure there is
sufficient number of observations in each grid-cell, we combine the 2009, 2010 and 2011
waves of Labour Force Surveys. As mentioned above, following the career mobility
theory (Sicherman and Galor, 1990), we include experience and tenure as regressors in
the wage equations to control for the possibility of employees being at different stages of
their career. The cut-off point determining the wage premium is defined on the basis of
the median wage by three-digit occupation j across forty labour market areas l
=

1 if
0 if

> median(
median(

)
)

(4)

Therefore, when employee ’s wage
is below the cut-off point of his occupational
and market median, then his binary wage premium
equals 1, and otherwise.
Defining
in this way also ensures that the mean value of
is 0.5, which
conveniently means the linear probability estimator should be good approximation for
the probit estimates of equation (3).
The variables for employee, firm and municipal characteristics are as follows. For
employee characteristics we use: age, gender, ethnicity, employment tenure and labour
market experience. These demographic characteristics may affect the probability of an
employee being correctly matched. Firm characteristics are: firms’ size and each firms’
average wages paid by skill level. Economic characteristics for the labour market areas
are operationalized using the usual indicators for specialization and diversity, i.e.
location quotient that varies over sectors and an inverse Hirschman-Herfindahl index
that varies over labour market areas.
7

The immigration variable, which is proxy for supply side factors, also varies
across occupations and labour market areas in period
15 This accounts for the
response of factor mobility to the changing conditions of the local labour markets.
We expect the demand shift variable (i.e. routine-task intensity index) to predict
polarized occupational distribution at the bottom and at the top of the occupational
ladder at the expense of the middle. This mechanism potentially impacts the probability
of overeducation but the extent of this impact is an empirical matter.
Firstly, we construct
routinisation measure lagged by 15 years through
assigning each occupation to routine-task intensity level. This measure depicts the
extent of routinisation in each occupation and is expected to have positive correlation
with the probability of overeducation. In other words, the higher the vulnerability of
occupation to computerization of tasks, the higher the likelihood of employee
experiencing skill mismatches. This variable is related to the content of the tasks
(analytic, manual, routine) used in an occupation and how these tasks change over time
(towards routine tasks or not) in the same occupation. It refers to the degree of routine
tasks in order to perform
certain occupation. The level of routinisation can be
independent of the education required for an occupation.
In order to avoid correlation of the routinisation index with contemporaneous
production dynamics, and to account for long-term impact of routinisation, we follow
Autor et al. (2013) and lag this routinisation variable by 15 years. We calculated the
degree of routine-task intensity
where
= 1,2, … ,
For this we used the
importance scores from the O*NET database, in each occupation in time
15 This
construct is not contaminated by simultaneity as it excludes the transition of employees
from different phases of routine-task levels based on their unobserved ability
component. The five commonly used categories of routineness and non-routiness in the
literature are routine cognitive (RC), routine manual (RM) non-routine manual (NRM)
non-routine analytic (NRA), and non-routine interactive (NRI).
The five components of routiness and non-routiness are constructed as sums of the
following standardised measures of routiness that have been calculated for each and
every ISCO’08 code at the four-digit level. Note that each one of these standardised
measures of routines and non-routiness have also been normalised using the same
formula in equation (6) before they are included in the equation (5).
To reduce data dimensionality following Autor and Dorn (2013), we combine
these five indicators (at the four-digit ISCO level)5 into single composite measure of
routine task-intensity (RTI) as shown below:6

The Autor et al. (2003) study uses US SOC, while Dutch occupations are compatible with the ISCO.
Therefore we used SOC-ISCO crosswalk provided by the US Labour Bureau to translate the degree of
routine-task intensity in SOC into ISCO.
5
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RTIj,t

15

RC j,t

15

RM j,t

15

NRM j,t

15

NRA j,t

15

NRI j,t

15

(5)

where RTI varies across occupations in period
15 However, before estimation this
measure is normalised using the standard normalisation formula:
RTIj,t

15

(RTIj,t

15

mean[RTIj,t

15])/s.d.(

RTIj,t

15

(6)

where mean(…) denotes the mean value of the variable and s.d.(…) denotes its standard
deviation. This normalisation ensures the estimated coefficient on RTI will be within
‘reasonable’ range so we can identify the direction and statistical significance of its effect
but not its scale effect.

Data
In this research we make use of unique micro-data sets obtained under confidentiality
agreement with Statistics Netherlands. Although we utilize and link several micro-data
sets, the core of the analysis is based on Dutch Labour Force Surveys (LFSs) because the
education and occupation level of employees in the Netherlands can only be obtained
through the Dutch LFSs. These Dutch Labour Force Surveys are rotating panel of
around 80,000 observations per wave, per annum spanning 1995-2016. We then link
these Dutch LFSs with data from tax and municipal registrations.7
Data on the educational attainment and occupation of employees are obtained
from the 2011 Dutch Labour Force Survey (LFS), which provides an employee’s highest
educational degree as well as their most recent occupation(s). We use the lowest
possible level of occupational disaggregation when we construct our measures of overand undereducation. These measures are then constructed by matching the three-digit
International Standard Classification of Education (ISCED) codes at the four-digit
International Classification of Occupations (ISCO) level.8 An indicator for the required

Using US based task-complexity definition can be argued to be sub-optimal given the different structure
of the both economies. We would nevertheless argue that pre-WWW period the task content of the
occupations should be similar across countries that are at the similar development level compared to
today. Today given the pace of technology adaptation the job contents within the same occupations across
countries should indicate larger dispersion. In order to cross-validate this expectation, to the extent
possible, we resort to OECD’s findings from the Survey of Adult Skills (PIAAC) where OECD (2014)
compares countries by the skills used at the workplaces. It is shown that the degree of Task discretion; ICT
skills and Dexterity (which compares closest to Autor et al (2003) classification of routineness of tasks) in
the two countries –US and the Netherlands- compares almost identical, with only Dexterity being more
frequently encountered than it is the Netherlands.
7 These datasets include: 1) EBB: Labor force survey (80,000 obs); 2) BAANKENMERKENBUS:
Characteristics of jobs (10 million obs); 3) BAANSOMMENTAB: Earnings and structure of earnings (10
million obs); 4) GBA: Municipal registrations (20 million obs).
8 The ISCED distinguishes
1-digit and 15 2-digit categories of education levels in the Dutch LFS. The
ISCO-08 distinguishes 10, 43, 130 and 433 occupations at the first through fourth digit level. (QC: this needs
more detail that can be provided in an Appendix.)
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level of education by occupation provided by Statistics Netherlands 9 allows for the
operationalization of the latent variables for over- and undereducation into binary
indicators. Data on individual wages are obtained by linking the LFS data to
comprehensive tax database of all employees in the Netherlands. These linked data
reveal detailed information on individual wages and jobs, including the sector and
location of firms.
Dutch Tax records (based on BAAN datasets) include about 10 million
observations based on annually collected information on all employed tax payers and
their job characteristics, though the self-employed are not included. Each employee is
observed repeatedly over time in different jobs. We therefore observe earnings, job
spells and information on employers such as detailed sector classification, size and
location by postal code. Given that the education, occupation, sector and location coding
in these datasets is available at the most disaggregated level of classification, this enables
us to meaningfully construct covariates for the estimations and enjoy certain degree of
flexibility for robustness checks.
The municipal registrations, which are based on about 20 million observations
covering the entire population in the Netherlands, offer wide range of information on
the ethnic background, household characteristics and residential location of the
employees. We retrieve employees’ country of birth, age, gender and marital status by
linking tax and municipal registrations. The linking process takes Dutch LFSs as the
reference dataset because the variables of interest, namely education and occupational
background, can only be observed there. Therefore, in order to create
linked
employee-employer dataset (LEED), firstly the 2011 LFS is merged to the tax records
and then to municipal registers. Finally, combining these micro-data rich collection of
information is obtained both for firms as well as employees on their mobility,
performance, location and various other characteristics. In our study, job an employee
holds refers to an occupation, which we can observe in the tax records with start date
and job identification number. An employee is regarded as foreign if he was born outside
of the Netherlands.10
Our study makes use of LEED data from 2011, meaning that the left-hand side
variables are defined for this year. While demand (routine-task intensity index) and
supply (net immigration stock per occupations) shifters variables are constructed for
1996 which is more than decade earlier. The motivation behind this setup is to isolate

This classification of occupations by required level of education is kindly provided by Statistics
Netherlands. This variable is produced through joint work of Statistics Netherlands together with
Research Centre for Education and Labour Market (ROA Maastricht), and is based on the ISCO
classification.
10 Unfortunately, we only observe time spent in the host country for
limited number of foreign
employees. We do however observe whether an employee is 1st or 2nd generation immigrant. Inclusion of
the generation variables improved the estimates and provided meaningful description of how sojourn
improved labour market outcomes.
9
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the factors that may influence an employee to improve his/her skill sets to more recent
task requirements due to computerization and changing trade patterns. Therefore, all
individual variables are obtained from the 2015 LFS while occupational and regional
level variables are lagged by 15 years.
Although we repeat our analysis for the entire sample for the generic model, for
further analysis we focus on the 35-64 years-old age group for two reasons. Firstly, this
group is clearly of working age population and supposedly with lower tendency to
invest in additional education. This age group is therefore more likely to hold stable
position in the labour market in terms of matches with jobs and educational attainment.
In other words, they are less likely to transition between phases of being over-educated,
required-educated and under-educated. Secondly, they have long work experience.
Therefore the possibility of facing skills mismatch due to being young entrant with
insufficient knowledge about the jobs and dynamics of labour markets is much lower.

3.1 Descriptives
Based on Dutch LFS data for 1996-2016 there appears to be persistent secular trend in
the increase of overeducated and the decrease of undereducated employees in the
labour market. In our sample from 2011 we obtained 73,604 workers from the 2011
wave of the Dutch LFS. On average 23 percent of employees are overeducated and 10
percent of them are undereducated. The average age is 39 and slightly less than half the
sample is female. We observe that percent of employees are foreign-born that is
slightly lower than the national average. Median annual earnings before tax is 27,521
euros. 29 percent of the employees are working in high-skilled occupations, while more
than 31 percent of the employees hold graduate or higher level diploma. Similarly 34
percent of the employees are working in middle skilled jobs while 43 percent of the
labour force obtained degree in the middle segment.
In the next section we discuss the results of the multivariate probit analysis.

Empirical Findings
This section has not yet been fully cleared for release by the Statistics Netherlands;
therefore the tables will be shared at later stage.
The main findings, based on statistical significance, of the trivariate probit model are as
follows. The probability of being undereducated decreases with work experience and
increases with age. Overeducation behaves in exactly the opposite way, as expected.
Similarly, longer job tenure decreases the probability of being overeducated, increases
the probability of earning wage premium above the respective occupation-location grid
median wage and increased the probability of being undereducated.
Females are more likely to be mismatched both in terms of being undereducated and
overeducated. First generation immigrants are significantly more likely to be
11

overeducated, while second generation immigrants seem, ceteris paribus to be no
different to other natives. This suggests that second generation immigrants are
assimilated into the labour market and face the same probability of being undereducated
as other natives. In the overeducation equation, the sector for which one works
significantly alters her/his chances relative to the reference group.
The ratio of foreign-born workers supply derived from the 1600-cell grid of
2-digit ISCO classification by 41 labour market areas is insignificant in the overeducation
equation, has significant negative effect on the probability of being undereducated, and
has significant and positive effect on the probability of earning wage premium.
We now turn out attention to the influence of the two endogenous variables on
the probability of receiving wage premium. Overeducation has positive effect on the
probability of receiving wage premium while undereducation has negative effect.
Finally, RTI as we hypothesized has the effect of decreasing the probability of
being undereducated, increasing the probability of being overeducated, and decreases
the probability of receiving wage premium.

Conclusion
This section has not yet been cleared for release by the Statistics Netherlands;
therefore the magnitude of the predictions will be shared at later stage.
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