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Retraining for the unemployed and the quality of the job match
Philipp Grunaua and Julia Langb

aDepartment Establishments and Employment, Institute for Employment Research, Nuremberg, Germany; bDepartment Active Labour Market
Policies and Integration, Institute for Employment Research, Nuremberg, Germany

ABSTRACT
In Germany, retraining is an importantmeasure in active labourmarket policy, providing unemployed
individuals with extensive vocational training. Using administrative data, we show that retraining
participants are more likely to take up jobs that require their educational degree and are more often
employed in those occupations for which they have received vocational training. Moreover, retrain-
ing leads to higher earnings. As these effects may be driven by the positive impact of retraining on
employment, we additionally try to isolate the direct effect by restricting our analyses to those
formerly unemployed who find employment irrespective of participation in retraining.
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I. Introduction

In Germany, the catalogue of active labour market
policy measures includes a long-term training pro-
gramme called retraining, which aims at providing
low-qualified unemployed individuals with extensive
two- to three-year vocational training. To date,many
studies have analysed the effectiveness of several
training programmes for the unemployed (Card,
Kluve, andWeber 2010, 2015). Some of these exam-
ined the specific case of retraining in Germany (e.g.
Lechner, Miquel, and Wunsch 2007, 2011;
Fitzenberger and Völter 2007; Fitzenberger,
Osikominu, and Völter 2008; Doerr et al. 2017;
Kruppe and Lang 2018), showing that retraining
increases the probability of re-employment and
earnings after a strong lock-in period. However,
only few studies have addressed the qualitative
dimensions of the programme’s treatment effects.
Lechner and Melly (2010) focus on wages and esti-
mate bounds for the treatment effects of retraining
beginning in the 1990s. They find a substantial
increase in the earnings capacity of the retraining
participants. Moreover, Dengler (2019) analyse the
effects of different active labour market programmes
for welfare recipients on various dimensions of job
quality and work quality. For further vocational
training, which includes retraining, she finds that
participation increases the probability of finding

a high-quality job, as there are positive effects on
regular employment, earnings, stable employment
and occupational exposure. Employing different
measures of job (match) quality, we address another
qualitative dimension of the treatment effect of
retraining. In addition to earnings, we consider
situations of educational mismatch in terms of both
overeducation (vertical adequacy) and being
employed in the same occupation for which voca-
tional training has been received (horizontal
adequacy).

Educational mismatch often occurs when unem-
ployed people take up a new job. A (longer) period of
unemployment may result in a depreciation of skills
and could increase the job seeker’s willingness to
make concessions when taking up a job, i.e. lowering
her/his reservation criteria (Munch and Skipper
2008) and considerations with respect to the choice
of occupation. In this paper, we analyse the effects of
retraining for unemployed individuals in Germany
on the matching quality of subsequent jobs.
Participants who successfully finish this active labour
market policy programme obtain a vocational degree
equivalent to that of initial vocational training.
Retraining is designed to focus on occupations that
are currently in high demand in the labour market
(Kruppe and Lang 2018) and provides up-to-date
skills. Thus, retraining should not only increase the
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likelihood to take up a job in general but also improve
participants’ job match quality.

Vertical mismatches refer to situations in
which there is a discrepancy between the
amount of formal education attained and the
education required by the current job. On aver-
age, across selected OECD countries, one out of
four workers reports such a mismatch between
existing skills and those required for the job,
where overeducation – a higher level of educa-
tion than that required by the job – is more
common than undereducation (McGowan and
Andrews 2015). Situations in which workers’
formal education is incommensurate with the
education required by their current job can
have negative consequences. For instance, over-
educated workers have been shown to suffer
a wage penalty in comparison to their correctly
matched educational peers (for an overview, see
Leuven and Oosterbeek 2011, or McGuinness
2006). Moreover, they show adverse mental
health conditions (Chen, Smith, and Mustard
2010; Bracke, Pattyn, and von Dem Knesebeck
2013) and lower job satisfaction, although there
is some disagreement regarding the latter issue.
As the permeability between overeducation and
adequate employment decreases, these disadvan-
tages become more important. Therefore, find-
ings showing that overeducation persists
emphasize the long-term problems of this
employment state (Dolton and Vignoles 2000;
Sloane, Battu, and Seaman 1999; Battu, Belfield,
and Sloane 1999 for Britain; Büchel and Mertens
2004; Pollmann-Schult and Büchel 2004 for
Germany; Verhaest and Schatteman 2010, for
Belgium). However, vertical mismatch affects
not only individuals but also firms, as workers
with an excess or lack of formal education affect
firm-level productivity (Kampelmann and Rycx
2012, for Belgium; Grunau 2016, for Germany).
Finally, misinvestment in education also entails
costs for society and the economy in general
(e.g. McGuinness 2006; OECD 2011).

The potentially detrimental effects of educational
mismatches may appear not only in the vertical
dimension but also in the horizontal dimension. In
the latter, a worker is regarded as mismatched if the
occupational tasks of his or her current job do not
correspond with the occupation for which he or she

received vocational training. For instance, this situa-
tion tends to be accompanied by substantial wage
penalties (Nordin, Persson, and Rooth 2010, for
Sweden; Robst 2007, for the US).

We use rich German register data that allow us
to identify the entire population of retraining par-
ticipants in 2004. We compare this group of trained
unemployed to similar non-participants by apply-
ing propensity score matching with a large set of
covariates that provide socio-economic character-
istics, a detailed description of each unemployed
person’s employment and unemployment history
and regional information. We estimate the effects
of retraining on three measures of job match qual-
ity – earnings, overeducation, and working in the
trained occupation – up to seven years after the
start of the treatment in 2004. As the effects on
these outcomes may be driven by the positive
impact of retraining on employment, apart from
standard regressions addressing the total effect, we
also try to isolate the direct effect of the program by
restricting the analysis to those formerly unem-
ployed who find employment irrespective of parti-
cipation in retraining.

II. Retraining and job match quality

As part of active labour market policy, retraining
provides intensive vocational training for unem-
ployed individuals in Germany. Those who either
have never completed any vocational training or
have not worked in their learned occupation for
several years are eligible. Successful completion
leads to a vocational degree that is equivalent to
a degree obtained in the German apprenticeship
system. Since the law requires a reduction of train-
ing duration by one third in the case of retraining
for unemployed individuals, retraining is nor-
mally shorter than initial vocational training.
Nevertheless, due to the two- to three-year dura-
tion of this programme, retraining can be consid-
ered by far the most extensive training
programme for unemployed workers in Germany.

Since 2003, those unemployed individuals who are
eligible for retraining can receive a training voucher
indicating the objective – i.e. the target occupation –
and the duration of training. With this voucher,
workers can choose a suitable course by themselves
within a defined period of time (at most three
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months, most often one month). Once the voucher
has been redeemed, participation in the program is
compulsory, and failure to participate may result in
benefit sanctions.1

In this study, we concentrate on retraining start-
ing in 2004 during a period of major labour market
reforms in Germany. The most far-reaching part of
the so-called Hartz reforms implemented between
2003 and 2005 was the introduction of means-
tested welfare benefits (unemployment benefit II)
in 2005. Since 2005, both the unemployed in the
unemployment insurance system and the unem-
ployed receiving unemployment benefit II in the
welfare system can participate in retraining.
During our observation period, however, only
unemployed individuals in the unemployment
insurance system, who are usually more closely
linked to the labour market, were eligible for
retraining programmes. Figure 1 shows the trends
in the number of participants and the share of
retraining in all subsidized training courses
between 2000 and 2018. Starting with a high level
of more than 95,000 entries into retraining in 2000,
participation numbers strongly decreased in the
course of the Hartz reforms, which attached greater

importance to short-term measures and fast inte-
gration into the labour market. There was
a decrease in not only the absolute participation
numbers but also the relative importance of
retraining. In 2003, retraining accounted for more
than 25% of all entries into training courses, but
only for approximately 7% between 2006 and 2009.
After a minimum of approximately 16,000 entries
in 2005, participation numbers increased again and
amounted to more than 45,000 entries in 2018. In
light of the new requirements on workers’ qualifi-
cations and skills due to technological and struc-
tural changes and, at the same time, a lack of skilled
labour in some occupations, retraining has moved
back into the focus of attention in recent years.

Retraining strongly increases both the general
and the occupation-specific human capital of par-
ticipants, and thus, their employability. However,
the overall effect of a higher employment probabil-
ity of participants on the matching quality is not
clear a priori. The likelihood of finding an adequate
match will certainly be higher if the participants’
new occupations obtained by retraining are indeed
currently in demand. However, if retraining
increases the participants’ general employability,
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Figure 1. Number of entries into retraining and share of total training entries between 2000 and 2018.
Source: Statistics Service of the Federal Employment Agency.

1Caseworkers cannot sanction unemployed individuals for not redeeming the voucher. For a more detailed description of the voucher system in Germany, see
Doerr et al. (2017). Before 2003, caseworkers directly assigned participants to specific retraining courses.
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they may also be more likely to find a job in other
occupational fields or a low-qualified job, and an
increase in employment can also increase the share
of mismatched workers.2

In contrast, predictions about other direct
mechanisms through which retraining may affect
job match quality are much clearer. Since 2004,
employment agencies have been required to provide
training plans for their region for the subsequent year,
where they determine the occupations on which (re)
training should focus and the number of people who
should be trained in a certain occupation (IZA, DIW
and Infas 2005). Based on these training plans, case-
workers are instructed to choose retraining occupa-
tions according to the forecasted actual demand in
the regional labour market. Because of this targeted
assignment, we expect retraining to increase the like-
lihood that participants will find a job that matches
their (new) qualifications.3

Moreover, unemployed people and employees
who are not working in their learned occupations
experience a depreciation of their (occupation-
specific) human capital and find that the skills
that they previously acquired become obsolete
over time (Rosen 1975; Neuman and Weiss 1995).
The longer a person is unemployed, the stronger
these negative effects can become. Thus, another
advantage that retraining participants have over
those who do not attend such a program is their
procurement of up-to-date skills. Even if both par-
ticipants and non-participants ultimately hold the
same vocational degrees, retraining participants
should have better employment prospects because
they acquired up-to-date skills and knowledge in
this occupational field.4 To conclude, besides an
indirect effect via employment, there are different
channels through which retraining can have
a direct impact on our outcomes. Both due to the
targeted assignment and the recency of skill attain-
ment, we expect participation in retraining to
improve the matching quality of participants’ sub-
sequent jobs.

Regarding the impact of retraining on earnings,
there is an indirect positive effect via the increased

likelihood of employment. As the share of employed
individuals is expected to be higher for participants
than for non-participants, the share of individuals
with non-zero earnings is higher. However, the
direct effect of retraining on (hourly) wages is
unclear a priori. On one hand, due to the recent
attainment of fresh skills and knowledge, treated
individuals may achieve higher wages. However, on
the other hand, untreated workers, even if they hold
the same vocational degree, have the advantage of
pre-unemployment occupation-specific experience,
which can exert a positive impact on wages (e.g.
Altonji and Williams 1998, 2005). Finally, yet
importantly, regarding the targeted assignment
into occupations of high demand, the overall impact
may largely be contingent upon their specific loca-
tion in the distribution of average remuneration
across occupations. If high demand is non-
randomly distributed, focusing on either above- or
below-average-paying occupations, the impact of
retraining on wages may look accordingly.

III. Estimation approach

To estimate the effects of retraining on the quality of
the jobmatch, we apply amatching approach through
which we compare unemployed people who partici-
pate in retraining with comparable unemployed non-
participants. The basic assumption of this matching
approach is that, given all observable factors X that
affect treatment status D and the outcome variable Y,
the outcome without treatment is independent of the
treatment status (conditional independence assump-
tion, CIA). Rosenbaum and Rubin (1983) suggest
matching on the treatment probability rather than
matching on every single variable of vector X. In this

case, the CIA is YDðtÞ¼0
h ?PðXÞ; with P(X) indicating

the probability of being treated in month t given

observable characteristics X. YDðtÞ¼0
h indicates the out-

come Y hmonths after the treatment starts, given that
an individual is not treated in month t (D(t) = 0).
Then, the average treatment effect on the treated
(ATET) can be written as follows:

2In a robustness check, we focus on the direct effect by comparing the job quality of employed participants with that of similar employed non-participants (see
Section 5.2).

3For the specific case of (re)training in elderly care professions, Dauth and Lang (2019) show descriptively that approximately 25% to 50% of the participants
have permanent jobs in the care sector after the training.

4However, non-participants’ occupation-specific experience may reduce this advantage for participants.
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ATETh;t¼ E YDðtÞ¼1
h jP Xð Þ;DðtÞ ¼ 1

� �

�E YDðtÞ¼0
h jP Xð Þ;DðtÞ ¼ 0

� �

which is the difference in the average outcome Y of
treated (D(t) = 1) and untreated (D(t) = 0) people
after hmonths given their treatment probability P(X).

The ATET is the total effect of retraining on the
outcome variable measure job match quality (earn-
ings, horizontal or vertical (mis)match). As men-
tioned above, besides a direct impact of retraining
on the different outcomes, there is an indirect effect
working via a positive impact on employment,
which we will address in the results section. For
both analyses, we apply nearest neighbour match-
ing with 1 neighbour and a calliper of 0.1.

Finally, because the standard derivative-based
standard errors have been shown to be inconsistent
after nearest neighbour matching and because
bootstrapping is unreliable if it is performed with
a fixed number of comparison observations
(Abadie and Imbens 2008), we apply the adjusted
estimation of standard errors proposed by Abadie
and Imbens (2006, 2011, 2016).

IV. Data description

For our estimations, we use the Integrated
Employment Biographies (IEB)5 (see Dorner et al.
2010, for a description of a subsample of the data)
from the Institute for Employment Research (IAB).
These administrative data combine information for
Germany from four different data sources: the IAB
Employment History, the IAB Benefit Recipient
History, the participants-in-measures data, and
the data on job searches derived from the applicant
pool database. The dataset includes all the indivi-
duals’ employment (subject to social security con-
tributions) and unemployment spells on a daily
basis, as well as spells in which they receive unem-
ployment benefits and information on their parti-
cipation in active labour market programmes.
Moreover, the dataset includes information on
individual characteristics and regional informa-
tion. For employed workers, there is also informa-
tion on the employer and daily wages.

This rich data source enables us to apply
a matching approach in which we compare unem-
ployed individuals who participate in retraining
with comparable unemployed non-participants.
For our estimations, we define all individuals who
began a retraining course in 2004 as the treatment
group. Additionally, we draw a random sample of
people who were unemployed at least once in 2004
as potential controls. To improve the matching
process, we only match the unemployed who
started retraining in a certain month in 2004 with
the unemployed who were not in an active labour
market programme in that month. However, we
report aggregate results for all 12 months. The data
allow us to follow the matched individuals for up to
7 years after the treatment began and to compare
different outcomes on a monthly basis. Because
retraining lasts up to three years, we present treat-
ment effects 48 months and 84 months after the
start of treatment.

We operationalize job quality using three differ-
ent measures: First, we examine the effects of
retraining on earnings. For this, we set earnings
to zero for unemployed workers. Thus, as men-
tioned before, there is a positive indirect effect on
earnings through employment as we assume that
retraining increases the employment probability.
The direct effect (wage effect), however, and thus
also the overall effect, is unclear a priori.

Second, we address job match quality in terms of
vertical educational mismatches, i.e. discrepancies
in the amount of the workers’ attained formal
education and the education that their current
jobs require. Because undereducation is not usually
associated with individual-level negative effects, we
focus on overeducation. To measure overeduca-
tion, we compare the workers’ highest obtained
educational degree with the degree that his or her
current job usually requires. We determine
required education by means of a large-scale
administrative dataset from 2008, which contains
sufficient observations on employees for each of the
334 occupations represented by the 3-digit level of
the occupational classification KldB 1988. We take
the mode of actually attained educational degrees
over all workers within each occupation as its
required education, which allows us to compare

5We use version V10.00 of the IEB and additional variables from the participants-in-measures data (MTH version V06.02-201204).
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them with individuals’ degrees and to identify
overeducation.

Third, we examine the horizontal dimension of
educational mismatches, i.e. when the occupation for
which a worker received vocational training does not
match the occupation of his or her current job. To
examine the horizontal dimension of educational ade-
quacy, we compare the occupation in which a worker
is currently employed with the occupation for which s/
he received her/his latest vocational training (for par-
ticipants, this is retraining). To derive the latter infor-
mation for non-participants, we draw on
administrative data on the jobseeker histories of
unemployed workers. These data contain information
on the occupation for which they received their most
recent educational training.

As mentioned previously, matching methods rely
on the validity of the unconfoundedness assumption
or conditional independence assumption (CIA).
Because this assumption cannot be tested, it is crucial
for identification to control for the relevant factors that
affect treatment status and/or outcomes. Michael and
Wunsch (2013) discuss the importance of different sets
of variables for estimating the treatment effects of
active labour market programmes. We follow their
advice and include a rich set of control variables,
which are listed in Table A1 in the Appendix. As

employment agencies’ and their caseworkers’ success
is partly evaluated according to the rate at which
unemployed individuals are reintegrated into the first
labour market, a common criticism is that case work-
ers tend to reserve training measures for the unem-
ployed persons who they believe will most likely be
successful rather than those who could benefit most
from participation. To address this potentially detri-
mental cream-skimming effect, we control for various
variables that capture the pre-unemployment state in
the propensity score matching (e.g. the employment
history up to seven years prior to the current unem-
ployment spell, the status before the current unem-
ployment spell and the characteristics of the last job;
see Table A1 in the Appendix). As an arguably crucial
factor in our case, we also consider the job match
quality in the last job before unemployment.

Our analysis sample comprises 27,427 trea-
ted unemployed workers who took part in
a retraining measure in 2004 without missing
values in the covariates and 134,094 untreated
unemployed workers in the control group. In
Table 1, we show mean values of some basic
(pre-treatment) socio-demographics for the
participants and non-participants and distin-
guish between workers who are employed and
unemployed after 7 years. Moreover, we also

Table 1. Basic descriptive statistics for the treatment and control groups.
Treatment group Control group

All
Employed after
84 months

Unemployed after
84 months All

Employed after
84 months

Unemployed after
84 months

Number of observations 27,427 16,965 10,462 134,094 49,054 85,040
Employed after 84 months 0.619 0.366***
Female 0.471 0.470 0.471 0.330*** 0.283*** 0.355***
Age 33.23 33.31 33.10 36.07*** 34.504*** 36.978***
Marital status
Single 0.418 0.394 0.458 0.427*** 0.425*** 0.428***
Not married, not living alone 0.077 0.075 0.080 0.076 0.075 0.077
Single parent 0.119 0.117 0.122 0.077*** 0.068*** 0.082***
Married 0.386 0.414 0.340 0.420*** 0.432*** 0.413***

Children 0.432 0.457 0.390 0.551*** 0.553*** 0.551***
Nationality: German 0.908 0.913 0.901 0.861*** 0.882*** 0.850***
Position in last job
Blue-collar worker 0.355 0.347 0.368 0.422*** 0.390*** 0.441***
Skilled worker 0.180 0.194 0.158 0.260*** 0.316*** 0.228***
White-collar worker 0.265 0.262 0.268 0.170*** 0.173*** 0.169***
Part-time worker 0.196 0.192 0.202 0.144*** 0.118*** 0.159***

Highest vocational degree
No degree 0.337 0.308 0.385 0.340 0.264*** 0.384
Vocational degree 0.621 0.651 0.574 0.626 0.699*** 0.583*
University degree 0.041 0.041 0.041 0.034*** 0.037** 0.032***
Educational (mis)match in last job
Overeducation 0.053 0.054 0.052 0.042*** 0.042*** 0.043***
Horizontal adequacy 0.164 0.170 0.153 0.263*** 0.296*** 0.240***

Source: Integrated Employment Biographies. */**/*** indicate significant differences in mean values between the treatment and control group at the 10/5/1%
levels for the three samples (all/employed/unemployed after 84 months), respectively.
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report the share of workers who were over-
educated in their last job before unemployment
(for retraining participants, this relates to their
last vocational training before retraining) and
the share of workers who have been employed
in an occupation in which they also received
training (horizontal adequacy). Statistically sig-
nificant differences between the treatment and
control group are denoted by asterisks.

First, participants are significantly younger than
non-participants. Women appear to be overrepre-
sented in the treatment group. Compared to all non-
participants, retraining participants are significantly
less likely to have children but more likely to be single
parents.With regard to the position held in the last job
before unemployment, non-participants were more
often (skilled) blue-collar workers, whereas partici-
pants more often worked in white-collar jobs and
more often were part-time employed. Although parti-
cipants are slightly more likely to hold a university
degree, there are no significant differences in the share
of workers holding a vocational degree. Regarding the
variables measuring qualification (mis)match in the
last job before the current unemployment spell (i.e.
the variables are constructed comparing the latest
vocational degree before potential participation in
retraining), workers in the control group had better
job matches than those in the treatment group. Of the
non-participants, 4.2% were overeducated, which is
significantly less than the corresponding 5.3% of the
retraining participants. Compared to a share of 16.4%
in the treatment group, 26.3% of non-participants
were also more likely to work in an occupation for
which they were trained. Thus, there is no incidence of
cream skimming with respect to these variables. In
contrast, those workers who experienced a mismatch
between existing skills and those required for the for-
mer job were more likely to receive retraining.
However, this is not surprising because mismatched
workers – who have not worked in their learned

occupation for several years – belong to the pro-
gramme’s target group.

Moreover, Table 1 shows that the share of parti-
cipants who are employed after 84 months is 61.9%
and much higher than for non-participants, whose
employment share is only 36.6%. Comparing
workers who are employed after seven years with
those who are not shows that women are as likely as
men to take up a job again if they participated in
retraining, whereas within the control group,
women are significantly less likely to find a job
(the results of the t-tests are not reported in Table
1). Overall, differences are much more pronounced
between the treatment and control group than
between employed and unemployed workers
within the two groups.

To understand the dimension of educational
(mis)match for (re-employed) workers in our sam-
ple, Table 2 presents the mean values of the out-
come variables for the total sample and for those
who are employed 84 months after (potential)
treatment began, separately for men and women.
As these variables are measured after participants
have completed retraining, for the treatment group
they refer to (mis)matches with regard to the qua-
lifications acquired by retraining.

The shares of overeducated workers in our sam-
ple are comparably small: 2.2% of all employed
men and 5.8% of all employed women. However,
even though men earn significantly more than
women and are less likely to be overeducated, the
share of workers with an adequate horizontal job
match is higher among women: 26.8% of all
employed men and 37.7% of all employed women
work in their learned occupation.

V. Econometric evidence

Because many studies find gender differences in the
effects of subsidized training (e.g. Lechner, Miquel,

Table 2. Mean values of outcomes for workers in month 84 by gender.
Men Women

All
(N = 104,340)

Employed
(N = 44,017)

All
(N = 57,181)

Employed
(N = 22,002)

Earnings 24.70 58.65 17.00*** 44.39***
Overeducation 0.008 0.022 0.019*** 0.058***
Horizontal adequacy 0.083 0.268 0.120*** 0.377***

Source: Integrated Employment Biographies. */**/*** indicate significant differences in mean values between men and
women at the 10/5/1% levels, respectively.
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andWunsch 2011; Biewen et al. 2014), we carry out all
estimations separately for men and women. We
impose common support by dropping all observa-
tions from the treatment group with a propensity
score below the minimum propensity score or above
the maximum propensity score for the control group,
which only applies to about 1 percent of our observa-
tions. To check the quality of the statistical matching,
in our case, nearest neighbour matching, we calculate
the mean standardized bias (Rosenbaum and Rubin
1983) across all included variables between both the
treatment and the control group. In the following
tables, these measures are displayed for both the pre-
and post-matching state separately for eachmatching.

Treatment effects from retraining on the quality of
the match

Before we present our results on the impact of retrain-
ing on job match quality, we briefly discuss the pro-
gramme’s effects on the likelihood of re-employment.
We deliberately chose to keep this discussion brief as
this nexus has already been addressed in many other
papers before and the focus of our paper goes beyond
that. Table 3 shows strong and significant positive
ATET coefficients, implying that participation in the
retraining program involves a higher likelihood to
find a job. This holds for both points in time con-
sidered and is particularly noteworthy after
48 months, considering that retrainees were locked
in the programme for a substantial part of this time.
In more detail, retraining increases the probability of
re-employment by 17.1 percentage points for men
and by 26.6 percentage points for women 48 months
after the start of the programme.

Returning to the outcome variables reflecting job
match quality, first, our estimated ATETs (Table 4)
imply that participation in retraining leads to higher
earnings. This impact is more pronounced for women,
for whom retraining increases earnings by

approximately €13 a day – as opposed to a rise in
daily earnings for men of about €10. This discrepancy
in the ATETs between women and men can point
towards three potential explaining conjunctures: First,
as part of the earnings effect is due to higher employ-
ment shares among participants and our results in
Table 3 show that employment effects are more pro-
nounced forwomen than formen, the indirect effect via
employment could matter. Second, as part of the tar-
geted assignment of unemployed workers to high-
demand vocational training occupations, female parti-
cipants in particular tend to opt for/be assigned to
better-paying occupations compared to what they
would have chosen otherwise. However, with average
daily earnings of almost €44 in month 84, treated
women still earn less than their male counterparts,
who receive daily earnings of almost €59 on average.
Finally, this stronger impact on women’s earnings may
also be driven by an improved job matching quality in
the other two dimensions, which are subsequently
addressed.

Turning to the likelihood of becoming overedu-
cated, our corresponding ATETs reveal a significant
negative impact for both men and women. Again,
the treatment effect is substantially larger for female
participants, whose likelihood of overeducation is
reduced by 2.7 percentage points. For men, program
participation decreases the risk of overeducation by
1.8 to 2.2 percentage points. Although the effect sizes
may seem small, considering the low risk of over-
education in general (see Table 2) certainly puts
these effects in perspective. As mentioned above,
retraining increases employment, and thus may
also increase the probability that participants will
be overeducated. Thus, since we find that retraining
decreases the probability of being overeducated, the
program seems to redirect individuals who would
have found employment anyway to different jobs for
which they are not overeducated. We discuss this
direct effect in more detail in Section 5.1.

Table 3. ATETs of retraining on the likelihood of re-employment, by gender and observation point (in months).
Men Women

After . . . 48 months 84 months 48 months 84 months

Re-employment probability
ATET 0.171*** 0.162*** 0.266*** 0.223***
SE (0.009) (0.009) (0.011) (0.011)
Post-matching mean bias (pre-match.) 1.8 (15.2) 2.1 (13.8)
Observations 100,716 100,716 54,770 54,770

Source: Integrated Employment Biographies. Coefficients depict the average treatment effects on the treated (ATETs). Standard errors
(in parentheses) and number of observations are displayed directly beyond the coefficients. */**/*** indicate the significance of the
coefficients at the 10/5/1% levels, respectively.
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Addressing the horizontal dimension of educational
mismatches, our estimates reveal strong ATETs from
retraining on the likelihood of taking up employment
in the same occupation for which vocational training
(for participants, this is retraining) has been received.
We compare occupations based on the 334 disjoint
occupations specified by the 3-digit level of the occu-
pational classification KldB 1988. The ATETs for men
attain positive values of 16.9 percentage points after
48months and 16.4 percentage points after 84months,
while for women, retraining increases the likelihood of
horizontal adequacy by 26.6 percentage points after
48months and 23.9 percentage points after 84months.
Again, the substantially larger absolute treatment effect
for women could be both due to a direct effect of
programme participation and an indirect impact via
the bigger effect of retraining on the women’s prob-
ability of re-employment.

Regarding the matching quality, the mean stan-
dardized biases are reduced to values between 1.8
and 2.3 and therefore are considerably lower than
what has been proposed as sufficient in the litera-
ture (Caliendo and Hujer 2006).6

Conditioning upon employment

Naturally, policy evaluation requires comparing par-
ticipants to non-participants who are similar to each

other, the results of which we presented in the pre-
ceding section. However – although this is a standard
procedure in this type of research – some effects may
seem almost mechanical due to the circumstance that
our outcomes can only be measured in cases of
observed employment. Therefore, as retraining signif-
icantly increases employment (see Table 3), the coeffi-
cients of a standard estimation approach as presented
above are amixture of the direct and indirect effects of
programme participation and – although the ATETs
are valid from a programme evaluation perspective –
may also be biased because they reflect this non-
random selection into employment.

As we already established in Section 5.1, retraining
exerts a positive impact on the probability of re-
employment. Because of this, the indirect effect via
employment will most likely increase both the shares
of treated workers with positive earnings and with an
adequate educational match, but also the share of
mismatched (overeducated) retraining participants.
In the extreme case, all of the additionally employed
treated workers would, for instance, be overeducated.
In the other extreme case, all additionally employed
treated workers would find a job that matches their
qualifications, resulting in an indirect effect on over-
education of zero.

In order to shed light on this issue, we ideally applied
an exclusion restriction. However, although we have

Table 4. ATETs of retraining on several outcomes of job (match) quality by gender and observation point (in
months).

Men Women

After . . . 48 months 84 months 48 months 84 months

Gross daily earnings (in Euros)
ATET 10.413*** 10.176*** 13.654*** 12.753***
SE (0.589) (0.620) (0.586) (0.610)
Post-matching mean bias (pre-match.) 1.8 (15.2) 2.1 (13.8)
Observations 100,596 100,593 54,650 54,603

Overeducation

ATET −0.022*** −0.018*** −0.027*** −0.027***
SE (0.002) (0.002) (0.003) (0.003)
Post-matching mean bias (pre-match.) 1.9 (15.1) 1.9 (13.7)
Observations 99,040 88,938 54,069 50,622
Horizontal adequacy (3-digit level)
ATET 0.169*** 0.164*** 0.266*** 0.239***
SE (0.008) (0.008) (0.010) (0.010)
Post-matching mean bias (pre-match.) 2.1 (14.7) 2.3 (12.8)
Observations 70,214 63,220 40,616 38,150

Source: Integrated Employment Biographies. Coefficients depict the average treatment effects on the treated (ATETs). Standard errors
(in parentheses) and number of observations are displayed directly beyond the coefficients. */**/*** indicate the significance of the
coefficients at the 10/5/1% levels, respectively.

6Identifying causal treatment effects using (propensity score) matching as a pre-processing step is sometimes criticized because of the potential problem that
balancing certain covariates may lead to a decreased balance of others, hence counteracting the intended bias reduction (e.g. Ho et al. 2007). Therefore, as
a robustness test, we use entropy balancing (Hainmueller 2012) instead of propensity score matching, which leads to similar results (cf. Table A2 in the
Appendix).

5106 P. GRUNAU AND J. LANG



a variety of explanatory variables, we do not have any
variables at hand that are associated with employment
and, at the same time, do not directly affect the quality
of the job match. One solution to this problem of
double selection – into participation and employment –
is to estimate bounds for the treatment effects for spe-
cific subpopulations (e.g. Lee 2009; Zhang, Rubin, and
Mealli 2008; Lechner and Melly 2010; Blanco, Flores,
andFlores-Lagunes 2013), butmost of these approaches
are only applicable if assignment to treatment is ran-
dom. Another approach, which is also valid when selec-
tion into treatment is based on a set of observable
covariates, is suggested by Flores and Flores-Lagunes
(2009), who estimate the local net average treatment
effect (LNATET) for a subpopulation for which the
treatment arguably does not affect the mechanism vari-
able, i.e. employment.7We follow their approach,which
in our case permits us to assess the effect of retraining
on job (match) quality for the subgroup of people who
are employed but whose employment probabilities are
not affected by participation in a retraining programme.

To ensure this, we employ a matching approach
involving predicted values of employment, given the
covariates vector X. More specifically, we compare the
employment status of every retraining participant with
the status of its nearest neighbour and include only
those pairs of treated and untreated individuals into
our estimations that are employed at the same given

point in time (because we only observe the outcome
variables for employed individuals). The underlying
idea of this approach is that if the participant and his/
her nearest neighbour who did not participate in
retraining have the same employment status, the par-
ticipant’s employment probability was arguably not
affected by the programme. After the matching, we
compare the difference in the mean outcomes only for
the subgroup of pairs for which both the participant
and his/her nearest neighbour are employed.8 In con-
trast to the earnings outcome above, we now estimate
the effect on daily wages, and thus can determine
whether participants find better paid jobs.

Despite our restriction to those who arguably
would have found employment irrespective of parti-
cipation in retraining – which leads to a substantially
reduced estimation sample– the coefficients displayed
in Table 5 lead to similar conclusions as those in Table
4. Effect direction and significance mostly remain the
same, but the magnitude of the effects differs.

For instance, thewage effect after 84months is now
only €6.5 for women and even insignificant for men,
and thus much lower than in the standard approach.
Consequently, a substantial part, albeit not all of the
earnings effect we present in Table 4, can be explained
by the indirect effect via employment.

Regarding the likelihood of overeducation, the effects
are much more pronounced compared to the ATETs

Table 5. LNATETs of retraining on several outcomes of job (match) quality, by gender and observation point (in
months).

Men Women

After . . . 48 months 84 months 48 months 84 months

Gross daily wages (in Euros)
LNATET 1.814*** .276 3.473*** 6.455***
SE (0.654) (0.796) (0.924) (0.826)
Post-matching mean bias (pre-match.) 1.8 (15.2) 2.1 (13.8)
Observations 5,531 5,992 3,333 3,822

Overeducation

LNATET −0.046*** −0.043*** −0.106*** −0.090***
SE (0.005) (0.006) (0.011) (0.010)
Post-matching mean bias (pre-match.) 1.9 (15.1) 1.9 (13.7)
Observations 5,271 5,049 3,038 3,241
Horizontal adequacy (3-digit level)
LNATET 0.218*** 0.197*** 0.299*** 0.280***
SE (0.015) (0.017) (0.021) (0.021)
Post-matching mean bias (pre-match.) 2.1 (14.7) 2.3 (12.8)
Observations 4,419 4,117 2,784 2,927

Source: Integrated Employment Biographies. Coefficients depict the local net average treatment effects on the treated (LNATETs).
Standard errors (in parentheses) and number of observations are displayed directly beyond the coefficients. */**/*** indicate the
significance of the coefficients at the 10/5/1% levels, respectively.

7For more details on the estimation approach, see Appendix A3.
8Employed participants whose nearest neighbour is not employed can be expected to have found a job because they were treated and are excluded from the
analysis.
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reported in Table 4. As only employed individuals can
be overeducated, the indirect effect via employment is
positive because it increases the probability to be over-
educated among participants. Hence, including the
indirect effect reduces the negative impact of retraining
on overeducation in our standard estimates in Table 4
compared to the direct effects in Table 5.

Similarly, only employed individuals can work
in the occupation they were trained for, and the
indirect effect on horizontal adequacy via employ-
ment could be expected to be positive. The direct
effects on having an adequate horizontal match
that are presented in Table 5, however, are higher
than the ATETs from Table 4. This can be
explained by the inclusion of unemployed indivi-
duals in the standard ATET estimation approach at
the point in time when we measure our outcome
variables. Including the unemployed as zeros in the
outcome variables biases any coefficient towards
zero. In the case of horizontal adequacy, this effect
seems to be even more pronounced than the indir-
ect positive effect via employment.

Overall, our results on the direct effects imply that
the selection into employment that is related to the
participation status is not the sole driver of our main
results. To put it differently, there is also a direct impact

of retraining participation on job (match) quality
beyond the indirect effect of increased employability.

Targeted assignment versus recency

Regarding the theoretical explanations behind our
estimated treatment effects, we expect a positive
impact of retraining on the job match quality because
of two separate mechanisms: the targeted assignment
of training occupations according to the predicted
demand and the recency of educational attainment
in the form of up-to-date learning contents. However,
even though we find robust and substantial treatment
effects to support our hypothesis of a positive impact
of retraining on jobmatch quality, thus far, we cannot
adequately determine the decisive source of the esti-
mated effects. Therefore, in this section, we attempt to
disentangle the total treatment effects into its two
components. To do so, we adjust the matching con-
ditions: we onlymatch individuals from the treatment
and the control group who have received their most
recent vocational training (for participants, this is
retraining) in the same occupational group with
respect to the 3-digit level of the occupational classi-
fication. We thus purge the ATETs of the impact
stemming from the training occupation, hence

Table 6. ATETs of retraining with within-occupation comparisons and on several outcomes of job (match) quality,
by gender and observation point (in months).

Men Women

After . . . 48 months 84 months 48 months 84 months

Gross daily earnings (in Euros)
ATET 8.822*** 8.965*** 11.979*** 10.644***
SE (0.982) (1.035) (1.098) (1.133)
Post-matching mean bias (pre-match.) 5.8 (14.8) 5.8 (12.6)
Observations 73,655 73,641 42,442 42,395

Overeducation

ATET −0.020*** −0.016*** −0.023*** −0.014**
SE (0.004) (0.004) (0.006) (0.006)
Post-matching mean bias (pre-match.) 6.2 (15.3) 6.0 (12.9)
Observations 72,519 65,531 41,955 39,492
Horizontal adequacy (3-digit level)
ATET 0.115*** 0.107*** 0.214*** 0.191***
SE (0.012) (0.012) (0.019) (0.020)
Post-matching mean bias (pre-match.) 6.7 (14.7) 6.1 (12.8)
Observations 69,770 62,783 40,217 37,756

Source: Integrated Employment Biographies. Coefficients depict the average treatment effects on the treated (ATETs). Standard errors
(in parentheses) and number of observations are displayed directly beyond the coefficients. */**/*** indicate the significance of the
coefficients at the 10/5/1% levels, respectively.

9However, this approach necessarily comes with a small drawback: Compared to all other reported estimates, where the share of treated observations off the
common support is less than 1%, the proportion is somewhat higher, albeit still at a low level, in the case of an exact matching on occupations, at up to 4%.
Accordingly, the matching quality in terms of the mean standardized bias also suffers somewhat as the number of potential controls is much lower when
matching is performed within training occupations.
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controlling for the targeted assignment. As such, we
argue that the remaining treatment effects should be
due to the recency of the vocational training.9

The ATETs displayed in Table 6 below show that
the effects of retraining are significantly reduced in all
our job match quality dimensions when compared to
the ATETs in Table 4. This implies that targeted
assignment is indeed at play as a mechanism driving
the impact of retraining participation on job (match)
quality. However, apart from decreasing the effect size
to some extent, all coefficients retain their significance
and even the greater part of their effect size. We
interpret this as evidence for the importance of the
recency of training for the treatment effect. Therefore,
both theoretical mechanisms – targeted assignment
and the recency of training contents – appear to be
at play, with recency appearing to be (slightly) more
important than targeted assignment.

Since we argue that parts of the impact may be
indirect through increased employability, by analogy
with the preceding estimations in Section 5.2, we rerun
our regressions on a reduced subsample where match-
ing is also conditional upon being employed in gen-
eral, beyond the occupation for which the latest
vocational training (retraining in case of participants)
was received. The results (see Table A4 in the
Appendix) also suggest that both mechanisms – tar-
geted assignment and recency – are effective in the
impact of retraining on job quality, although within
that setting, targeted assignment appears as the main
driver of the treatment effects.

VI. Conclusions

Previous studies have shown that extensive voca-
tional training for the unemployed, i.e. retraining,
improves participants’ likelihood of finding a job
thereafter. However, most analyses neglect the qua-
litative aspect of the treatment effect. Therefore, in
this paper, we focus on the job match – that is, the
quality of employment – after retraining.

Our results show that retraining not only improves
the likelihood of re-employment but also increases
earnings. Moreover, retraining considerably reduces
the higher likelihood of unemployed workers ending
up overeducated. Finally, treated individuals show
a substantially higher likelihood of finding a job in
the occupation for which they received vocational
training. All the estimated ATETs can be considered

large when analysed in relation to the level of job
match quality without treatment.

Further restricting the matching of treated to
untreated individuals within the same training occu-
pation reveals that both theoretical mechanisms – the
targeted assignment to occupations of high demand
and the recency of educational attainment – appear to
be at play. Since part of the estimated treatment effects
(on the treated) are caused by an increase in the
employment probability of participants, we addition-
ally focus on the direct effects of programme partici-
pation using a subgroup of employed individuals
whose re-employment probability was not affected
by retraining. For this subsample, we also find that
retraining has a positive impact on bothwages and the
likelihood of finding a job that matches the education
of the participants.

However, an improved job (match) quality is desir-
able from more than an individual’s perspective.
Digitization and structural change are central chal-
lenges for the labour markets of many countries and
are the focus of political attention. Due to these devel-
opments, jobs and their qualification requirements
are expected to change considerably. Against this
backdrop, further training can be a key to ensuring
the employability ofworkers and addressing shortages
in skilled labour. In this regard, it is important to
know whether training programs are successful in
integrating participants into the labour market via
the intended occupation. Since retraining increases
the likelihood of finding employment in the very
occupation for which vocational training was
received, our results suggest that retraining is not
only a very promising strategy to integrate unem-
ployed workers into the labour market but also to
reallocate them to professions in which shortages of
skilled labour exist and are most pronounced.

In our analysis we focus on participants who
started retraining in 2004, i.e. before the introduc-
tion of means-tested welfare benefits in Germany in
2005. Thus, we only consider participants within the
unemployment insurance system. However, unem-
ployed individuals who receive unemployment ben-
efit II within the welfare system differ from our
group as they are generally less attached to the
labour market and more often hard-to-place. Thus,
for this group, the effects of retraining on the quality
of the job match may differ and should be addressed
in future research.
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Appendix

A1. Descriptive statistics

Table A1. Mean values of the pre-treatment covariates for participants and non-participants.
Participants Non-participants

Female 0.471 0.330***
Marital status
Single 0.418 0.427***
Not married, not living alone 0.077 0.076
Single parent 0.119 0.077***
Married 0.386 0.420***

Children 0.435 0.552***
Age 33.23 36.07***
Age groups
Age 20–24 0.131 0.110***
Age 25–29 0.236 0.169***
Age 30–34 0.211 0.167***
Age 35–39 0.201 0.181***
Age 40–44 0.141 0.170***
Age 45 and older 0.080 0.202***

German 0.908 0.861***
Health problems 0.071 0.101**
Disabled 0.012 0.028**

Last occupation (BIBB major occupational fields)
Occup. involving extraction/production of raw materials 0.026 0.041***
Manufacturing, processing, repair/maintenance occup. 0.256 0.379***
Occup. in operation and servicing of plants/machinery 0.065 0.048***
Occup. involving sale/marketing of goods 0.096 0.079***
Transport, storage, security occup. 0.141 0.149***
Hotel/restaurant and cleaning occup. 0.109 0.126***
Office and commercial occup. 0.129 0.084***
Technical and scientific occup. 0.037 0.025***
Legal, management and business occup. 0.006 0.006
Occ. in media sciences, humanities, social sciences, art 0.016 0.012***
Health care, social and personal care occup. 0.111 0.047***
Teaching occup. 0.008 0.005***

Position in last job
Blue-collar worker 0.355 0.422***
Skilled worker 0.180 0.260***
White-collar worker 0.265 0.170***
Part-time worker 0.196 0.144***

Highest vocational degree
No degree 0.337 0.340
Vocational degree 0.621 0.626
University degree 0.041 0.034***

Employment history 7 years before the beginning of the unemployment spell
Days in employment 1187.60 927.30***
Days of benefit receipt 367.91 637.18***
Number of spells with benefit receipt 2.15 3.75***
Days in unemployment 376.91 700.02***
Number of unemployment spells 2.30 4.15***
Days in labour market programs 132.36 144.22***
Number of spells with program participation 0.824 1.131***
Days without information 475.58 568.94***
Number of spells without information 0.417 0.548***

Participation in short-term training two years before the unempl. spell 0.227 0.351***
Participation in further training two years before the unempl. spell 0.138 0.152***
Mainly employed . . .
One year prior to unemployment 0.592 0.345***
Two years prior to unemployment 0.530 0.345***
Three years prior to unemployment 0.505 0.381***
Four years prior to unemployment 0.191 0.242***

Daily wage last job 44.44 45.82***
Mean daily wage (7 years) 42.74 43.30***
Education
No school degree 0.042 0.140***
Secondary schooling degree (Hauptschulabschluss, Mittlere Reife) 0.809 0.777***
Secondary schooling degree (Abitur) 0.150 0.083***

Classification of local labour market
Areas in East Germany with the poorest labour market conditions 0.085 0.060***
Areas in East Germany with poor labour market conditions 0.126 0.135***

(Continued)
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A2. Robustness

Identifying causal treatment effects using (propensity score)
matching as a pre-processing step is sometimes criticized
because of the potential problem that balancing certain cov-
ariates may lead to a decreased balance of others, hence
counteracting the intended bias reduction (e.g. Ho et al.

2007). Moreover, observations are either matched or dis-
carded, implying a reduction of the analysed sample. An
alternative solution to achieve covariate balance is entropy
balancing, where weights are assigned to every observation.
As the approach achieves balance by adjusting the covariate
distributions of the control group to those of the treatment
group, only the weights for the control group units vary,

Table A1. (Continued).
Participants Non-participants

Areas mainly in East Germany, high unemployment, some on the border to the west 0.074 0.064***
Areas characterized by big cities and high unemployment 0.128 0.099***
Areas mainly characterized by big cities and moderately high unemployment 0.040 0.069***
Areas with above-average unemployment but moderate dynamics 0.105 0.092***
Areas with average unemployment 0.104 0.103
Areas with below-average unemployment and weak dynamics 0.116 0.114
Centres with a good labour market situation and strong dynamics 0.062 0.074***
Rural areas with a good labour market situation and strong seasonal dynamics 0.031 0.030
Areas with SME structure and a good labour market situation 0.084 0.108***
Areas with the best labour market situation and strong dynamics 0.045 0.052***

Elapsed duration of the unemployment spell in months
<1 0.183 0.447***
1–2< 0.048 0.108***
2–3< 0.056 0.090***
3–4< 0.055 0.059***
4–5< 0.056 0.046***
5–6< 0.052 0.033***
6–7< 0.051 0.028***
7–8< 0.050 0.023***
8–9< 0.039 0.018***
9–10< 0.039 0.016***
10–11< 0.036 0.012***
11–12< 0.035 0.011***
12–13< 0.029 0.010***
13–24 0.165 0.066***
>24–36 0.061 0.021***
>36 0.043 0.010***

State before beginning of the current unemployment spell
Employed 0.684 0.458***
Apprentice 0.020 0.005***
No information 1–3 months 0.090 0.179***
No information 4–6 months 0.052 0.113***
No information 7–12 months 0.057 0.099***
No information 13–24 months 0.041 0.071***
No information more than 24 months 0.055 0.076***

Federal state
Schleswig-Holstein 0.041 0.037***
Hamburg 0.006 0.027***
Lower Saxony 0.112 0.096***
Bremen 0.010 0.009
North-Rhine-Westphalia 0.156 0.187***
Hesse 0.067 0.054***
Rhineland-Palatinate 0.033 0.046***
Baden-Württemberg 0.063 0.089***
Bavaria 0.125 0.123
Saarland 0.011 0.013**
Berlin 0.095 0.062***
Brandenburg 0.076 0.044***
Mecklenburg-Vorpommern 0.047 0.038***
Saxony 0.078 0.072***
Saxony-Anhalt 0.026 0.057***
Thuringia 0.053 0.046***

Regional unempl. rate (dependent civilian labour force) 13.739 13.178***
Educational (mis)match in the last job
Overeducation 0.053 0.042***
Horizontal match (3-digit level) 0.164 0.263***
Number of observations 27,427 134,094

Source: Integrated Employment Biographies. */**/*** indicate significant differences in the mean values between the treatment and control group at the 10/5/
1% levels, respectively.
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whereas each treated individual is assigned a weight of 1.
While the formation of these weights aims at covariate bal-
ance, it also strives to remain close to some uniform base
weights to preserve information (Hainmueller 2012).
However, a re-estimation based on entropy balancing instead
of propensity score matching reveals no substantial differ-

ences in the estimated ATETs (cf. Table 4).

A3. Estimation approach for local net average treatment
effects on the treated (LNATET)

Let Yi be the outcome (measuring qualification mismatch)
of an individual i with treatment status Di and a (post-

treatment) mechanism variable Si (employment). Both Si
and Yi depend on Di, and Yi additionally depends on Si.
In our case, Di = 0 for non-participants and Di = 1 for
retraining participants, and Si = 0 if an individual i is not
employed and Si = 1 if s/he is employed. Within the
potential outcome framework (Rubin 1974), the average
treatment effect on the treated (ATET) is

ATET ¼ E½YðD ¼ 1Þ � YðD ¼ 0ÞjD ¼ 1�

.
Flores and Flores-Lagunes (2009) decompose this total treat-
ment effect into a mechanism effect and a net effect:

ATET ¼ E½YðD ¼ 1; SðD ¼ 1ÞÞ � YðD ¼ 1; SðD ¼ 0ÞÞjD ¼ 1�

þE½YðD ¼ 1; SðD ¼ 0ÞÞ � YðD ¼ 0; SðD ¼ 0ÞÞjD ¼ 1�

The first term is the mechanism effect and is caused by
a change in S due to a change in D, which in our case
represents an indirect effect on job match quality as
retraining affects participants’ employment prospects.
The second term is the net effect and equals the part of
the treatment effect of D on Y holding S fixed at S
(D = 0). In our case, this is the effect of retraining on
job match quality, given no effect of retraining on
employment. Flores and Flores-Lagunes (2009) employ
the concept of principal stratification (Frangakis and
Rubin 2002) to define a set of comparable individuals
based on the potential values of the post-treatment vari-
able S (here: (likelihood of) employment). One of the two
approaches they suggest enables us to estimate the local
net average treatment effect on the treated (LNATET) by
focusing on a specific subpopulation for which D does
not affect S, and thus Si(Di = 1) = Si(Di = 0).

A4. LNATETs applying within-occupation comparisons

Table A2. ATETs of retraining on several outcomes of job
(match) quality, by gender and observation point (in months),
using entropy balancing.

Men Women

After . . . 48 months 84 months 48 months 84 months

Gross daily earnings
(log)

ATET 10.105*** 9.680*** 13.618*** 12.370***
SE (0.473) (0.503) (0.474) (0.503)
Observations 100,614 100,611 54,652 54,605

Overeducation

ATET −0.016*** −0.013*** −0.031*** −0.026***
SE (0.002) (0.002) (0.006) (0.006)
Observations 99,051 88,949 54,070 50,623
Horizontal adequacy
(3-digit level)

ATET 0.167*** 0.163*** 0.269*** 0.241***
SE (0.005) (0.005) (0.006) (0.008)
Observations 70,236 63,242 40,630 38,164

Source: Integrated Employment Biographies. Coefficients depict the average
treatment effects on the treated (ATETs). Standard errors (in parentheses)
and number of observations are displayed directly beyond the coefficients.
*/**/*** indicate the significance of the coefficients at the 10/5/1% levels,
respectively.

Table A4. LNATETs of retraining with within-occupation comparisons and on several outcomes of job (match) quality, by gender and
observation point (in months).

Men Women

After . . . 48 months 84 months 48 months 84 months

Gross daily earnings (in Euros)
LNATET 1.197 0.369 1.824*** 1.893***
SE (0.688) (0.784) (0.743) (0.804)
Post-matching mean bias (pre-match.) 5.8 (14.8) 5.8 (12.6)
Observations 6,998 6,859 5,677 5,614

Overeducation

LNATET −0.007** −0.012*** −0.022*** −0.018***
SE (0.003) (0.003) (0.005) (0.005)
Post-matching mean bias (pre-match.) 6.2 (15.3) 6.0 (12.9)
Observations 6,608 6,066 5,506 5,085
Horizontal adequacy (3-digit level)
LNATET 0.069*** 0.073*** 0.084*** 0.103***
SE (0.011) (0.011) (0.014) (0.017)
Post-matching mean bias (pre-match.) 6.7 (14.7) 6.1 (12.8)
Observations 5,353 5,090 4,772 4,593

Source: Integrated Employment Biographies. Coefficients depict the local net average treatment effects on the treated (LNATETs). Standard errors (in
parentheses) and number of observations are displayed directly beyond the coefficients. */**/*** indicate the significance of the coefficients at the 10/5/
1% levels, respectively.
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