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Abstract: We use a new and exceptionally rich administrative data set for
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sponsored training programs in the early 2000s. Building on the work of Sianesi

(2004, 2008), we employ propensity score matching methods in a dynamic, multiple

treatment framework to address dynamic selection into heterogeneous programs.

We carefully asses to what extent various aspects of our analysis such as condi-

tioning on employment and benefit histories in a flexible way, the availability of

rich personal information, the availability of data about other programs, and the

amount of specification search affect the estimates. Our results imply that training

programs lead to employment and earnings gains for individuals who have been

unemployed for some time. Data and specification issues can have a large effect on

impact estimates. There is no evidence for effect heterogeneity.
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1 Introduction

There has been an enormous interest in the evaluation of active labor market policies,
both in the US and Europe.2 While, due to methodological and data limitations,
earlier studies typically focused on the evaluation of a single program, recent devel-
opments in evaluation methodology and data access allow researchers to gain deeper
insights into the possibly very heterogeneous effects of different types of programs
and their comparative effectiveness.3 This progress has been made possible both by
methodological developments, in particular the extension of propensity score match-
ing methods to the case of multiple treatments (Imbens (2000), Lechner (2001)), and
by the increasing availability of large, administrative data sets that provide the nec-
essary sample sizes and the program information to carry out in-depth evaluations
of narrowly defined sub-programs. Given these rich data sources, it is possible not
only to evaluate the differential effects of the classical instruments of active labor
market policy such as public employment services, job creation in the public sector,
or public training programs, but also to evaluate different sub-programs within these
categories, for example different forms of employment subsidies or different forms of
public training programs as well as the heterogeneity of program effects for different
subgroups. Such evidence is crucial for policy purposes, as it allows policy makers
to improve the allocation of scarce public resources. Furthermore, the availability of
rich administrative data over a long time period allows one to control in a very de-
tailed way for the labor market history of the program participants, an issue which
has not fully been explored in the literature so far (see Dolton et al. (2008) as a
recent exception for the UK). This is important to justify matching estimators for
treatment effects which rely on a selection on observables assumption (Heckman et
al. (1998), Heckman et al. (1999), Heckman and Smith (1999)).

This paper makes two contributions. First, in view of a major policy shift that took
part in the German labor market policy during the last decade and that massively
shifted resources from long-term and medium-term public sponsored training pro-
grams to short-term programs and to more practically oriented programs (see Bun-
desagentur für Arbeit (2005b), and figure 1 below), we investigate how shorter and
more practically oriented training programs compare in effectiveness to the longer
and more theoretically oriented programs that were used to a large extent before

2For comprehensive overviews see Heckman et al. (1999), Martin (2000), Martin and Grubb
(2001), Kluve and Schmidt (2002), Carcillo and Grubb (2006) and Kluve (2010).

3Examples of evaluations involving multiple comparisons of different programs are Lechner
(2002), Gerfin and Lechner (2002), Larsson (2003), Hardoy (2005), Dyke et al. (2006), Dorsett
(2006), Frölich (2008), and Sianesi (2008).
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the policy shift. We thus contribute to the growing literature on the differential ef-
fects of training programs (see next section for an overview). Given the wide range
of training programs offered by the German Federal Employment Office, we believe
that the comparison of different forms of training used in Germany also holds lessons
for other countries that employ similar programs. The specific form of short-term
training is particularly interesting because, in addition to the provision of skills, it
comprises elements of job search assistance as well as profiling and monitoring of
the unemployed in addition to the provision of skills. We therefore contribute to
the literature that has focused on these specific forms of active labor market policy
(see e.g. Martin (2000), Dolton and O’Neill (2002) and OECD (2005), Dyke et al.
(2006), Hotz et al. (2006), Heinrich et al. (2010)). Whether more practically ori-
ented training programs are more effective in providing the skills needed to improve
the labor market chances of the unemployed is a question of considerable policy in-
terest. Our results are consistent with the literature (Martin and Grubb (2001) and
OECD (2005)) suggesting that practically oriented training is more effective than
pure classroom training. However, these results are in contrast to earlier findings
for Germany during the 1990’s (Fitzenberger and Völter (2007), Fitzenberger et al.
(2010), and Lechner et al. (2010)).

Our evaluation study builds on the work of Sianesi (2004, 2008) on dynamic treat-
ments and on the work of Imbens (2000) and Lechner (2001) on pairwise compari-
son of multiple treatments. In order to take account of dynamic sorting processes,
we stratify treatment effects by elapsed duration of unemployment. Our results
show that average effects for broad populations may hide statistically and econom-
ically significant treatment effects for individual subgroups and therefore help to
understand why previous evaluation studies often yielded inconclusive results. A
key advantage of our methodology is that it allows us to directly compare training
programs, i.e. to ask the question of what would have happened if participants in
short-term programs had participated in longer-term programs, or if participants in
classroom training had taken part in more practically oriented training. This leads
to more informative results than if one compares the effectiveness of different types
of training when compared to not taking part in training at all. In addition, we
provide formal tests of effect heterogeneity.

Our second contribution is a methodological one. We base our evaluation on a
new and particularly rich administrative data set that was made available for re-
search recently. This data set, which merges information from different adminis-
trative sources, contains not only precise and extensive information on individual
employment and transfer receipt histories covering more than ten years but also
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comprehensive and detailed information on participation in all active labor market
programs. Furthermore, it includes all the information on personal characteristics
and professional goals of a particular job-seeker that is collected by the employment
officer in the course of a counseling interview and that serves as a basis for future
services and assignments offered to the job-seeker. The large sample sizes involved
make it possible to address aspects that have been difficult or impossible to address
such as the heterogeneity of programs, the heterogeneity of effects across different
groups of participants and the dynamic selection into different programs.

Given the richness of our data set and the implied wide range of possible specifica-
tion choices, it is a highly relevant question to what extent features of the data and
specific specification choices influence evaluation outcomes. In order to address this
question, we provide a detailed sensitivity analysis examining to what extent evalua-
tion results hinge on various data and specification issues. Using different balancing
tests, we first show that the information on personal characteristics and individual
employment and benefit histories in our data suffice to balance individual charac-
teristics and pre-treatment outcomes in our treatment and comparison groups. We
then carry out a careful sensitivity analysis that compares our benchmark evalua-
tion results to different variations in which we sequentially omit important aspects
of our data or specification. We believe that such an analysis provides important
information for the evaluation of labor market programs in other countries. For
example, many data sets used for evaluation purposes lack the information about
what other programs control group members might participate in (see e.g. Mueser et
al., 2007). We investigate the sensitivity of the results if we proceed as if we did not
have this information. Similarly, in the spirit of Card and Sullivan (1988), Heckman
and Smith (1999), and Dolton et al. (2008) we examine what difference flexible
conditioning on various aspects of the employment and benefit history makes. In
order to assess to what extent evaluation results hinge on the availability of rich per-
sonal information, we compare our results to several specifications in which we omit
important features of our data such as information about the motivation of partici-
pants based on case-worker assessments, or more detailed information on health and
other characteristics which are often not available in data sets used for evaluation
purposes. We also investigate to what extent the amount of specification search
contributes to evaluation outcomes.

Finally, we compare our estimates, which are based on a dynamic stratification of
treatment and control groups in the spirit of Fredriksson and Johansson (2008) and
Sianesi (2004, 2008), to results based on a more traditional static evaluation setup
in which the control group is defined as those individuals who do not receive treat-
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ment over a fairly wide observation window. Our results imply that such a static
evaluation approach leads to smaller positive and larger negative estimated treat-
ment effects. We also demonstrate that positive treatment effects do not just reflect
the lock–in effect of future program participation in our control group. Our results
show that both data and specification issues may have a large impact on evaluation
results and that aspects such as information about other programs and stratifying
individuals according to the elapsed unemployment duration are important.

The remainder of the paper proceeds as follows. Section 2 discusses the literature.
A description of the programs is given in section 3. Section 4 describes the data and
section 5 presents the econometric approach. The results are presented in section
6. Section 7 concludes. The appendix provides details on the data and estimation
results. Further details can be found in the additional Online-Appendix, which is
available upon request.

2 Literature Review

We focus on studies for training programs, in particular those using a multiple
treatment framework. Studies for the US, the UK, or Canada often distinguish
between alternative training programs. Barnow (1987) reviews evaluations of the
US Comprehensive Employment and Training Act (CETA), distinguishing classroom
training, on-the-job training, and work experience. The results of different studies
were quite ambiguous. Programs were generally found to be more effective for
women than for men and on-the-job training was generally found to be more effective
than classroom training and work experience. Evaluation studies for the subsequent
Job Training Partnership Act (JTPA) (Bloom et al., 1997) yielded more conclusive
results and confirmed the earlier mentioned findings. More recent evaluations for the
US investigate the differential effects of different labor market and training programs
(Dyke et al. (2006), Hotz et al. (2006), Heinrich et al. (2010)) using more modern
econometric methods. These studies address in particular the evaluation of programs
including job search assistance/job readiness as well as training components and the
comparison of longer to shorter programs. The results of Dyke et al. (2006) and Hotz
et al. (2006) are not directly comparable to our study because they are obtained for a
very specific group of welfare recipients, whereas our study concerns the somewhat
broader group of recent inflows into unemployment. Heinrich et al. (2010) find
positive medium-run to long-run effects for the broader group of participants in
programs under the Workforce Investment Act. Their results suggest higher gains

4



for participants of general programs for adults than for participants of the programs
more specifically targeted to dislocated workers. For Canada, Park et al. (1996)
distinguish training programs for the long-term unemployed, re-entry programs for
women and programs aimed at eliminating specific skill shortages. Their results
suggest that the latter two but not the first one involve positive earnings effects. Hui
and Smith (2003a,b) distinguish different types of training mainly according to the
source of financing (private, public, employer). Using different evaluation methods,
the authors conclude that the quality of their data is not sufficient to provide credible
estimates. For the UK, Dorsett (2006) analyzes the relative effectiveness of the five
options offered under the New Deal for Young People. The five options are remaining
on the gateway of intensive job search, subsidized full time employment, full-time
education or training, work placement in a voluntary sector, and placement in the
so-called Environmental Task Force. In most cases, entering one of the other options
was not found to be more effective than intensive job search.

As one of the first studies analyzing the differential effects of heterogeneous training
programs, Gerfin and Lechner (2002) analyze five types of public sponsored training
programs in Switzerland with durations ranging between 5 and 13 weeks. The study
finds that, one year after program start, the employment rate of participants was
lower than that of comparable non-participants. Longer, more involved training
courses show less negative effects than shorter ones.

For the Nordic countries, a number of studies investigate the effects of public spon-
sored training programs, often based on high quality data from administrative
sources. Larsson (2003) evaluates the comparative effectiveness of two youth labor
market programs in Sweden (youth practice vs. labor market training). She finds
zero or even negative effects compared to no treatment. Sianesi (2008) analyzes the
comparative effectiveness of different labor market programs in Sweden, among them
vocational class-room training, work practice, and trainee replacement (on-the-job
practice). She finds moderate positive effects for trainee placement but no positive
effects for other forms of training. Based on between-program comparisons, Hardoy
(2005) evaluates a number of youth labor market programs in Norway, among them
employment programs, vocational programs and training programs. She finds that
training programs and vocational programs are counterproductive, reducing signif-
icantly the employment prospects of their participants. A detailed comparative
evaluation of different training programs in Norway is presented by Jespersen et
al. (2008), who find that both private and public job training programs yield pos-
itive earnings effects, while classroom-training does not significantly improve the
employment or earnings prospects of their participants.
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Based on administrative data made recently available, a number of studies evaluate
the differential effects of training programs in Germany for the 1990s. A disadvan-
tage of these data compared to the data used in this study is that they only contain
information about benefit receipt but not about registered unemployment and that
less rich information on personal characteristics is available. Moreover, information
about other programs is incomplete, which is a drawback because we show below
that such information can be important. For instance, based on the data for the
1990s, it is not possible to distinguish participation in employment programs from
ordinary employment. An advantage of the data for the 1990s is that they allow
researchers to estimate long-term effects. Lechner et al. (2007, 2010) evaluate the
effects of a variety of training programs in the 1990s. They distinguish between
medium-term programs (mean duration 4 months), longer programs (mean dura-
tion 9 to 12 months) and long programs with specific contents such as retraining or
training in a practice firm. Most of the programs show positive effects in the long
run, even in East Germany. An important finding is that medium-term programs
outperform longer programs as they exhibit a much shorter lock-in period with oth-
erwise similar employment effects after the end of the program. Similar findings are
obtained by Fitzenberger and Speckesser (2007), Fitzenberger and Völter (2007),
and Fitzenberger et al. (2010) based on the same data but using different econo-
metric methods. These studies for Germany do not find that practical training as
implemented in the 1990s dominates other kinds of training, a finding in contrast to
Martin and Grubb (2001) or OECD (2005). Based on recent data similar to those
used in this study, Schneider et al. (2006) analyze the effects of the Hartz-Reforms
on training programs. The study provides some results on the comparative effec-
tiveness of a number of medium-term and long-term training programs, implying
that shorter programs may be more effective than longer ones.

A drawback of the above mentioned studies for Germany is that they omit short-
term training (‘Trainingsmaßnahmen’), the by now most important type of public
sponsored training. Short-term training courses typically last only 2 to 12 weeks and
often combine elements of job search assistance with the provision of specific skills
(see more detailed description below). In light of the policy debate (Martin and
Grubb (2001), OECD (2005)), short-term training seems attractive since it may
serve the purpose of activating the unemployed without locking them in lengthy
training programs. Furthermore, a number of recent studies argue that increased
job search assistance may be an inexpensive way to increase employment chances
of unemployed individuals (Blundell et al. (2004), Weber and Hofer (2004), Fougère
et al. (2005), Hujer et al. (2005), Crépon et al. (2005), and Van den Berg and Van
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der Klaauw (2006)). Our companion paper, Fitzenberger et al. (2008), estimates
the effects of different types of short-term training for the 1980s, the early 1990s,
and the early 2000s and finds modest positive employment effects. Using a duration
approach, Hujer et al. (2006) find that participation in short-term training mea-
sures reduces the unemployment duration of West German job-seekers. The studies
mentioned so far do not compare short-term training to other programs.

Most closely related to our study, Wunsch and Lechner (2008) and Lechner and
Wunsch (2009) use the same data to estimate differential effects of various programs
including short-term training. Wunsch and Lechner (2008) find for West Germany
that none of the programs have any positive effect on employment or earnings. This
is in sharp contrast to our findings. We find significantly positive employment and
earnings effects in a considerable number of cases. Our study differs in the follow-
ing important respects from Wunsch and Lechner (2008) (and Lechner and Wunsch
(2009)). First, we stratify treatment and control groups according to elapsed un-
employment duration, thereby accounting for the dynamic selection into programs
as suggested by Sianesi (2004). Such a stratification is important for detecting the
cases for which treatment effects are positive. Wunsch and Lechner (2008) define
the control group based on nonparticipation during the observation window. Sec-
ond, we do not have to use the method of randomly drawing artificial start dates for
nonparticipants as Wunsch and Lechner (2008). Third, we provide very detailed bal-
ancing tests that show that our treatment and comparison groups are well balanced.
Fourth, we carry out formal tests for heterogeneity of treatment effects. Fifth, we
present detailed further sensitivity analyses demonstrating the value added of using
rich administrative data. Also, the last three points mostly apply to our own previ-
ous work. Our analysis allows us to draw a more positive picture of the comparative
effectiveness of training programs in West Germany than the study of Wunsch and
Lechner (2008). In line with Lechner and Wunsch (2009), our earlier version of this
paper (Biewen et al. (2007)) does not find significantly positive employment effects
for East Germany. These results are omitted here because of space constraints.

3 Training as Part of Active Labor Market Policy

The main goal of German active labor market policy is to permanently reintegrate
unemployed individuals (and individuals who are at risk of becoming unemployed)
back into employment. The policy instruments cover a wide range of different pro-
grams such as employment subsidies, job creation in the public sector, measures
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directed at youth unemployment, measures to promote self-employment, and public
training programs. For an overview of the different programs and their importance,
see figure 1 and table 3 in the appendix. This paper focuses on training programs at-
tended between 2000 and 2002, before the Hartz-Reforms were enacted. The reforms
changed some of the rules on public training programs (Biewen and Fitzenberger
(2004), Schneider et al. (2006)).

— Figure 1 about here —

Training programs have traditionally been the most important part of German active
labor market policy (figure 1). There are three main categories: short-term training
(‘Trainingsmaßnahmen’), further training (‘Berufliche Weiterbildung’), and retrain-
ing (‘Umschulung’).4 Apart from the fact that all three types of training require
full-time participation, they differ considerably in length and contents. Recently,
short-term training has become the largest training program regarding the number
of participants – for the following, see Kurtz (2003). Short-term training programs
last only two to twelve weeks (the mean duration is slightly over four weeks, see
table 1) and typically pursue one or several of the following three aims. A first
potential aim is aptitude and qualification testing, i.e. the program is used to assess
job seekers’ labor market opportunities and their suitability for different jobs. This
may also entail profiling activities on the side of the Federal Employment Office and
preparation of more detailed work plans to reintegrate the job seeker into the labor
market. A second aim is to test the job seeker’s willingness to work and to improve
job search skills. This may be achieved through activities such as job-application
training, simulation of job interviews or general counseling on job search methods.
The third and final aim of short-term training measures is the provision of specific
skills that are necessary to improve the job seeker’s labor market prospects. Typ-
ical examples for this type of measures are computer courses or courses providing
commercial training. In 2001, 22 percent of short-term training measures belonged
to the first type, 19 percent to the second type, and some 28 percent to the third
type. About 31 percent were combinations of the different types. In most cases,
these were combinations of job search assistance and the provision of specific skills,
or aptitude testing and the provision of specific skills (Kurtz, 2003, tables A3 and
A6).

4In addition, there are specific training schemes for youth unemployed and disabled persons, as
well as German language courses for asylum seekers and ethnic Germans returning from former
German settlements in Eastern Europe. Such training programs are not considered here.
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In comparison to short-term training, the more substantial further training pro-
grams typically take much longer and are more involved. With durations ranging
between several months and one year, further training measures can be classified
as medium-term programs. Their aim is to maintain, update, adjust, and extend
professional skills and qualifications. Further training programs cover a wide range
of courses in a variety of fields and may also comprise practical elements such as
on-the-job training, internships or working in practice firms. In our evaluation we
will distinguish between practically-oriented further training programs (which are
typically of shorter duration) and pure classroom training. Apart from short-term
and further training, employment offices also offer retraining. Retraining programs
last two to three years and typically lead to a new vocational education degree within
the German apprenticeship system. In view of the long duration of retraining pro-
grams when compared to the observational window of our data set, we refrain from
reporting estimates for retraining in the following.5

To become eligible for participation in one of the training programs, job seekers have
to register personally at the local labor office. This involves a counseling interview
with the caseworker. Besides being registered as unemployed or as a job seeker
at risk of becoming unemployed, candidates for short-term training do not have
to fulfil any additional eligibility criteria. In the case of medium- and long-term
training, individuals are typically eligible only if they also fulfil a minimum work
requirement of one year and if they are entitled to unemployment compensation.
However, there are several exceptions to these requirements. The binding criterium
is that the training program has to be considered necessary in order for the job
seeker to find a new job. This is, for example, the case if the employment chances in
the target occupation of a job seeker are good but require an additional adjustment
of skills. Training programs are usually assigned by the caseworker. Depending on
regional and local circumstances, caseworkers may exercise a great deal of discretion
when allocating the different programs. Suitable programs are chosen from a pool
of certified public or private institutions or firms.

If a person is admitted to one of the training measures, the employment office pays
all direct training costs. In addition, the participants of short-term training may
continue to receive unemployment benefits or means-tested unemployment assis-
tance, if eligible. Participants of short-term training are still registered unemployed
during the program. In contrast, participants of further training or retraining do not
remain registered unemployed during the program. Participants of further training

5We reported estimates for retraining in an earlier version, see Biewen et al. (2007). In general,
retraining measures are associated with a long and pronounced lock-in period.
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(and retraining) usually also receive a subsistence allowance provided they fulfill
a minimum work requirement of twelve months during the last three years. This
subsistence allowance usually equals unemployment benefits or unemployment assis-
tance. Overall, there are no sizeable financial incentives for unemployed individuals
to participate in a training program, in contrast to the situation in Germany before
1998 (Fitzenberger et al. (2010)).

— Table 1 about here —

Table 1 shows that the average monthly training costs per participant are lower
for short-term training courses (about 570 Euros in 2001) than for the longer-term
measures (664 Euros). Given the that average length of short-term measures is only
1.1 months while that of longer-term measures is some 9.3 months, this results in
training costs for short-term measures (627 Euros) of about one tenth that amount
to only about one tenth of those for medium- and long-term programs (6175 Euros).
Since 2002, in light of huge differences in costs, the Federal Employment Office has
drastically increased the share of short-term training measures at the expense of
longer-term measures (see figure 1). Of course, the higher training costs may be
justified if the medium- to long-term measures lead to correspondingly higher gains
in employment probabilities. This question is part of the motivation for our analysis.

4 Data

4.1 Integrated Employment Biographies Sample

Our study uses a new and exceptionally rich administrative data base, the so-called
Integrated Biographies Sample (IEBS). This data base has only recently been made
available by the Federal Employment Office of Germany.6 The IEBS is a merged
2.2% random sample of individual data drawn from the universe of data records col-
lected through four different administrative processes. The IEBS contains detailed
daily information on employment subject to social security contributions, receipt of
transfer payments during unemployment, job search, and participation in different
programs of active labor market policy. In addition, the IEBS comprises a large va-
riety of covariates including socio-economic characteristics (information on family,

6Detailed information on the IEBS is available on the website of the Research Data Center
(FDZ) of the Federal Employment Office (http://fdz.iab.de/en).
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health, and educational attainment), occupation and job characteristics, extensive
firm and sectoral information, as well as details on individual job search histories
and assessments of case workers. Our version of the IEBS has been supplemented
with additional information which is not available in the standard version (e.g. in-
formation on health). For evaluation purposes, a rich set of covariates is essential
as it can be used to reconstruct the circumstances that did or did not lead to the
participation in a particular program.

We give a brief description of the IEBS in order to underscore its value for evalu-
ation purposes. The IEBS is based on four different administrative data sources
the so-called Employment History (‘Beschäftigten-Historik’), the Benefit Recip-
ient History (‘Leistungsempfänger-Historik’), the Supply of Applicants (‘Bewer-
berangebot’), and the Data Base of Program Participants (‘Massnahme-Teilnehmer-
Gesamtdatenbank’). The data is organized in spell format involving the start date
and the end date at a daily frequency.

The Employment History involves register data comprising employment information
for all employees subject to contributions to the public social security system. It
covers the time period 1990 to 2004. The detailed information on the employment
status allows us to account for the labor market history of individuals and to measure
employment outcomes. For each employment spell, there is information on personal
as well as job and firm characteristics such as wage, industry, or occupation.

The second data source, the Benefit Recipient History, includes spells of all un-
employment benefit, unemployment assistance and subsistence allowance payments
between January 1990 and June 2005. It also contains information on personal char-
acteristics. The Benefit Recipient History is important as it provides information on
the periods in which individuals were out of employment and therefore not covered
by the Employment History. In particular, the Benefit Recipient History includes
information about the exact start and end dates of periods of transfer receipt. The
information on benefit payments allows us to construct individual benefit histories
dating back several years. Moreover, we use additional information contained in
the Benefit Recipients History involving periods of benefit withdrawal imposed as
sanctions by the employment office as proxy for lack of motivation.

The third data source is the Supply of Applicants, which contains data on individuals
searching for jobs. The Supply of Applicants data cover the period January 1997
to June 2005. In our study they are used in two ways. First, they provide addi-
tional information about the labor market status of a person, in particular whether
the person in question searches for a job but is not (yet) registered as unemployed
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or whether he or she is sick while registered unemployed. Second, the job search
episodes include additional information about personal characteristics, in particular
about educational attainment, nationality, and marital status. They also provide
information about whether the applicant wishes to change occupations and about
health problems that might influence employment chances as assessed by the case-
worker. Finally, the data on applicants include regional and local identifiers, which
we use to link regional and local information, for example unemployment rates at
the district level.

The fourth data source is the Data Base of Program Participants, which contains
detailed information on participation in all public sector sponsored labor market
programs covering the period January 2000 to July 2005. The data involves the
type of the program as well as additional information on the program such as the
planned end date, whether the participant entered the program with a delay, and
whether the program was successfully completed. The Data Base of Program Par-
ticipants not only contains information on the set of training measures evaluated in
this paper, but also on all other possible programs such as employment subsidies.
This is important, as it enables us to distinguish between regular employment and
subsidized employment when evaluating employment outcomes.7

Being among the first to use the IEBS, we were involved in necessary comprehensive
data checks because of the non-trivial task of merging four large scale administrative
data sources of very different designs. We ran extensive consistency checks of the
records coming from the different sources, making use of additional information on
the data generating process provided to us by the Institute for Employment Re-
search. This work is documented in Bender et al. (2004, 2005). Our conclusion is
that on the one hand the employment and benefit data are highly reliable concern-
ing employment status, wage and transfer payments, and the start and end dates of
spells. The likely reason for this is that contribution rates and benefit entitlements
are directly based on this information. On the other hand, information not needed
for these administrative purposes can be less reliable. For example, in the employ-
ment data base the educational variable appears to be affected by non-negligible
measurement error as it is not directly relevant for social security entitlements (see
Fitzenberger et al. (2006) for imputation methods to correct the education variable).

7A disadvantage of the data covering labor market training in Germany in the 1990s used in
studies such as Fitzenberger and Speckesser (2007), Fitzenberger and Völter (2007), Fitzenberger
et al. (2010), and Lechner et al. (2007, 2010) is that it is not possible to distinguish whether
participants found employment in the regular labor market or whether they obtained employment
through a job creation program. Note that for the time period from the year 2000 onwards, Lechner
et al. (2007, 2010) make use of the information on subsized employment provided by the IEBS.
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Personal characteristics exhibit a higher degree of reliability in the program partic-
ipation and job seeker data, because they are relevant for the purpose of assigning
job offers or programs to the unemployed. In our evaluation, we exploit the avail-
able information as efficiently as possible by choosing the data source that is most
reliable for a given purpose. Although the data in the IEBS generally seem very
reliable, there is some need for data corrections. We corrected the end dates of pro-
gram spells recorded in the data base of program participation using the procedure
described in Waller (2008), which proved necessary for a small share of spells.

4.2 Evaluation Sample and Training Programs

We follow an evaluation strategy (see below) that is based on comparisons with
(multiple) control groups. A common feature of control group approaches is that
they partition the group of potential participants into a group of participants and a
group of non-participants. As a consequence, one has to determine first as to who
is a potential program participant.

For several reasons, we decide to focus on individuals who become unemployed after
having been continuously employed for at least three months, instead of individ-
uals who are observed unemployed at a given point of time. This is to avoid the
case of individuals registering as unemployed from being out of labor force because
they want to participate in a training program. In interviews, caseworkers told
us that especially women returning from maternity leave, divorcees, or university
graduates who have difficulty finding a job may contact the local employment office
inquiring about the possibility of participating in public training programs. How-
ever, these individuals often only register as unemployed if the chances of actual
participation are high enough. An evaluation sample based on observed unemploy-
ment status (instead of an inflow sample into unemployment) would therefore suffer
from the problem of an incompletely observed control group for such participants:
Because they are not registered as unemployed, non-participating counterparts are
not recorded in the data. Analyzing an inflow sample into unemployment, we focus
on individuals who have been attached to the labor market, which enables us to
construct a suitable control group based on the relevant information in the data.
Furthermore, the beginning of unemployment defines a natural time scale to align
treated and nontreated individuals.

In the following, we focus on an inflow sample into unemployment consisting of
individuals who became unemployed between the beginning of February 2000 and
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the end of January 2002, after having been continuously employed for at least three
months. Entering unemployment is defined as ending regular, non-subsidized full-
time or part-time employment and subsequently being in contact with the employ-
ment office (not necessarily immediately), either through benefit receipt, program
participation or a job search spell.8 In order to exclude individuals eligible for spe-
cific labor market programs for the youth and individuals eligible for early retirement
schemes, we only consider persons aged between 25 and 53 years at the beginning
of their unemployment spell. Our evaluation focusses on the first training program
that is attended in the course of an unemployment spell.

Based on the description of program types in section 3, we distinguish three dif-
ferent types of training, which closely follows the legal grouping of program types:
Short-term Training (STT), Classroom further training (CFT), and Practical fur-
ther training (PFT). In some cases, we grouped programs whose planned duration
and contents did not really fit into the category defined by the law into the cate-
gory that was most appropriate from an economic point of view. According to the
same criteria, we also grouped measures of ‘discretionary support’ (Freie Förderung)
and measures financed through the European Social Fund (Europäischer Sozialfond,
ESF) into one of the four program categories. For the reasons explained above, we
do not consider retraining programs here, but use the information about whether a
person participated in retraining when evaluating the other forms of training. That
is, when defining the treatment group, participants in retraining as well as partic-
ipants in other programs (e.g. employment subsidies) are not counted as in open
unemployment. Also for the reasons explained above, we do not report estimates
for East Germany (estimates for retraining and for East Germany can be found in
the earlier version of this paper Biewen et al. (2007)).

We estimate program effects separately for men and women and for different dura-
tions of elapsed unemployment (as explained below). This results in a total number
of six evaluation samples, the sample sizes of which are shown in table 4 in the
appendix. Table 7 and figure 21 provide descriptive information on the duration of
different program types. STT is the shortest program. Durations for CFT are fairly
uniformly distributed between 1 and 11 months and they show a strong spike at 12
months. PFT is shorter than CFT and shows a strong spike at 7 months.

8This implies that the same individual may appear more than once in our evaluation sample.
About ten percent of the individuals in our sample are represented by more than one unemployment
spell according to the above definition. We take account of multiple inclusion of the same individual
in the sample when calculating standard errors, see section 5.
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5 Econometric Approach

5.1 Evaluating Multiple Treatments in a Dynamic Context

Our empirical analysis is based upon the potential-outcome approach to causality,
see Roy (1951), Rubin (1974), and the survey of Heckman et al. (1999). Lechner
(2001) and Imbens (2000) extend this framework to allow for multiple, exclusive
treatments. Our analysis distinguishes three different treatments, STT, CFT, and
PFT, as well as a nontreatment state. Let Y k represent the potential outcome
associated with training program k (k = 1, 2, 3) and Y 0 the potential outcome when
not participating in any program. For each individual, only one of the 4 potential
outcomes is observed and the remaining 3 outcomes are counterfactual. Our goal is
to estimate the average treatment effect on the treated (ATT) of receiving treatment
k = 1, 2, 3 both against nonparticipation k = 0 (treatment versus ‘searching’) and
against treatment l, with k 6= l and k, l 6= 0 (differential effect of two programs).

In our context, participation in training is possible at any point in time during the
unemployment spell. A job-seeker who has not enrolled until a certain point in time
may join at some later point in time provided he remains unemployed up to that
time. In such a setting, persons with longer completed unemployment durations
are more likely to end up receiving treatment than persons with shorter completed
unemployment durations. Fredriksson and Johansson (2008) show that in this case
a static evaluation analysis that assumes that the treatment is administered only
once yields biased treatment effects because the definition of treatment and control
groups implicitly conditions on future outcomes. Thus, we think that a conventional
static evaluation approach is not warranted in our case. We follow the approach sug-
gested in Sianesi (2004, 2008) to extend the static multiple treatment approach to
a dynamic setting. Sianesi focuses on the effect of participating after a given un-
employment experience (i.e. period of eligibility) versus not participating up to that
point in time. Thus, treatment effects are defined conditional on a given starting
date during the unemployment spell and treatment and control group are aligned
in their unemployment duration up to then. The nontreatment group comprises all
individuals who have been in open unemployment for the same period of time as the
treated individuals but who do not enrol in a program at the starting date under
consideration. Nonparticipation up to a given point in time entails the possibility
of participation at some later point in time. Hence, individuals in the nontreatment
group may enrol in training at some later point during the unemployment spell. This
treatment parameter (treatment versus searching) mirrors the decision problem of
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the caseworker and the unemployed who recurrently during the unemployment spell
decide whether to join any of the training programs now or to postpone participa-
tion to the future to see whether job search is successful without training. When
discussing the policy implications of our estimates, one has to be careful because
those nontreated individuals in one stratum who receive treatment later experience
the impact of the treatment.9

We distinguish between treatment starting during months 0 to 3 of the unemploy-
ment spell (stratum 1), treatment starting during months 4 to 6 (stratum 2), and
treatment starting during months 7 to 12 (stratum 3). We choose the widths of
the three time windows based on sample size considerations. We experimented with
smaller strata but found that the number of treated and comparison individuals
became too small to implement our matching approach that relies on both exact
matching and propensity score matching (see below). It is clear that one faces a
bias-variance trade-off. On the one hand, reducing the interval length reduces the
bias due to a static evaluation design but increases the variance as a consequence
of smaller sample sizes. On the other hand, by defining wider intervals one ignores
more of the variation in the timing of treatment that takes place within a given
stratum. Due to even smaller sample sizes, we do not evaluate training programs
starting more than 12 months after the beginning of unemployment.

We evaluate treatments conditional on the unemployment spell lasting at least until
the start of treatment k and this being the first treatment during the unemploy-
ment spell considered. Therefore, the ATT parameter for treatment k against the
alternative l (k ∈ {1, 2, 3}, l ∈ {0, 1, 2, 3}, k 6= l) is given by

(1)
θ(k, l; s, τ) = E(Y k(s, τ)|Ts = k, U o = u− 1, us ≤ u ≤ ūs)

−E(Y l(s, τ)|Ts = k, U o ≥ u− 1, us ≤ u ≤ ūs) ,

where s ∈ {1, 2, 3} denotes the stratum of unemployment. τ = 0, 1, 2, . . . counts
the elapsed months since the beginning of treatment k. Ts is a variable indicating
treatment status in stratum s. U o denotes the random time spent in open (i.e.
untreated) unemployment and u ∈ {us, . . . , ūs} the month in which treatment k

9As an example, when there is a cut in treatment during one stratum, our estimates assume
that the incidence of later treatment conditional on the covariates considered does not change.
When the likelihood of receiving treatment later is particularly high among those treated in an
early stratum (had they not received treatment in the early stratum), then our estimates implicitly
assume that the treatment cases grow during later strata (unless the lack of early treatment results
in sufficiently quicker exits to employment). Thus, our estimates are not applicable for a situation
where a cut in an earlier stratum is associated with overall treatment cases being unchanged in
later strata.
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starts, with us (ūs) the start (end) of stratum s. Thus, for treatment k starting
in period u we require that possible comparison individuals receiving treatment l

have spent the same amount of time in open unemployment as of period u− 1 and
receive treatment l no earlier during the stratum considered than the treated indi-
vidual, i.e. treatment of the comparison individuals starts during the time interval
[u, ūs].10 While we align treated and control persons exactly by elapsed time in open
unemployment, we display separate treatment effects by stratum only. This means
we average the period specific treatment effects with respect to the distribution of
starting dates within a stratum.

We evaluate the differential effects of multiple treatments assuming the following
dynamic version of the conditional mean independence assumption (DCIA):

(2)
E(Y l(s, τ)|Ts = k, U o ≥ u− 1, us ≤ u ≤ ūs,X)

= E(Y l(s, τ)|Ts = l, U o ≥ u− 1, us ≤ u ≤ ūs, X) ,

where X denotes a vector of covariates that are time-invariant within a stratum. We
effectively assume that, conditional on X and on remaining in open unemployment
at least until period u−1, individuals are comparable in their outcome for treatment
l occurring between u and ūs. As usual, implicit is the assumption that potential
outcomes are independent across individuals, ruling out general equilibrium effects.

5.2 Combining Exact and Propensity Score Matching

Building on Rosenbaum and Rubin’s (1983) result on the balancing property of the
propensity score in the case of a binary treatment, Lechner (2001) shows that the
conditional probability of treatment k, given that the individual receives treatment
k or treatment l, P k|kl(X), exhibits an analogous balancing property for the com-
parison of program k versus l. This allows us to apply standard binary propensity
score matching based on the sample of individuals participating in either program
k or l. For this subsample, we simply estimate the probability of treatment k and
then apply a bivariate extension of standard propensity score matching techniques.
Implicitly, we assume that the actual beginning of treatment within a stratum is
random conditional on X.

To account for the dynamic nature of treatment assignment, we estimate the proba-

10For l = 0, the comparison group comprises all individuals whose unemployment spell lasts at
least u−1 periods and who do not participate in any program during the stratum considered. This
entails the possibility of exit to employment before the end of the stratum.
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bility of receiving treatment k versus l in a given stratum using all the individuals in
group k and l who are still unemployed at the beginning of the stratum considered.
For treatment during months 0 to 3, we take the total sample of unemployed, who
participate in k or l during months 0 to 3 (stratum 1), and estimate a Probit model
for participation in k. For l = 0, the control group includes those unemployed who
either never participate in any program or who start some treatment after month
3. Similarly, for treatment during strata 2 and 3, the basic sample consists of those
individuals in group k and l who are still unemployed at the beginning of the stra-
tum.

We then combine kernel matching involving the propensity score with cell match-
ing. In particular, we implement a stratified kernel matching approach by imposing
additional criteria along which treated and control observations are aligned exactly.
First, we require that the matching partners for an individual receiving treatment
k in a given month are still unemployed in the month before treatment k starts, i.e.
we align treated and nontreated individuals exactly with respect to the elapsed un-
employment duration in months. Second, we match exactly on a set of ten different
employment histories covering the four years before the beginning of the unemploy-
ment spell (see below for further details). Then, we estimate the counterfactual
employment and earnings outcomes by means of a Nadaraya-Watson kernel regres-
sion. We use a product kernel in the estimated propensity score and the calendar
month of entry into unemployment

(3) KKj(pd, cd) = K

(
pd − pj

hp

)
· h|cd−cj |

c ,

where K(z) is the Gaussian kernel function, pd and cd are the propensity score and
the calendar month of entry into unemployment of a particular treated individual d,
pj and cj are the estimated propensity score and the calendar month of entry into
unemployment of an individual j belonging to the comparison group of individuals
treated with l. The parameters hp and hc are the bandwidths. Taken together,
we impose the following four matching requirements: (i) similarity in the pairwise
propensity score, (ii) similarity in the calendar date of the beginning of unemploy-
ment, (iii) equality in the elapsed time in open unemployment, and (iv) equality in
the previous employment history.

We use a bivariate crossvalidation procedure to obtain the bandwidths hp and hc

by minimizing the squared prediction error of the average l-outcome for the indi-
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viduals in the l-group who are most similar to the participants in program k.11 We
obtain standard errors and pointwise confidence bands for our estimated treatment
parameters through bootstrapping based on 250 resamples. We resample individ-
uals with their entire observation vector to obtain standard errors clustered at the
individual level, thus also accounting for the multiple appearance of individuals as
participants or nonparticipants, respectively. The propensity score is reestimated in
each resample to take account of its estimation error.

5.3 Empirical Content of the DCIA

At this point, we need to discuss the plausibility of the DCIA (see equation (2))
in our application. In our analysis, we focus on the average treatment effect on
the treated (ATT) conditional on some given unemployment experience. The DCIA
states that conditional on a given unemployment experience and a vector of ob-
servable covariates, the sequence of potential outcomes associated with alternative
treatment l in the same time window, {Y l(s, τ)}τ , τ = 0, 1, 2, . . ., is mean indepen-
dent of the treatment status in this time window, Ts. The index l also comprises
the option of nonparticipation. In a dynamic context, nonparticipation in the cur-
rent stratum entails the possibility of participation in later strata. Thus, the DCIA
implies that the treatment status in subsequent strata and the associated potential
outcomes are conditionally mean independent of the treatment status in the current
stratum.

Our matching approach will produce valid estimates if we consider all the determi-
nants that jointly influence treatment status and potential outcomes in the current
stratum as well as in future strata. Conditional on these determinants individuals
are randomly allocated to one of the four treatment options that are available in
a given stratum and there is no anticipation of future treatment and employment
options. In the following, we explain the process of program assignment in Germany
and describe the information that we have in our data. We think that conditional
on the information in our data there remain no anticipatory effects with respect to
future program participation and individual re-employment prospects.

During the time period we consider, training programs were assigned by the case-
worker. This was often done in agreement with the job-seeker, considering his or
her willingness to receive training and to work in a specific field. However, the final

11This method is also used in Fitzenberger et al. (2010) and is an extension of the crossvalidation
procedure suggested in Bergemann et al. (2009).
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decision was subject to the discretion of the caseworker. Blaschke and Plath (2000)
report that indicators available to the caseworker like the composition of a group
of participants in a particular course or his/her assessment of the motivation of the
unemployed played an important role. Placement in employment had priority over
program participation. Therefore, the unemployed were encouraged to continue job
search at any time, even while participating in a training program.

The allocation of a particular job-seeker to a particular training program was driven
strongly by the supply of courses (Schneider et al., 2006). Anecdotal evidence in
Schneider et al. (2006) suggests that belated assignments and referrals on very short
notice were commonly used in order to assure a high capacity utilization of the
courses that were generally booked in advance for a calendar year by the employ-
ment agencies and to keep up job search incentives. This suggests that program
assignment was not very targeted but driven by regional specific variation in the
supply of courses throughout the year. From the perspective of the unemployed, the
assignment to a particular program operated in a rather idiosyncratic way which
he/she could not perfectly anticipate.

Moreover, with the Supply of Applicants database, we have at our disposal the
complete set of information that is collected by the caseworker in the course of a
counseling interview. This database builds the basis for the caseworker’s decisions
on the mix of services he/she will offer to a particular job-seeker. It comprises rich
information on the demographic characteristics of a job-seeker, his/her qualifications
(degrees held as well as subjective assessments by the caseworker) as well as his/her
needs and preferences with regard to a suitable job opportunity (health constraints,
target occupation, looking for a part-time job).

To be specific, we consider the following variables that reflect the caseworker’s as-
sessment of the motivation, plans and labor market prospects of a particular un-
employed: the caseworker’s assessment of the job-seeker’s current health status,
information on his/her previous health status (i.e. in the last two years before the
start of the current unemployment spell), a dummy variable indicating whether the
unemployed person showed signs of lacking motivation in the last three years (e.g.
failed to show up at regular meetings), dummies indicating whether the job-seeker
dropped out of a program in the last three years, whether he/she was suspended
from benefits within the last three years, whether the person participated in a pro-
gram providing psychosocial support in the last three years. In addition, we include
variables indicating whether the job-seeker would like to work in a different occupa-
tion, whether he/she is looking for a part-time job, and the number of job proposals
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he/she received from the employment office.

In order to eliminate potential anticipatory effects related to the individual re-
employment prospects of a job-seeker we exploit the detailed and complete lon-
gitudinal information in our administrative data sources covering employment and
benefit receipt and impose several restrictions to ensure that our sample as a whole
as well as the different treatment and comparison groups are sufficiently homoge-
neous. Our analysis sample is composed of individuals who, between 2000 and 2002,
exit regular employment lasting three months or longer. We stratify treatment and
comparison individuals based on ten groups of employment history sequences as
well as elapsed unemployment duration and then match within each group by the
propensity score and the start of the unemployment spell in calendar time. Follow-
ing Card and Sullivan (1988), we construct ten different employment history groups
that indicate different combinations of the annual employment status of an individ-
ual during the four years preceding the unemployment spell.12 We exactly match
on the nine sequences (1000), (1001), (1010), (1011), (1100), (1101), (1110), (1111),
and (0000). E.g. the sequence (1010) represents employment during the first and the
third year before entry into unemployment and nonemployment during the second
and the fourth year. The nine sequences considered so far cover over 95 percent of
the cases. The remaining sequences are subsumed in a residual category.

Comparative analyses and simulation studies (Heckman et al. (1997), Heckman et al.
(1998), Heckman et al. (1999), Heckman and Smith (1999)) stress the importance
of conditioning flexibly on lagged employment and wages, benefit receipt history,
and local labor market conditions. We include in the propensity scores a rich set
of variables depicting past employment and nonemployment histories as well as
local labor market conditions. In particular, we include dummy variables referring
to each of the ten employment sequences described above in the propensity score.
Further, we use several different variables recording wages prior to unemployment
as well as occupation and industry of the last job, indicators of whether the last
job was part-time, whether it was a white-collar or blue-collar position, the reason
why the job ended, and the quarter of the beginning of the unemployment spell.
We also include indicators of whether the person was employed in month 6, 12, or
24 before the beginning of the unemployment spell, the number of days employed
during the preceding seven years as well as the average annual earnings and the
annual employment status in each of the seven years before the beginning of the
unemployment spell.

12An individual is considered as employed in a given year if he/she is employed for at least 50
percent of the days.

21



Turning to nonemployment, we include the remaining (nonexhausted) period of en-
titlement for unemployment benefits at the beginning of the current unemployment
stratum as well as variables counting the number of days during which someone re-
ceived unemployment insurance payments (i.e. unemployment benefits, unemploy-
ment assistance, or subsistence allowance) in the last three years, the number of
days without any information in the data set (e.g. periods of self-employment or out
of the labor force), indicators for whether somebody was disabled or unable to work
at some point in time during the preceding three years, and a variable recording
previous contacts with the employment office during the last three years. Finally,
to model local labor market conditions we use several different variables on the
unemployment rate in the county of residence, indicators for the federal state and
indicators for the economic situation of the local labor market.13

5.4 Specification of the Propensity Scores

Using all of the variables described in section 5.3 as possible regressors, we fit the
propensity scores separately for each of the six evaluation subsamples (men/women,
stratum 1/2/3), and each treatment comparison pair. In each case, we run an
extensive specification search. The final specification was chosen based on which
variables (according to institutional and economic knowledge) may drive the selec-
tion into programs, based on statistical significance of the variables included, and
based on the balancing tests described below. We usually start with a fairly gen-
eral specification and drop variables that are grossly insignificant. This leads to
satisfactory specifications in most cases. In the few cases in which the balancing
condition fails, we modify the specification and reinclude covariates or add inter-
actions in order to eliminate the covariate imbalance. We take particular care in
ensuring that pre-treatment employment and earnings outcomes are well balanced
between treatment and control group members.14 The final specifications typically
include between 20 and 35 covariates.

13Descriptive statistics for selected covariates are given in the appendix. More detailed informa-
tion on the sensitivity of results to including the variables reflecting caseworker assessments can
be found in the Online-Appendix.

14Detailed test results are available in the Online-Appendix. Further estimation results are
available from the authors upon request.
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5.5 Testing for Covariate Balance

We employ two different balancing tests to check whether our treatment and control
groups are sufficiently balanced. First, we test whether the means of important
covariates differ significantly between treatment and matched control groups using
bootstrap t-tests and χ2-tests (for groups of variables that belong together). In each
subsample, the comparison of means is based on the same set of 90 regressors that we
consider particularly important (cf. the discussion in section 5.3). We calculate the
matched mean of a given regressor by applying the matching procedure described
above to this regressor in exactly the same way as we do to predict the counterfactual
employment and earnings outcomes.15

Second, we investigate whether treated and matched nontreated individuals differ
significantly in their employment and earnings outcomes over a period of seven years
before the beginning of unemployment. We estimate these differences in the same
way as the treatment effects after the beginning of the program. By construction,
treated individuals and their matched counterparts exhibit the same unemployment
duration until the beginning of treatment as well as the same type of four-year
employment history before the beginning of the unemployment spell.

5.6 Estimating Effect Heterogeneity

The estimation of the ATT provides a semiparametric, aggregate impact measure
of possibly heterogeneous treatment effects depending upon observable character-
istics of the participating individuals. In general, treated and control groups may
not be perfectly aligned with respect to the distribution of conditioning variables
after matching. Then, the estimated ATT may be biased if treated and matched
comparison individuals are not matched very well by observable characteristics af-
fecting the treatment effect (Abadie and Imbens, 2002). In addition, a given value
of the aggregate ATT may hide different positive and negative treatment effects for
different subgroups of the treated. One strategy to estimate effect heterogeneity
across observed characteristics consists in applying the dynamic matching estimator
as described in section 5.1 separately to each subgroup of interest. However, the
implementation of such an approach is limited by the curse of dimensionality. The
sample sizes of the subgroups need to be sufficiently large to do so with reasonable
precision. Therefore, we pursue a different strategy involving an ex post outcome

15Detailed test results can be found in the Online-Appendix to this paper.
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regression in the matched sample. An additional advantage of our approach is that
it allows us to test for mismatch between treated and comparison individuals.

Following Abadie and Imbens (2002)16 and Mueser et al. (2007), we apply an re-
gression based adjustment for remaining mismatch between treated and comparison
individuals after matching. At the same time, we account for effect heterogeneity by
running weighted linear regressions of the individual outcomes on those covariates,
which could cause effect heterogeneity, and interaction terms with the treatment
dummy.17’18 We pool over all possible starting dates u within a stratum. Estima-
tion is based on

(4) min
∑

i

ūs∑
u=us

gi(u)[Ȳi(u)− α−X iβ − γDi −Di(X i − X̄)δ]2 ,

where the summation is over all individuals i who either receive treatment k or l

in the stratum considered [us, ūs]. gi(u) is the set of weights for possible treatment
starts in month u. Ȳi(u) is the average of the individual period specific outcomes
over 24 months from month u onwards, including the potential lock-in period of
the treatment. Di is a dummy variable for treatment status in the respective time
window, i.e. Di = 1 (Di = 0) if individual i receives treatment k (l). X i denotes a
vector of observable characteristics and X̄ the average of the characteristics in the
sample of individuals receiving treatment k. Let U s ∈ {us, . . . , ūs} denote the month
of the beginning of treatment for the treated receiving treatment k (Di = 1). Then,
the weights for the treated individuals (Di = 1) pick the observed start month, i.e.
gi(u) = 1 for persons starting treatment k in month u (U s = u) and gi(u) = 0 if

16Note that the Econometrica publication drops the mismatch corrected estimator, see footnote
7 in Abadie and Imbens (2006, p. 241). Abadie and Imbens (2002) show that such an ex post
regression adjustment improves the asymptotic properties of nearest neighbor matching based on
a fixed number of matches because it controls for the leading bias term of the ATT estimate,
see also Mueser et al. (2007, p. 765) for a discussion. However, this point is not relevant in our
case since we apply kernel matching. Nevertheless, the ex post regression adjustment is a useful
specification device to investigate whether our kernel matching approach suffers from mismatch
bias, although the discussion in Abadie and Imbens (2002) suggests that bias adjustment is likely
to be less important in large samples like ours.

17Recent evaluation studies rarely estimate such ex post outcome regressions after matching to
study effect heterogeneity. In the literature on statistical treatment choice, Frölich (2008) uses a
similar approach to predict potential outcomes as a function of individual characteristics.

18Mueser et al. (2007) adjust each set of comparison cases to the particular treated case using a
linear regression in the weighted dataset of comparison cases (this approach is also implemented by
Heinrich et al. (2010)). In contrast to our approach, their analysis does not account for interaction
effects because their goal is not to estimate how treatment effects vary by covariates. However,
the estimated adjusted average treatment effect, i.e. our estimated γ in equation (4), should be
very similar to what we would have obtained had we applied the approach taken by Mueser et al.
(2007).
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treatment starts not in month u (U s 6= u). For a nontreated individual j (Dj = 0)
serving as a comparison for treatment k starting in month u, the weight gj(u) equals

∑

d∈{Ts=k∧Us=u}
K

(
pd − pj

hp

)
· h|cd−cj |

c ,

where d (d 6= i) indexes those individuals starting treatment k in month u (Ts =

k ∧ U s = u). The function inside the sum corresponds to the kernel weight as
given in equation (3). Thus, the control observation j is used repeatedly for each
possible treatment starting date u in the respective stratum for which j serves as a
comparison unit, i.e. observation j is used up to (ūs − us + 1) times in the pooled
regression (4). This way, we obtain a proper temporal alignment of treated and
control observations.

We use regression (4) to analyze heterogeneity of the treatment effects across ob-
served characteristics. If δ = 0 in the regression (4), then there is no linear effect
heterogeneity by the level of covariates.

Furthermore, regression (4) can be used to adjust for possible remaining mismatch
between treated individuals and matched controls. The term X iβ in regression (4)
controls for the effect of the characteristics on the average outcome variable. The
coefficient on the treatment dummy, γ, gives the mismatch corrected estimate of the
aggregate ATT. This mismatch corrected estimate can be compared to the estimate
obtained without the additional regression adjustment. If the two estimates are
very similar then this is evidence that the matching procedure works well in aligning
the distributions of the conditioning variables in the comparison group to the one
in the treatment group. The standard errors of the estimated coefficients in (4)
are obtained through the full bootstrap procedure for the matching estimator by
rerunning the regression for all resamples.

6 Empirical Results

6.1 Employment Effects

6.1.1 Training vs. Searching

The evaluation results for training vs. not participating in any active labor market
program (i.e. ‘searching’) in a given time window are shown in figures 2 to 4. Each
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graph displays the average treatment effect on the treated (ATT), i.e. the difference
between the actual and the counterfactual employment outcome averaged over those
individuals who participate in the program under consideration. More precisely, we
compare the actual employment outcome of the treated to the employment outcome
these individuals would have had, had they not taken part in any program in the
respective time window of their unemployment spell. As already mentioned, we
distinguish between programs starting in three different time windows (strata) of
elapsed unemployment: 0 to 3 months (stratum 1), 4 to 6 months (stratum 2), and 7
to 12 months (stratum 3). Due to the smaller number of treated individuals, we only
consider one time window ranging from month 0 to 12 for participants in practical
further training (PFT).

We evaluate treatment effects at different points in time. On the time axis in
our graphs, positive values denote months since the program start, while negative
values represent pre-unemployment months and years. We omit the period between
the start of unemployment and the start of the program where both control and
treatment group are unemployed. The dashed lines around the estimated ATT are
bootstrapped 95 % pointwise confidence bands. Treatment effects for a particular
time period are statistically significant if zero is not contained in the confidence
band.

First of all note that, in all the cases depicted in figures 2 to 4, pre-treatment
employment outcomes of treatment and control group do not differ in any significant
way in the seven years before the start of the current unemployment spell. We
interpret this as evidence for the high quality of our matching approach.

— Figure 2 about here —

Figure 2 shows estimated treatment effects for short-term training programs (STT).
The results for men (women) are in the left (right) column. We find short and not
very pronounced lock-in effects of STT programs in the order of minus five percent-
age points (ppoints), i.e. during the program participants have a five ppoints lower
monthly employment rate than they would have if they did not participate in the
program. These lock-in effects do not last for more than two to three months, which
is not surprising given the short duration of STT programs. After the short lock-in
period, the treatment effects, i.e. the difference between actual and counterfactual
employment outcomes of participants, turn positive in general, but they are not
always statistically significant. The results seem to depend strongly on elapsed un-
employment duration at program start. While there is no evidence for statistically
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significant treatment effects for individuals participating in the first three months
of their unemployment spell (stratum 1), treatment effects for men starting an STT
program in months 7 to 12 (stratum 3) of their unemployment spell, and women
starting one in month 4 or later are significantly positive. Accordingly, the monthly
employment rate of West German men (women) participating in STT is increased
by about 5 ppoints (about 10 ppoints) after the end of the lock-in period.

— Figure 3 about here —

Results for the more substantive classroom further training programs (CFT) are
given in figure 3. The most conspicuous difference between these results and those
for STT programs is the long and pronounced lock-in effect. During the first months
of their participation in the program, participants have an employment rate that
is up to 25 ppoints lower than it would have been if they had not taken part in
the program. The lock-in period lasts up to 12 months for individuals who take up
their treatment during the first 6 months of their unemployment spell. Interestingly,
lock-in effects are less deep and shorter for individuals that have been unemployed
for more than 6 months (stratum 3).

Since the populations of treated and control individuals change over time, there are
several possible reasons for this finding. First, it might be that individuals with
a longer elapsed unemployment duration are assigned to shorter CFT programs.
Second, it is possible that such individuals drop out of the program more often or
earlier. A third reason may be that a large number of those just having become
unemployed easily find new jobs if they do not take part in a training program. If
these individuals are assigned to a CFT program anyway, they will be ‘locked-in’,
while many of their counterparts in the control group quickly exit to employment.
This could mean that some of the short-term unemployed receive training even
though they do not need it to overcome unemployment. In addition, there may be a
tendency towards finding less pronounced lock-in effects for the late program starts
if many of the long-term unemployed in the control group abandon their job search
and move out of labor force. Hence, an additional channel through which training
programs work may consist in keeping the long-term unemployed in the labor force.

While there is little evidence for statistically significant employment effects for West
German men starting a CFT program in months 0 to 6 of their unemployment
spell (strata 1 and 2) or West German women starting it in the first 3 months
of unemployment (stratum 1), treatment effects for longer-term unemployed men
(stratum 3) and medium to longer-term unemployed women (strata 2 and 3) are
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large and statistically significant. After the initial lock-in phase, they amount to
some 10 ppoints for men and for women.

— Figure 4 about here —

In contrast to pure classroom further training, practical further training (PFT) also
includes practical elements such as internships or working in a practice firm. Evalu-
ation results for these measures are given in figure 4. There are considerable positive
employment effects of about 10 ppoints for women after a lock-in period of up to 8
months. There are no such effects for men. A reason for this finding could be that
particularly in practice-related jobs, men and women select themselves into differ-
ent occupations. If women more often participate in training for occupations in the
service sector, where employment chances are generally better than in manufactur-
ing or construction jobs, this will lead to more positive effects of practical training
programs for women.19

6.1.2 Pairwise Comparisons of Training Programs

Given that, in many cases, training programs show considerable employment effects
when compared to attending no program, the question arises which of the different
training programs is the most effective for a given subpopulation. The results pre-
sented in the previous section already suggest that STT may have similarly positive
effects as CFT or PFT when each of the programs is compared to attending no
program. However, this does not necessarily mean that participants in STT could
not have improved their employment chances by attending CFT or PFT programs
instead, or that participants in CFT or PFT would not have lost from taking part
in STT instead. This is the question we address next. For each comparison pair in
figures 5 to 8, the treatment named first corresponds to the treatment considered
(whose participants define the subpopulation considered) and the second one to the
comparison treatment.

— Figure 5 about here —

Figure 5 shows that, in the first two and a half years since program start, participants
in STT generally would not have improved their employment chances by attending

19Lechner et al. (2007) and Fitzenberger and Völter (2007) consider the role of gender specific
target professions for explaining gender differences in treatment effects of public sector sponsored
training in East Germany in the 1990s.
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CFT. On the contrary, the much shorter and less pronounced lock-in effect of STT
programs make this form of training seem more effective than the longer-term class-
room training. Furthermore, figure 6 shows that participants in CFT would not have
lost in general from attending STT instead.20 This is remarkable since it means that
these individuals could have been assigned to the much less expensive STT programs
without reducing their employment chances. Again, taking the shorter lock-in effect
at program start into account, STT would have even been preferable for these indi-
viduals. Taken together, CFT does not lead in general to higher employment gains
than STT within the first two and a half years after program start.

— Figure 6 about here —

How does PFT compare to STT? Before discussing these results it should be noted
that matching STT and CFT against PFT turns out to be difficult. First, we pool
the three strata for treatment versus PFT (as in the PFT against Searching or
Treatment case) because of the small number of participants in PFT. But severe
balancing problems due to a small number of controls (PFT participants) for the
later participants in STT or CFT, respectively, remain. Therefore, for these partic-
ular cases, we use only participants in STT (or CFT, respectively) of the first half
year, while for the control group PFT participant of the first year are used. This
improved the balancing results. The ATT results turned out to be robust and the
graphical evidence stayed almost the same. Nevertheless, the results involving com-
parisons with PFT should be interpreted with some caution, because – due to small
sample sizes – we can not always balance our covariates perfectly in these cases, even
though we undertake an extensive specification search.21 Figure 7 shows that indi-
viduals who took part in STT would not have gained from attending PFT instead.
More importantly, there is no evidence that participants in PFT would have lost
significantly within the first two years after program start if they had participated
in STT instead.

— Figure 7 about here —

How do the PFT programs compare to the more theoretical CFT programs? Provid-
ing evidence on this question, figure 8 implies that participants in theoretical CFT

20The situation is less clear for men who have been unemployed for at least 6 months.
21The results of the balancing tests for our final specification are given in the additional Online-

Appendix.
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would neither have lost nor gained significantly, had they been assigned to PFT in-
stead. Moreover, PFT is better for participants of PFT than CFT would have been.
This holds especially for female participants in PFT whose employment probability
remains significantly higher than it would have been with CFT even after the end
of the program. Note that PFT programs also exhibit significantly smaller lock-in
effects, a finding which is not surprising given their shorter average length.

— Figure 8 about here —

6.1.3 Cumulated Effects

Next, we discuss the cumulated effects of the different ATTs that are displayed in
table 2. They are calculated by summing the monthly treatment effects over the
first 24 months counting from the program start. They provide a simple measure of
whether, in total after a period of two years, participation in the program considered
leads to employment gains or losses compared to participation in the comparison
treatment for the individuals receiving the program considered. The higher effective-
ness of shorter programs compared to longer programs is confirmed in table 2. For
example, for men participating in short-term training after having been unemployed
for at least 7 months (stratum 3), the net gain of the program versus searching is 0.9
employment months during the first 24 months after the program start. The effects
are even stronger for women who gain on average 1.8 (stratum 2) and 2.1 (stratum
3) months of employment. The results suggest that STT is the only form of training
that has statistically significant positive cumulated employment effects during the
first two years, and this only holds for those individuals who are not treated too
soon after entering unemployment.

— Table 2 about here —

Table 2 summarizes the comparative effectiveness of the different programs. Rows
2 and 3 show that STT was better in terms of its cumulated employment effects for
those participating in it than CFT or PFT would have been (STT vs. CFT and STT
vs. PFT). On the other hand, row 5 (CFT vs. STT) suggest that for participants in
CFT, STT would be preferable over a period of 24 months, particularly for women.
Row 8 (PFT vs. STT) indicates that participants in practical further training
programs would not lose if they were assigned to STT instead. Row 9 (PFT vs.
CFT) shows that participants in practical training would fare worse if they were
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assigned to CFT instead. On the other hand, participants in classroom further
training would not fare worse if they were assigned to practically oriented programs
instead (CFT vs. PFT, row 6). This indicates that, at least as long as one focuses on
employment effects alone, practically oriented programs have some advantage over
pure classroom training.

6.1.4 Effect Heterogeneity

The results presented so far reveal considerable heterogeneity in the effects for dif-
ferent subpopulations. A consistent finding seems to be that programs are only
effective for those individuals who start a program after having been unemployed
for some time. Another finding is that training effects are generally larger for women
than for men (figures 2 and 3). Women also seem to benefit from practical train-
ing, while men do not (figure 4). Now, we further investigate whether treatment
effects averaged over broad subpopulations hide statistically and economically sig-
nificantly different effects for particular subpopulations. For this purpose, we run
ex post outcome regressions using treated and matched control observations as de-
scribed in section 5.6 above. The dependent variable, the average observed outcome
for the first 24 months after the start of the program, is regressed on a number
of personal characteristics. We investigate how the treatment effects vary with the
personal characteristics included in the regression. We also investigate whether
there is mismatch between treated and control individuals with respect to partic-
ular individual characteristics. We use the ex post outcome regression to compute
‘mismatch corrected’ treatment effects (by omitting the mismatch when calculating
average treatment effects based on the regression of individual treatment effects on
personal characteristics). If our matching approach works well, the mismatch cor-
rected average treatment effects should coincide with uncorrected average treatment
effects.

The results of the Wald-tests for effect heterogeneity and the comparison between
the mismatch-corrected and the uncorrected ATT estimates are given in section 7.2
in the appendix. The detailed coefficient estimates are reported in the additional
Online-Appendix. The mismatch-corrected estimates of average treatment effects
reported in table 9 in the appendix coincide sufficiently well with the uncorrected
estimates. In no case does the uncorrected ATT lie outside of the 95%-confidence
interval of the missmatch-corrected ATT. These findings support the validity of our
matching procedure. Furthermore, there is little evidence for effect heterogeneity as
the vast majority of the interaction effects proves insignificant. According to the re-
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sults reported in table 8, the hypothesis that all interactions between the treatment
dummy Di and the characteristics have zero coefficients (H0 : δ = 0, see equation 4)
can only be rejected in the case of females participating in PFT at the 5%-level. The
significant effect heterogeneity in this case is caused by the differences across occu-
pations as well as by the variables child and health. Unemployed whose previous job
involved a technical occupation show worse effects. Having a child reduces the effec-
tiveness and having health problems (health2), which are considered to be without
impact on placement, increases the effectiveness. For the other treatment cases, a
very small number of single coefficients for interaction effects prove significant but
there is no generalizable pattern of effect heterogeneity across the different cases.
Some of the single significant coefficient estimates take implausibly high values and
are very difficult to rationalize, which may be due to small samples or multicollinear-
ity problems. The overall insignificance for all cases, except for females participating
in PFT, suggests that we should not interpret these effects.

The general finding for the comparisons of training vs. searching seems to be that
– in addition to the heterogeneity found between the subgroups defined by gen-
der and unemployment duration – there is very little heterogeneity along observed
characteristics.

6.2 Earnings Effects

Although the main purpose of training programs for the unemployed is to reinte-
grate them into the labor market, there is also a lot of interest in the impact of
different programs on earnings. If two programs are equally effective in increasing
employment probabilities, the program with the greater earnings effects should be
preferred (holding other things constant). Similarly, a program that does not in-
crease employment probabilities may nevertheless be effective if it has a positive
effect on earnings. Next, we carry out the same evaluations as before but with earn-
ings as the outcome of interest. We focus on half–yearly earnings.22 The results for
earnings are shown in figures 9 to 15.

22As information on earnings comes from the social security records, it is collected only once in
a given calendar year if a person is employed with the same employer throughout and no changes
in relevant information, such as a change of the health insurance, occur within the year. As a
compromise between the administrative reporting rule and short-run earnings dynamics arising
from take-up of a new job within a given year we decided to focus on half–yearly earnings.
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6.2.1 Training vs. Searching

Figure 9 shows the results for the case ‘STT vs. searching’. There are statistically
significant earnings gains of the order of 500 - 1,000 Euros for female participants in
STT in stratum 2 and 3, and for male participants in stratum 3. This corresponds to
the positive employments effects for these groups presented above. However, there
are also statistically significant earnings gains for female participants in stratum 1
although there were no clear employment gains for this group. This is a case where
evaluating earnings effects provides valuable extra information.

— Figure 9 here —

Figure 10 shows a similar pattern for the case ‘CFT vs. searching’. After an initial
lock-in effect, there are significant earnings gains for male participants in CFT in
stratum 3 (and marginally in stratum 2), and in all strata for women. The earnings
gains after lock-in tend to be larger than those for STT, i.e. 1,000 Euros per half-
year or larger in many cases. This means that although CFT and STT provide
comparable employment gains (after lock-in), CFT participants benefit on average
more from their program than participants in STT.

— Figure 10 here —

The evidence for ‘PFT vs. searching’ shown in figure 11 suggests that there are
large and significant earnings gains for women, amounting to up to 1,500 Euros per
half-year two years after program start, but no significant effects for men. The latter
is consistent with the finding that there are no employment gains for this group of
participants either (see figure 4).

— Figure 11 here —

The figures presented so far also show that the earnings differences between treat-
ment and control group members are generally not significantly different from zero
in the seven years before the start of the unemployment spell considered.23

23The only exception is the case ‘STT vs. searching for women in stratum 1’ where treated
individuals seem to have significantly lower earnings before treatment. A possible consequence is
that the earnings gain induced by the program may be even larger than the estimates suggest.
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6.2.2 Pairwise Comparisons of Training Programs

As shown in figure 12, participants in STT did not have any significant earnings
disadvantage compared to taking part in CFT instead. In the short term, partici-
pating in STT is even associated with earnings gains compared to CFT because of
the longer lock-in period for CFT.

— Figure 12 here —

The comparisons ‘STT vs. PFT’ and ‘PFT vs. STT’ presented in figure 13 suggest
that male participants in STT have significantly higher earnings than they would
have had, had they taken part in PFT (however, as shown in figures 2 and 9 par-
ticipating in STT was not better than not taking part in any program). For female
participants in STT, taking part in PFT instead would not have been more advanta-
geous. The graphs in the lower part of figure 13 show that male participants in PFT
would also not have incurred earnings losses if they participated in STT instead. By
contrast, female participants in PFT would have experienced lower earnings if they
had been assigned to STT instead. This is remarkable as there is no clear gain in
employment probability for female participants in PFT compared to STT.

— Figure 13 here —

As figure 14 shows, there is also no clear earnings gain for female participants in
CFT compared to STT (right column). For men, the situation is slightly different
(left column): although the effects are only marginally significant, male participants
in CFT would have incurred earnings losses (after the lock-in period) if they had
been assigned to STT instead.

— Figure 14 here —

Finally, the comparison between CFT and PFT in figure 15 suggests that male
participants in CFT would have experienced significant earnings losses if they had
been assigned to PFT. This is not true for female participants. On the other hand,
male and female participants in PFT would not have benefited from switching to
CFT.

— Figure 15 here —
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6.3 How Sensitive Are Impact Estimates to Features of the

Data and to Specification Choices?

Given the richness of our data and the wide range of possible specification choices,
it is a highly relevant question to what extent features of our data and specification
choices influence the outcome of our evaluation. The following analysis is therefore
meant to contribute to the understanding of what kind of data and specification
issues are important when choosing the econometric evaluation strategy. In the
following, we start from our most general specification (whose results we reported
in the previous sections) as a benchmark. We then sequentially drop specification
features and/or information in the data in order to see to what extent results hinge
on these aspects. As an outcome variable we consider the probability to be employed
in a given time period. The complete sensitivity analysis is available in the Online-
Appendix; here we only report results for one benchmark case (CFT vs. searching
for men in stratum 2) along with one selected other case in order to illustrate the
range of variations that may result as a consequence of data or specification changes.

6.3.1 Sensitivity Analysis 1: Employment History

In our first sensitivity analysis, following Card and Sullivan (1988), Heckman and
Smith (1999), and Dolton et al. (2008), we investigate how much difference it makes
to condition flexibly on past labor market outcomes. Starting from our benchmark
specification, we first drop the requirement of exact matching on four-year history
sequences. In a second step, we remove in addition the history sequence dummies
from the propensity score. In the third step, the remaining seven-year history vari-
ables are dropped. The fourth step further removes all information on the benefit
history, and in the fifth step, we finally drop the requirement to exactly match on
the unemployment duration prior to treatment.

— Figures 16 and 17 here —

The results of this exercise are shown in figures 16 and 17. The left column always
shows the case ‘CFT vs. searching for men in stratum 2’, while the right column
presents one further case illustrating what else may happen.24 The results show
that omitting the requirement of exact matching on employment histories in general

24The full range of other cases is given in the Online-Appendix.
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changes impact estimates only little. In the case of ‘CFT vs. searching for men in
stratum 2’ treatment effects are pulled downwards by a moderately small amount
suggesting that not controlling for employment sequences leaves too many relatively
successful individuals in the control group. Looking at all other cases, this result
is not generalizable however. More typical is what is shown for the case ‘SST vs.
searching for men in stratum 2’ (first row, right column), where not conditioning
on employment sequences makes no discernable difference whatsoever. The same is
true if in addition the employment history dummies are dropped from the propensity
score and the window of pre-unemployment information is reduced from seven to
three years (steps 2 and 3). If, in addition, benefit-related information is dropped,
estimates also change very little (step 4). It turns out however, that dropping the
requirement of exact matching on unemployment duration (step 5) considerably
reduces estimated treatment effects in most cases, especially for individuals with
long unemployment durations. The case ‘SST vs. searching for men in stratum 3’
involves the strongest change: positive treatment effects are completely eliminated.
This suggests that treated individuals tend to have longer unemployment durations,
biasing downward impact estimates if unemployment durations are not accounted
for.

The finding that controlling for past employment and unemployment information is
important is in line with the results reported by Card and Sullivan (1988), Heckman
and Smith (1999), and Dolton et al (̇2008). We find however, that doing so flexibly
and using seven years instead of three years does not add much to increase the
balance in the employment history between treated and controls. It should be
noted however, that in contrast to some of the above cited studies, our evaluation
sample is already constructed in a way that strongly conditions on past labor market
transitions. This is because we consider individuals who became unemployed after
a continuous spell of employment.

6.3.2 Sensitivity Analysis 2: Rich Personal Information and Specifica-

tion Search

In our second sensitivity analysis, we vary the amount of personal information used
for matching and the way in which it is used in specifying the propensity score. First,
we investigate what happens if we omit the personality variables described above
(information on whether the person took part in a program providing psychosocial
support in the past, whether there were signs of a lack of motivation during previous
unemployment spells, information on past penalties or past dropout out of program,

36



the number of job proposals received, and the desire to change the occupation). In
a second step, we omit in addition rich personal information in case it was included
in the propensity score in the benchmark specification (information on household
type, number and age of dependent children, marital status, information on health,
disability, previous part-time employment and reasons why the last job was ended).
In a related but separate analysis, we compare the benchmark specification with
a specification in which all variables are only used in a fixed, basic way without
investing in the specification search for each group as described above.

— Figure 18 here —

The results in the first row of figure 18 show that omitting the personality vari-
ables changes impact estimates surprisingly little as long as all other variables of the
benchmark specification are controlled for. By contrast, omitting other personal in-
formation (row 2) may have a considerable effect, not so much in the benchmark case
of CFT, but in practically all other cases (especially for STT after short unemploy-
ment). The direction of the changes is not systematic, but omitting rich personal
information tends to overstate treatment effects (suggesting that treated individuals
tend to have favorable personal characteristics). The fact that the inclusion of per-
sonality variables does not change much suggests that the kind of information they
represent are already sufficiently included in the employment history variables and
in the other personal characteristics. This is in contrast to the findings in Dolton
et al. (2008), where related attitudinal variables added much to control for the se-
lection into treatment.25 Finally, we find that varying the amount of specification
search leads to relatively minor changes in most cases. The changes also do not
display any clear direction (row 3).

6.3.3 Sensitivity Analysis 3: Comparison to MTG and Information on

Other Programs

Mueser et al. (2007) (henceforth MTG) present a recent state-of-the-art evaluation
of job training programs based on administrative data from Missouri. Their setup
is representative for what is possible using administrative data taken from differ-
ent sources in the US and elsewhere. Our data is also based on administrative

25Note, however, that the attitudinal variables in Dolton et al. (2008) were directly elicited in
a survey, while our variables are derived from information on program participation, receipt of
unemployment benefits and caseworker assessments.
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sources but seems to be richer in terms of individual characteristics and details of
employment histories. It is also more comprehensive in another important respect:
it contains full information on all possible programs a person might participate in.
We investigate how our impact estimates would look if we only had available the
kind of data used in MTG.

Our first sensitivity check compares our benchmark specification to a basic specifica-
tion which is as close as possible to the one used in MTG (p. 768, basic demographic
and educational information – i.e. variables on age, education, occupation, nation-
ality and region – as well as four quarters of earnings history and four quarters of
employment dummies based on whether earnings in the given quarter were posi-
tive). We stick to our requirement to exactly match on the unemployment duration
prior to treatment even though MTG do not measure unemployment durations at a
monthly frequency which implies that their treatment and control group are more
heterogeneous compared to our sample. Dropping this requirement has a strong im-
pact on our results as step 5 of the sensitivity analysis on the value of employment
history information has shown, but it may be less important in the institutional en-
vironment of MTG in which program participation does not require unemployment.
Our second sensitivity check addresses the point that we have complete knowledge
on what kind of other programs someone is participating in, which is in contrast to
the data used in MTG and many other data sets used in evaluation studies. For this
check we compare our benchmark specification to one that ignores all information
on programs other than the one in question (this mimics the situation in MTG, who
acknowledge that an unknown number of controls may have participated in other
programs).

— Figure 19 here —

Results for this exercise are shown in figure 19. The first row shows the compar-
ison with a specification that uses the kind of information used in MTG. It turns
out that in most cases treatment effects are overstated if matching is based on this
kind of information (the graph on the left ‘CFT vs. searching for men in stratum
2’ is relatively untypical in that respect, most cases look more like the graph on
the right ‘CFT vs. searching for men in stratum 3’). This specification differs from
our benchmark specification mainly in dropping detailed history information and
rich personal information. Our detailed sensitivity analysis on history information
has shown that dropping this kind of information leads only to small changes in
the results, as long as the requirement of the same elapsed unemployment duration
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before program start is not dropped (we do not drop this requirement here). But
dropping rich personal information, like for example variables on family status and
health status, leads to an overstatement of the treatment effects. In fact, part of the
figures of the second step of sensitivity analysis 2 (graphs in the middle row of figure
18 and the respective graphs in the additional Online-Appendix) look already close
to the figures of the present exercise. The remaining difference must be due to drop-
ping even more information from the propensity score (mainly industry variables, a
whitecollar dummy and exact measurement of days in employment in the last three
years) and to dropping detailed history information and rich personal information at
the same time. The results for the comparison with a situation where no information
on other programs is available are shown in the second row of figure 19. In many
cases, effects are pulled downwards as in the case ‘CFT vs. searching for men in
stratum 2’ (left graph). In other cases ignoring other programs makes no difference
(right graph).26 The reason why ignoring other program information tends to pull
down impact estimates seems to be that, if information on other programs is avail-
able, participants in these other programs are only counted in evaluation windows in
which they have not yet started the other program, i.e. when they are unemployed,
whereas both their unemployment and their employment spells are counted if it is
not known that they take part in some other program. When judging the value of
this information one should consider that the unavailability of information on par-
ticipation in other programs is likely to be less severe for countries with a relatively
low program density, as the US, than for those continental European countries with
a particular high program density. Even if not completely generalizable to every in-
stitutional environment, our results clearly show that limitations in data availability
can have sizeable effects on evaluation results.

6.3.4 Sensitivity Analysis 4: Future Participation in Other Programs

Estimating the effect of treatment versus searching, the question arises to what
extent our results are determined by the fact that we include in our control group
individuals who may participate in some program in the future (i.e. after the end
of the stratum considered). In order to address this question, we consider two
variations. First, we completely exclude all individuals from the beginning who
will eventually (within the next 35 months and within the same unemployment
spell) participate in training or another intensive active labor market program. This
corresponds to the setup used in many evaluation studies in which the control group

26Remember that the full set of graphs is available in the Online-Appendix.
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is defined as the set of individuals who are never treated. Fredriksson and Johansson
(2008) heavily criticize this approach because excluding future participants implicitly
conditions on future outcomes and future treatment (i.e. future participants tend
to be negatively selected because they would not have been treated if they had
found employment before). As a second variation, we exclude future participants
from the control group from the month onwards when they enter a program (similar
to the approach suggested in Fredriksson and Johansson (2008) and DeLuna and
Johansson (2009)).

— Figure 20 here —

Results for both variations are shown in figure 20. The first row shows the case in
which future participants are completely excluded. This drastically reduces impact
estimates in all cases, a finding which is in accordance with the view that excluding
future participants results in a more positively selected control group. This might
be a reason why previous evaluation studies did not find positive treatment effects
in many cases (see Crépon et al. (2009) for related results).

The second row presents selected results for the case in which future participants
are only excluded from the month onwards they enter a program, but not before. A
concern related to the dynamic evaluation setup as suggested by Sianesi (2004) and
used in this study is that the control group in a given stratum includes individuals
who might be treated – and therefore affected by a lock-in effect – in future strata,
making the counterfactual a compound of treatment and non-treatment outcome.
We think that our estimated treatment effects are of interest because the control
group for our results above is given by those individuals who are continuing their
search, i.e. treatment now is contrasted to what would ‘normally’ happen from now
onwards including possible participation in the future. However, when discussing
the policy implications of our results, one has to be careful because the nontreated
individuals in one stratum who receive treatment later experience the impact of
the treatment in future outcomes (see footnote 9 above). As discussed above, our
approach mirrors the decision problem of the caseworker who has to decide between
treatment now and treatment at a later point of time. This issue is an important
one as typically about 20 percent of the members of the searching group participate
in programs in the future (see appendix for detailed numbers). In order to check
whether our treatment effects are systematically driven up because control group
members are locked in future programs, we censor the information provided by later
participants from the month they enter the program. The lower row of figure 20
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shows that estimated treatment effects are not higher because the control group
includes individuals that are in locked-in in programs that begin in later periods.
Rather, we find the opposite, i.e. excluding later participants from the months they
enter a program may increase estimated treatment effects. This suggest in fact that
excluding future post treatment outcomes in the control group leads on average to an
overoptimistic assessment of treatment effects because of the positive employment
dynamics after the end of the lock-in period for future participants.

7 Summary and Conclusions

This paper analyzes and compares the employment effects of the three important
types of public sector sponsored training in West Germany in the early 2000s. These
are short-term training, classroom further training, and practical further training.
In light of recent policy reforms fostering shorter training programs, we are par-
ticularly interested in the question of how short-term training programs compare
in terms of effectiveness to traditional longer-term further training schemes, and
how practically-oriented programs compare to theoretically-oriented programs. Our
econometric approach combines exact matching and kernel matching methods in a
dynamic, multiple treatment framework. Having access to rich administrative data,
we also investigate to what extent data features and specification choices influence
the evaluation results.

Our results suggest that the effectiveness of the different programs strongly depends
on the gender of the participants and the timing of program participation during
unemployment. We find statistically significant positive employment effects for male
and female participants in short-term training and classroom further training who
started their training not too early during their unemployment spell. There are
no positive employment effects for individuals who started training early in their
unemployment spell. Moreover, women but not men benefit from practical train-
ing. A closer look reveals that, over the first two to two and a half years after
program start, employment effects of short-term training were of a similar magni-
tude as those of traditional longer-term programs, but, due to the shorter length,
positive effects materialize much earlier. According to our results, both short-term
and longer-term training may increase the employment rate of their participants by
some 5 to 10 percentage points for men, and by an even larger amount for women.
The somewhat surprising effectiveness of short-term training in terms of employ-
ment probabilities is also confirmed in pairwise comparisons to longer-term further
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training. Also, our results imply that practical training may have advantages over
pure classroom training in terms of employment probabilities, a finding that is con-
sistent with the international evidence (see Martin and Grubb (2001) and OECD
(2005)), but not with evidence for Germany in the 1990’s (Fitzenberger and Völter
(2007), Fitzenberger et al. (2010), Lechner et al. (2010)).

The comparison is not as clear cut regarding earnings effects. Similar to the compari-
son of classroom vs. practical further training, the relative effectiveness of short-term
vs. the longer further training is reduced if in addition earnings effects are taken into
account. Although all three types of training programs generate significant earnings
gains in the cases where there are also positive employment effects, earnings gains
induced by classroom and practical further training generally appear to be larger
than those of short-term training. This is true both when participation in one of
the training programs is compared to not participating in any of the programs, and
when the different training programs are directly compared with each other. As
to the comparison between practical and classroom further training the evidence is
mixed. Practical training seems to lead to higher earnings gains for women but not
so for men.

Given that short-term and longer-term training yield comparable employment gains
but longer-term training is more effective in terms of earnings, it is not entirely
clear whether the policy shift that took place in 2002 and that massively substi-
tuted longer-term training courses by inexpensive short-term courses was justified.
One has to keep in mind however, that short-term training programs are (due to
their much shorter durations) associated with much shorter lock-in periods and con-
siderably lower total costs. Although we lack detailed information on training costs,
the results in table 2 combined with the information on average costs in table 1 sug-
gest that an average short-term training course costing only 627 Euros may lead to a
long-term employment gain comparable to that of an average further training course
costing 6,175 Euros. In the very short run, longer-term training is dominated by
short-term training because of the longer lock-in period associated with longer-term
programs. Although a general cost-benefit analysis seems difficult, simple calcula-
tions raise some doubts whether the more expensive longer-term programs can be
cost-effective in a fiscal sense. Considering a period of five years and even ignoring
the lock-in effect during the first year, providing longer-term further training to 100
unemployed individuals would cost some 617,500 Euros (compared to 62,700 Euros
in the case of short-term training). Assuming a positive employment effect of plus
10 percentage points, this would bring on average 10 out of the 100 unemployed
back into employment, saving some 10 × 1400 Euros × 12 (months) × 4 (years)
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= 672,000 Euros in unemployment compensation the Federal Employment Office
would have to pay otherwise (based on an assumed monthly unemployment benefit
level of 1400 Euros). Note that in many cases, employment effects are smaller or
even zero. Even if other aspects such as earnings gains are taken into account, it
will take a rather long time before longer-term further training programs amortize
their costs. By comparison, the picture looks more positive in the case of short-term
training.

While it is a common finding shared by studies such as Hujer et al. (2006), Fitzen-
berger et al. (2008), and Lechner et al. (2007, 2010) that, especially if lock-in effects
are taken into account, shorter training programs may outperform longer ones,27 it
seems surprising that short-term programs lasting only two to twelve weeks may
have employment effects at all. Given that it is hard to believe that such short
programs lead to substantial increases in human capital, other aspects may be more
relevant. Looking at the particular contents of short-term training analyzed here,
it seems more plausible that these programs help to activate their participants who
may otherwise not look as intensively for new jobs as they do when they are as-
signed short-term training programs that often comprise elements of profiling, job
search assistance, or monitoring. Our results are therefore in line with a number of
recent studies that focus on the positive effects of increased job search assistance
and activation, see e.g. Blundell et al. (2004), Weber and Hofer (2004), Fougère et
al. (2005), Hujer et al. (2005), Crépon et al. (2005), and Van den Berg and Van
der Klaauw (2006), and Fitzenberger et al. (2008). It should be emphasized that in
a number of cases neither short-term nor medium-term training programs showed
any significant positive effects at all, especially when they are assigned early during
the unemployment spell.

Our results also show that the effects of training programs may be very different
across different subgroups. One result is that employment effects are usually larger
for individuals who start their program at a later point during their unemployment
spell. In fact, in many cases we do not find significant employment effects for
individuals who start their treatment very early in their unemployment spell. It
would be wrong to conclude from this that treatment is the more effective the later
it is provided to the participants as individuals who are long-term unemployed may
differ in observed and unobserved characteristics from those who are short-term
unemployed. However, the result is remarkable because it suggests that in cases of
long-term unemployment, training programs, as we observe them, do help to restore

27However, note that neither of these studies consider the very short training programs analyzed
here.
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the employment chances of their participants. We also find that training effects
are heterogeneous with respect to gender. In line with other results in the literature
(see Bergemann and van den Berg (2010) for an overview), we find that employment
effects of training are generally larger for women than for men. The finding that
program effects are generally larger for women than for men has been questioned
by Lechner and Wiehler (2009) whose analysis (using Austrian data) suggests that
positive effects might be overstated if women respond to prolonged unemployment
by adjusting their family planning behavior. While we cannot completely rule out
such an effect because of missing information on pregnancies in our data, we also do
not find heterogeneity in treatment effects for women below vs. above 40 years of
age, a finding which may be interpreted as indirect evidence against such an fertility
effect. Carrying out a further detailed analysis of effect heterogeneity, we do not
find much further heterogeneity along observed characteristics.

Finally, this paper also presents a careful sensitivity analysis examining to what
extent data and specification features influence our evaluation outcomes. We be-
lieve that such a sensitivity analysis conveys useful information about the adequate
design of evaluation studies for similar settings as ours. Our results suggest that
the most important feature of the employment history that should be controlled for
is the unemployment duration prior to treatment. Matching in addition on past
employment sequences and accounting for long histories of employment and benefit
information seems to play a surprisingly small role. Our results further indicate
that the availability of rich personal information, information on training programs
other than the ones in focus as well as the amount of specification search may have
a considerable impact on evaluation results. Surprisingly, personality variables and
information on caseworker assessments of various aspects made little difference for
our results as long as other personal characteristics and labor market histories were
controlled for. Finally, our sensitivity analysis shows that variations in the dynamic
definition of the control group may have strong consequences for evaluation results.
In particular, in line with Fredriksson and Johansson (2008), we find that confining
the control group to individuals who are never treated leads to considerably lower
estimates of treatment effects compared to a dynamic stratification that aims to
avoid conditioning on future outcomes.
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Figures

Figure 1: Active Labor Market Policies in Germany
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Figure 2: Employment Effects for STT vs. Searching
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post-treatment (≥ 0) months on the abscissa. Stratum 1 denotes entry into program during
months 0 to 3 of unemployment, stratum 2 during months 4 to 6, and stratum 3 during months 7
to 12.
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Figure 3: Employment Effects for CFT vs. Searching
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Note: Difference in employment rates is measured on the ordinate, pre-unemployment (< 0) and
post-treatment (≥ 0) months on the abscissa. Stratum 1 denotes entry into program during
months 0 to 3 of unemployment, stratum 2 during months 4 to 6, and stratum 3 during months 7
to 12.
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Figure 4: Employment Effects for PFT vs. Searching
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post-treatment (≥ 0) months on the abscissa. Entry into program during months 0 to 12 of
unemployment spell.
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Figure 5: Employment Effects for STT vs. CFT
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Note: Difference in employment rates is measured on the ordinate, pre-unemployment (< 0) and
post-treatment (≥ 0) months on the abscissa. Stratum 1 denotes entry into program during
months 0 to 3 of unemployment, stratum 2 during months 4 to 6, and stratum 3 during months 7
to 12.
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Figure 6: Employment Effects for CFT vs. STT
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Note: Difference in employment rates is measured on the ordinate, pre-unemployment (< 0) and
post-treatment (≥ 0) months on the abscissa. Stratum 1 denotes entry into program during
months 0 to 3 of unemployment, stratum 2 during months 4 to 6, and stratum 3 during months 7
to 12.

57



Figure 7: Employment Effects for STT vs. PFT and PFT vs. STT
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Note: Difference in employment rates is measured on the ordinate, pre-unemployment (< 0) and
post-treatment (≥ 0) months on the abscissa. Entry into program during months 0 to 12 of
unemployment spell.
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Figure 8: Employment Effects for CFT vs. PFT and PFT vs. CFT
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Note: Difference in employment rates is measured on the ordinate, pre-unemployment (< 0) and
post-treatment (≥ 0) months on the abscissa. Entry into program during months 0 to 12 of
unemployment spell.
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Figure 9: Earnings Effects for STT vs. Searching
−

40
00

−
20

00
0

20
00

40
00

−7y −6y −5y −4y −3y −2y −1y 0h 1h 2h 3h 4h 5h
Time

STT vs Searching, Males, Stratum 1

−
40

00
−

20
00

0
20

00
40

00

−7y −6y −5y −4y −3y −2y −1y 0h 1h 2h 3h 4h 5h
Time

STT vs Searching, Females, Stratum 1

−
40

00
−

20
00

0
20

00
40

00

−7y −6y −5y −4y −3y −2y −1y 0h 1h 2h 3h 4h 5h
Time

STT vs Searching, Males, Stratum 2

−
40

00
−

20
00

0
20

00
40

00

−7y −6y −5y −4y −3y −2y −1y 0h 1h 2h 3h 4h 5h
Time

STT vs Searching, Females, Stratum 2

−
40

00
−

20
00

0
20

00
40

00

−7y −6y −5y −4y −3y −2y −1y 0h 1h 2h 3h 4h 5h
Time

STT vs Searching, Males, Stratum 3

−
40

00
−

20
00

0
20

00
40

00

−7y −6y −5y −4y −3y −2y −1y 0h 1h 2h 3h 4h 5h
Time

STT vs Searching, Females, Stratum 3

Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 10: Earnings Effects for CFT vs. Searching
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Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 11: Earnings Effects for PFT vs. Searching
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Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 12: Earnings Effects for STT vs. CFT
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Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 13: Earnings Effects for STT vs. PFT and PFT vs. STT
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Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 14: Earnings Effects for CFT vs. STT
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Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 15: Earnings Effects for CFT vs. PFT and PFT vs. CFT
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Note: The abscissae measures pre-unemployment (< 0) and post-treatment (≥ 0) time intervals.
Pre-unemployment intervals cover a period of one year (=364 days), post-treatment intervals half
a year (=182 days). The difference in average real earnings (in Euro, reference year 2000) during
the corresponding time interval is given on the ordinate.
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Figure 16: Sensitivity Analysis 1: Employment History

Step 1: No exact matching on employment histories
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Step 2: In addition, no history sequence dummies in propensity score
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Step 3: In addition, the seven-year history information is dropped from in propensity score
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Note: The bold line refers to the alternative specification. The thin line and the confidence
interval refers to the benchmark specification.
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Figure 17: Sensitivity Analysis 1: Employment History

Step 4: In addition, everything related to benefit information dropped
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Step 5: In addition, no exact matching on unemployment duration
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Note: The bold line refers to the alternative specification. The thin line and the confidence interval
refers to the benchmark specification.
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Figure 18: Sensitivity Analysis 2: Rich Personal Information and Specification
Search
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Step 2: In addition, no rich personal information
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Note: The bold line refers to the alternative specification. The thin line and the confidence
interval refers to the benchmark specification.
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Figure 19: Sensitivity Analysis 3: Comparison with MTG and Information on Other
Programs

Comparison with specification similar to MTG
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Ignoring information on other programs
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Note: The bold line refers to the alternative specification. The thin line and the confidence interval
refers to the benchmark specification.
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Figure 20: Sensitivity Analysis 4: Future Participation

Excluding future participants from the beginning of stratum
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Excluding future participants from the month they enter a program
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Note: The bold line refers to the alternative specification. The thin line and the confidence interval
refers to the benchmark specification.
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Tables

Table 1: Average Expenditures per Participant in Short-Term Training, Further
Training and Retraining in Germany in 2000-2003

2000 2001 2002 2003
(1) (2) (1) (2) (1) (2) (1) (2)

Short-term
training

580 1,2 570 1,1 658 0,9 538 1

Further/retrain-
ing

1627 8,2 1668 9,3 1686 9,1 1555 10,5

– subsistence al-
lowance

1152 1178 1188 1156

– training costs 640 664 681 631
Note: Columns labeled with a (1) contain the average monthly expenditures (in Euro) per partic-
ipant, columns labeled with a (2) display the average duration of the program in months. Source:
Bundesagentur für Arbeit (2001,2002a-2004a).
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Appendix

7.1 Descriptive Statistics and Variable Description

Table 3: Entries into Active Labor Market Programs in Germany and West Germany
from 2000–2004 (in Thousand)

2000 2001 2002 2003 2004
Germany

Public sponsored training
programs∗

1,154 1,069 1,457 1,502 1,435

– Further/retraining 552 450 456 255 185
– Short-term training 477 565 877 1,064 1,188

Employment subsidies 459 465 538 808 909
Public Job Creation 314 246 217 189 166
Placement and advisory services 601 742 934 1,460 2,795
Specific measures for young
adults

446 496 447 389 408

Other 391 478 469 217 105

Total 3,365 3,496 4,062 4,565 5,818

West Germany
Public sponsored training
programs∗

770 643 972 985 958

– Further/retraining 338 261 273 161 124
– Short-term training 286 339 545 690 789

Employment subsidies 225 206 245 365 451
Public Job Creation 89 73 63 39 42
Placement and advisory services 279 296 375 640 1,447
Specific measures for young
adults

364 191 210 262 270

Other 125 370 289 17 85

Total 1,852 1,778 2,154 2,308 3,253
Source: Bundesagentur für Arbeit, Arbeitsmarkt 2002b-2005b, own calculations.
Note: Programs marked with a ∗ are the ones that are analyzed in the paper. All other programs
are not explicitly analyzed, but we take into account whether a person participated in such a
program when evaluating the programs we are interested in.

74



Table 4: Sample Sizes

Males Females
Stratum 1 (0-3 Months)

Searching 29351 18409
STT 912 693
CFT 389 344
RT 263 262

Stratum 2 (4-6 Months)
Searching 18529 12572
STT 547 409
CFT 251 194

Stratum 3 (7-12 Months)
Searching 10996 8421
STT 662 497
CFT 270 201

Aggregated Stratum 1 for PFT (0-12 Months)
Searching 25854 16060
STT 2120 1593
CFT 915 741
PFT 263 234
Searching : Being unemployed at the beginning of stratum and not having

started a program during stratum
STT : Short–term training
CFT : Classroom further training
PFT : Practical further training
RT : Retraining
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Table 5: Variable Definitions

Name Definition

female 1 if female, 0 otherwise
agegroup Dummies for the following agegroups: 1) 25 - 29 years,

2) 30 - 34 years, 3) 35 - 39 years, 4) 40 - 44 years, 5) 45
- 49 years, 6) 50 - 54

foreigner 1 if citizenship is not German, 0 otherwise
ethnicgerman 1 if ethnic German, i.e. returned settler from former

German settlements, 0 otherwise
qualification Dummies for the following categories: 1) no degree, 2)

vocational training degree, 3) university or technical col-
lege degree

schooling Dummies for the following categories: 1) no school-
ing degree, 2) Hauptschulabschluss or Mittlere Reife
/Fachoberschule (degrees reached after completion of
the 9th or 10th grade), 3) Fachhochschulreife or
Abitur/Hochschulreife (degrees reached after comple-
tion of the 12th or 13th grade)

health Dummies for the following categories: 1) no health
problems mentioned, 2) health problems but considered
without impact on placement, 3) health problems con-
sidered to have an impact on placement

pasthealth Same categories as health, but referring to the past two
years before the beginning of the unemployment spell

disabled 1 if disabled, 0 otherwise
land Ten categories for the West-German Bundesländer:

1) Schleswig-Holstein, 2) Hamburg, 3) Niedersachsen,
4) Bremen, 5) Nordrhein-Westfalen, 6) Hessen, 7)
Rheinland-Pfalz, 8) Baden-Württemberg, 9) Bayern,
10) Saarland

<continued on next page>
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Table 5: Variable Definitions <continued>

Name Definition

area Alternative regional classification aggregating the Ger-
man Bundesländer into 4 categories: 1) Schleswig Hol-
stein, Niedersachsen, Bremen, Hamburg; 2) Nordrhein-
Westfalen, 3) Hessen, Rheinland-Pfalz, Saarland; 4)
Baden-Württemberg, Bayern

region Classification provided by the Federal Employment Of-
fice of the district of residence into five groups accord-
ing to the local labor market conditions: 1) regions with
very bad labor market conditions, 2) metropolitan areas
with high unemployment, 3) regions with medium un-
employment, 4) metropolitan areas with very good labor
market conditions, 5) non-metropolitan areas with very
good labor market conditions

family Dummies for the following categories: 1) missing, 2)
living alone, 3) not married but living together with at
least one person, 4) single parent, 5) married

married Dummies for the following categories: 1) missing, 2)
married, 3) not married

child 1 if at least one child, 0 otherwise
youngchild 1 if at least one child younger than 10 years, 0 otherwise
occupation Dummies for the following categories: 1) missing, 2)

elementary occupations, 3) skilled agriculture and fish-
ery workers, 4) craft, machine operators, and related, 5)
service workers, 6) clerks, 7) technicians and associate
professionals, 8) professionals and managers

industry Dummies for the following categories: 1) agriculture,
forestry, fishing, 2) manufacturing, 3) construction, 4)
trade, transportation, restaurants, 5) finance, insurance,
accomodation, professional services, 6) public and pri-
vate Services

<continued on next page>
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Table 5: Variable Definitions <continued>

Name Definition

occhange Dummies for the following categories: 1) missing, 2) if
the person wishes to work in the same occupation as in
the last employment, 3) otherwise

parttime 1 if last employment was part-time, 0 otherwise
whitecollar Dummies for the following categories: 1) missing, 2) if

the previous employment was a white-collar job, 3) if it
was a blue-collar job

problemgroup 1 if participation in a program providing psychosocial
support within the last three years, 0 otherwise

onlyparttime 1 if information available that only part-time job is de-
sired, 0 otherwise

endlastjob Dummies for the following categories: 1) missing and
other reasons, 2) layoff, 3) voluntary quit, 4) fixed term
contract

quarter Quarter of the end of the last employment: 1) 1st quar-
ter 2000, 2) 2nd quarter 2000, 3) 3rd quarter 2000, 4)
4th quarter 2000, 5) 1st quarter 2001, 6) 2nd quarter
2001, 7) 3rd quarter 2001, 8) 4th quarter 2001, 9) 1st
quarter 2001

penalty 1 if the unemployed was suspended from benefits within
the last three years, 0 otherwise

motivationlack 1 if within the last three years there is information, that
the person did not appear regularly at the labor office,
on lack of cooperation, availability or similar, 0 other-
wise

pasttreatcancel 1 if in the past the person dropped out of a program, 0
otherwise

pastincapacity 1 if incapacity of work due to illness, parental leave, cure
or therapy within the last three years, 0 otherwise

<continued on next page>
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Table 5: Variable Definitions <continued>

Name Definition

proposals Number of placement proposals divided by the days
since the beginning of the unemployment spell and the
start date of the spell from which the information is
taken

dapp 1 if employed as apprentice within the last three years
before the beginning of the unemployment spell, 0 oth-
erwise

countemp, countub, coun-
tua, countsp, countoos,
countcontact

number of days within the last three years before the be-
ginning of unemployment spent in regular employment,
receiving unemployment benefits, unemployment assis-
tance, subsistance payments, out of sample, in contact
with the labor office, respectively

demp6, demp12, demp24,
demp6_12, demp12_24

1 if in regular employment 6, 12, 24, 6 and 12, and 12
and 24 months, respectively, before the beginning of the
unemployment spell

waged daily wage in the last job(s) before the beginning of the
unemployment spell

ddssec, ddcens, ddmarg Dummies if waged is censored: ddsec is 1 if earnings are
within the social security thresholds, ddcens is 1 if earn-
ings are above the social security threshold, ddmarg is
1 if earnings are below the social security threshold (the
social security threshold is the threshold below/above
which earnings are not subject to social security contri-
butions anymore)

lnwage, lnwagedsq log(waged) and log(waged) squared interacted with
ddssec

wage Total earnings in the last year before the beginning of
the unemployment spell

dssec, dcens, dmarg Censoring dummies referring to wage (see above)
lnwage, lnwagesq log(wage) and log(wage) squared interacted with dssec

<continued on next page>
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Table 5: Variable Definitions <continued>

Name Definition

ur_yb, ur_qb, ur_qb3,
ur_qb6, ur_qb12, ur_qb24

Unemployment rate in the individual’s home district in
the calendar year before the beginning of unemploy-
ment, in the last month of the quarter before the be-
ginning of unemployment, and in the last month of the
quarter before the beginning of the stratum, respectively

Note: If not mentioned otherwise, variables are defined relative to the beginning of the time window

of elapsed unemployment duration.
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Table 6: Descriptive Statistics for Selected Variables

Variable Mean SD Min Median Max
Males

age 36.90 7.72 25 36 53
foreigner .173 .379 0 0 1
schooling1 .124 .329 0 0 1
schooling2 .741 .438 0 1 1
schooling3 .135 .342 0 0 1
qualification1 .357 .479 0 0 1
qualification2 .591 .492 0 1 1
qualification3 .052 .222 0 0 1
countemp 801.05 287.08 86 873 1096

Females
age 37.94 7.89 25 37 53
foreigner .108 .310 0 0 1
schooling1 .072 .259 0 0 1
schooling2 .732 .443 0 1 1
schooling3 .195 .396 0 0 1
qualification1 .321 .467 0 0 1
qualification2 .606 .489 0 1 1
qualification3 .073 .259 0 0 1
countemp 776.92 312.86 86 845 1096

Table 7: Descriptive Statistics on Program Durations in the Analysis Sample

N Min Mean Median 75th Perc. 95th Perc. Max
STT 6158 1 1.6 1 2 3 24
CFT 2893 1 8.2 8 12 14 37
PFT 740 1 6.5 7 8 12 26
Total 10857 1 5.8 2 8 24 53
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Figure 21: Densities of Program Durations in the Analysis Sample
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7.2 Regression for Effect Heterogeneity

7.2.1 Test for Effect Heterogeneity

The following table reports the Wald-tests for effect heterogeneity. Concretely, we
test the joint significance of the coefficient estimates of the ex post outcome re-
gression in equation (4) for the interaction effects involving the treatment dummy
variable Di, i.e. we test the hypothesis H0 : δ = 0 based on the bootstrap estimates
for the variance–covariance matrix.

Table 8: Wald-Tests for Effect Heterogeneity

χ2-Test-Statistic (p-Value)
Stratum 1 Stratum 2 Stratum 3

STT, Males 14.95 (0.780) 22.02 (0.339) 19.75 (0.473)
STT, Females 23.81 (0.251) 16.02 (0.715) 20.38 (0.434)
CFT, Males 16.22 (0.703) 26.43 (0.152) 15.51 (0.747)
CFT, Females 8.10 (0.991) 21.96 (0.343) 15.64 (0.739)
PFT, Males 18.28 (0.559)
PFT, Females 35.72 (0.017)∗∗

Note: ∗∗∗ = statistically significant at 1 %, ∗∗ = at 5 %, ∗ = at 10 %, bootstrap standard errors.
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7.2.2 Mismatch Corrected ATT and Uncorrected ATT

The following table reports the estimated mismatch corrected ATT (γ, see equation
(4)) and the corresponding uncorrected ATT after matching for comparison. This
allows us to assess the quality of alignment of treated and control individuals with
respect to the covariates included in the ex post outcome regression.

Table 9: Mismatch Corrected ATT and Uncorrected ATT

STT, Males
Stratum 1 Stratum 2 Stratum 3

Corr. ATT with CI 0.005 [-.021, .030] 0.025 [-.009, .060] 0.037 [.007, .067]
Uncorr. ATT 0.004 (0.013) 0.026 (0.017) 0.037 (0.015)

STT, Females
Stratum 1 Stratum 2 Stratum 3

Corr. ATT with CI 0.021 [-.010, .052] 0.073 [.033, .112] 0.089 [.047, .131]
Uncorr. ATT 0.023 (0.016) 0.074 (0.020)∗∗∗ 0.088 (0.021)∗∗∗

CFT, Males
Stratum 1 Stratum 2 Stratum 3

Corr. ATT with CI -0.109 [-.148, -.070] -0.054 [-.100, -.007] -0.006 [-.050, .038]
Uncorr. ATT -0.104 (0.019)∗∗∗ -0.050 (0.025)∗∗ 0.002 (0.022)

CFT, Females
Stratum 1 Stratum 2 Stratum 3

Corr. ATT with CI -0.038 [-.086, .010] -0.036 [-.102, .031] -0.016 [-.075, .042]
Uncorr. ATT -0.036 (0.024) -0.035 (0.033) -0.010 (0.029)

PFT, Males
Stratum 1

Corr. ATT with CI -0.024 [-.083, .034]
Uncorr. ATT -0.013 (0.029))

PFT, Females
Stratum 1

Corr. ATT with CI 0.021 [-.037, .079]
Uncorr. ATT 0.030 (0.029)

Note: Outcome variable is the ATT averaged over the first 24 month since the beginning of
treatment. For the corrected ATT estimates we report as CI the 95% confidence interval.
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7.3 Future Participation

The following table shows the share of those in the searching group who will be
treated at some future point in time (i.e. within the next 35 months and in the same
unemployment spell).

Table 10: Future Participation

Males Females
Stratum 1 (0-3 Months)

No future treatment 80.19 80.48
Future treatment 19.81 19.52

Stratum 2 (4-6 Months)
No future treatment 77.34 79.73
Future treatment 22.66 20.27

Stratum 3 (7-12 Months)
No future treatment 78.99 85.20
Future treatment 21.01 14.80
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