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Abstract

Previous evaluations of job creation schemes (JCS) reveal mostly negative employ-
ment effects, mainly due to inherent lock-in effects. In this paper, we assess the
impact of an innovative JCS that employs a pre-selection mechanism to target pro-
gramme participation on unemployed job seekers with very low integration chances,
hereby reducing possible lock-in effects. Relying on high-quality administrative as
well as survey data, we conduct regression-adjusted matching analyses to estimate
the programme effect on integration into regular employment. Our results show that
the programme did not succeed to foster labour market integration, but still entails
remarkably negative employment effects in the first years after participation. We
argue that this results from a principal-agent problem at the last step of the selection
mechanism that may have led to cream-skimming rather than targeting on very hard
to place workers. However, supplementary analyses reveal that negative effects can
be avoided for subgroups with very poor employment chances in case of non-partic-
ipation. These results are robust to the use of different matching estimators and defi-
nitions of non-participation. The inclusion of usually unobservable survey variables
as well as placebo tests based on past employment outcomes refute concerns about
endogenous selection. From a policy-perspective, these findings imply that targeting
JCS on workers with very low integration chances is a key factor to avoid nega-
tive employment effects found in previous evaluations. At the methodological level,
our analyses add to recent literature that assesses the credibility of non-experimental
evaluations based on high-quality administrative data.
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Introduction

Since the mid-2000s, Germany has experienced a remarkable improvement in
labour market performance. After having reached its peak of 11.2% in 2005, the
unemployment rate has fallen to 4.6% within the following ten years, even initiating
a discussion on a new German miracle (Rinne and Zimmermann 2012; Caliendo
and Hogenacker 2012; Moller 2015). At the same time, despite more than half a
million of registered job vacancies (in 2015; OECD 2020), the number of (very-)
long-term unemployed workers remains rather high (Spermann 2015). Apparently,
a certain share of the long-term unemployed faces persistent difficulties in meeting
the demands of employers, even under favourable market conditions and many open
positions. !

Among others, this mismatch may result from a depreciation of skills during
long-term unemployment, increasing behavioural problems, or discouragement after
long periods of unsuccessful job search (DeLoach and Kurt 2013). In such dire cir-
cumstances, active labour market policy seems to be an appropriate tool to bring-
ing these individuals back to the labour market. Consequently, public job creation
schemes (JCS) have been heavily used in the past to restore basic cognitive and
behavioural skills of long-term unemployed workers. Providing basic skills required
in the labour market, they were supposed to function as a stepping-stone into regular
employment. However, previous research shows that JCS mostly fail to reach their
goal and even tend to worsen the chances to find regular employment (Thomsen and
Walter 2010; Hujer and Thomsen 2010; Wolff and Stephan 2013, for reviews see
Card et al. 2010 and Kluve 2010). While directly assessing the mechanisms behind
these negative effects is challenging, two frequently suggested explanations refer to
the low skill intensity of the JCS jobs as well as possible lock-in effects. As par-
ticipants often stop searching for regular employment, integration rates into regular
employment are lower compared to the hypothetical scenario of non-participation.

To address this inherent shortcoming of former JCS, Germany has initiated an
innovative programme aimed at increasing the acquisition of skills during the JCS
and preventing lock-in effects. The key idea is the use of a special selection mecha-
nism when choosing participants. Before becoming eligible for the JCS jobs, pro-
gramme participants undergo a period of intensified counselling and monitoring that
lasts for at least six months. Only those who cannot find a job within this period
are allowed to apply for the JCS jobs. Moreover, participation has been restricted to
unemployed workers who have received social assistance for at least one year before
programme start. In most cases, this implies a period of two years of unemployment.
This approach follows a rather simple yet (seemingly) convincing idea: By target-
ing the programme on very long-term unemployed workers and filtering those who

! The comparatively high share of long-term unemployed workers has been a reoccurring pattern in
the German labour market. It has been attenuated only temporarily in the second half of the last decade
(2015-2020). During the Corona crisis, the number of long-term unemployed job seekers has jumped
back quickly to over one million. The share of unemployed job seekers amounts to 35.1% in 2021
(Statista 2021).
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can find a job with more intense support, those who enter the JCS jobs would have
very low integration rates in case of non-participation anyway. Consequently, lock-
in effects lose their relevance and the programme is likely to have more favourable
effects. In other words: If counterfactual integration rates in case of non-participa-
tion are very low, the programme effect cannot be negative anymore.

In this paper, we wish to assess whether this innovative approach succeeds to
exert a positive influence on labour market reintegration. To this end, we follow pre-
vious evaluation research and employ a control group design to estimate the impact
of the programme on labour market integration. The control group consists of per-
sons who have undergone the activation period but did not participate in the JCS
afterwards. From a methodological point of view, this creates rather favourable con-
ditions for non-experimental evaluation because treatment and control group have
undergone the same pre-selection mechanism. Therefore, they can be assumed to
be rather similar to each other. Relying on high-quality register data, we perform
regression-adjusted matching/weighting analyses to estimate the average treatment
effect on the treated. To substantiate the validity and robustness of our results, we
rerun the analysis with additional (usually unobservable) variables on behavioural
and psycho-social characteristics. Moreover, we employ placebo tests based on past
employment outcomes (Heckman and Hotz 1989; Imbens and Rubin 2015).

Despite the innovative institutional setting, our results show that the programme
did again not succeed in improving employment chances. In contrast, programme
effects remain remarkably negative and reduce the probability to find regular
employment by up to 50% in the first years after programme start. These results
are robust to different methodological approaches (e.g. different matching/weight-
ing algorithms, different definitions of non-participation) and rarely change when
(usually unobservable) survey variables are included in the analysis. We argue that
this negative effect results from a principal agent problem at the last stage of the
selection mechanism. As JCS employers could select between different candidates,
the last step entails cream-skimming rather than effective targeting on unemployed
workers with little employment chances. At the same time, supplementary analy-
ses show that the effect is at least not negative for those participants who are in
a particularly disadvantaged labour market position. In sum, the idea of effective
targeting remains essential for more favourable programme effects, but the selection
mechanism employed here has not been rigorous enough. These results add to the
growing literature on policy measures for long-term unemployed workers in general
(Card et al. 2010; Kluve 2010; Arni et al. 2013; Arendt and Kolodziejczyk 2019)
and the impact of JCS in particular (Caliendo et al. 2004, 2005, 2008; Lechner and
Wunsch 2009; Hujer and Thomsen 2010). At the methodological level, our results
complement previous work that assesses the validity of non-experimental evalua-
tions based on high quality register data (Lechner and Wunsch 2013; Caliendo et al.
2017).

The remainder of the paper is organized as follows. We start by briefly review-
ing previous work on ALMP programmes, especially JCS. Subsequently, we explain
the institutional setting in more detail before we outline our empirical analyses. The
final section concludes with a short summary of the results and discussion on the
implications for policy-making and future research.
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Literature Review

There has been an increasing interest in the impact of JCSs since the end of the
1990s/ beginning of 2000s. Most of the early work focusses on East Germany
where JCS have been heavily employed as secondary labour markets after Ger-
man reunification. Overall, the results are rather negative, programme participa-
tion even reduces the chances of finding regular employment. Based on an admin-
istrative dataset, Lechner and Wunsch (2009) and Kraus et al. (2004) analyse
different JCSs from East Germany and find negative effects for all programmes.
Further research on East and West Germany conducted by Caliendo et al. (2004,
2005, and 2008), Hujer and Thomsen (2010) and Heyer et al. (2012) arrives at
the same conclusion. These microeconometric studies are complemented by a
macroeconomic evaluation conducted by Hujer and Zeiss (2005). The estimated
augmented matching function confirms a negative impact of an increasing inflow
into JCSs on inflow into regular employment at the aggregate level. Outside the
German context, JCSs have gained increasing importance in Switzerland towards
the end of the 1990s due to an exceptionally long period of economic stagnation
and rising unemployment. Gerfin and Lechner (2002) rely on administrative data
and provide empirical evidence for a wide range of different ALMPs. While the
overall results are quite mixed, JCSs are shown to insert a consistently negative
effect on employment probability within the first year after programme start. In
Sweden, ALMPs have always played an important role, regardless of the current
economic situation (for a comparative evaluation of different programmes see
Frolich et al. 2004 or Carling and Richardson 2004). Even though the economic
and institutional context strongly differs from the one in the aforementioned stud-
ies, the results (e.g. Sianesi 2008) again point to negative employment effects.
Apparently, the negative effect of JCS is a consistent finding regardless of the
economic circumstances. This general notion is confirmed by meta-analyses con-
ducted by Card et al. (2010), Kluve (2010) as well as Card et al. (2018).

These negative average effects raise the question of whether JCSs may at
least be beneficial for certain groups. Caliendo et al. (2004, 2005, 2008) have
made a start and distinguished the effects with respect to the usual suspects for
effect heterogeneity, namely region (East vs. West Germany), gender, and sector
of employment. While they do find significant differences for some sub-groups,
there is no clear-cut pattern across all analyses. A less ambiguous picture is
revealed by Caliendo et al. (2008) as well as Hujer and Thomsen (2010) with
respect to foregoing unemployment duration. Hujer and Thomsen (2010) stratify
their sample according to the number of quarters of unemployment and show that
the effect is less negative for persons with longer previous unemployment dura-
tion. This supports the argument that programmes are at least less detrimental to
persons with lower labour market attachment, as lock-in effects are less relevant
for this group.

Finally, it is worth looking at the magnitude and the temporal pattern of the
effects. The latter are typically negative right after programme start, and acceler-
ate up to a certain point in time, but get smaller (or sometimes even insignificant)
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towards the end or after the programme. The importance of lock-in effects
becomes apparent when comparing JCSs to activation programmes that have a
similar content but are less encompassing. Evaluations of the so-called One-Euro
jobs (a German workfare programme which offers temporary employment for a
short period of time (3—12 months) in exchange for low monetary compensation)
point to positive or at least mixed effects on re-employment chances (Huber et al.
2011; Hohmeyer 2012; Hohmeyer and Wolff 2012; Dengler 2015). At the same
time, it should be noted that negative effects of JCS often persist after the end
of the programme. Hujer and Thomsen (2010) analyse JCSs which typically last
for 12 months. They report a reduced employment probability of 9% points even
two years after programme start for short-term unemployed males. Similarly,
Sianesi (2008, p. 386) reports negative effects even five years after programme
start. Card et al. (2018) suggest that the slow recovery from the lock-in period
may come from the lack of appreciation of private employers to the experience or
skills gained in JCSs. This argument is supported by the more positive findings
concerning supplementary jobs in the regular labour market, which entail more
intense human capital accumulation as well as more positive signalling effects
(Mosthaf et al. 2021). The detected impacts of JCS are often large in magnitude.
Hujer and Thomsen (2010, p. 45) report negative employment effects of 20.8%
points six months after programme start (women: 28.8% points). Even for male
workers who enter the JCS during their fifth quarter of unemployment, the effects
amount to 15.8% points (women: 22.1% points). Results from other countries
fall in a similar range. Sianesi (2008, p. 386) reports negative short-term average
effects of more than 20% points, Lechner and Wunsch (2009, p. 685) estimate a
negative effect of about 25% points six months after programme start.

In sum, three conclusions can be drawn. First, JCSs tend to have large adverse
effects on employment outcomes for participants. Second, the effects are very strong
immediately after programme start but get weaker towards the end of the observa-
tion period. Finally, the effects differ between groups, especially with respect to fore-
going unemployment duration. However, it is important to note that the short-term
effects are still quite large, even for long-term unemployed workers. This implies
that the counterfactual employment probabilities in case of non-participation would
not have been that low. JCSs might therefore be more effective when targeted on
individuals with very low employment chances. Yet, previous evidence suggests that
targeting simply based on foregoing unemployment duration as the main or only cri-
terion of selection might not be sufficient to identify workers with low employment
chances. This raises the question whether there could be alternative selection mech-
anisms that can identify more suitable target groups.

Structure of the Programme
Following past experiences, Germany has initiated a new JCS (called “Biirgerar-
beit”’) with some distinct features aimed at overcoming the shortcomings of previ-

ous approaches. The programme under discussion has been run in Germany between
2011 and 2014 (the vast majority of entries into the JCS happened between January
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2011 and mid of 2012) with participating regions scattered throughout the country.
Similar to previous JCS, its basic idea is that unemployed workers get a publicly
financed job that has to be of public utility. These jobs are mostly located in the
public sector or at charity organizations and must not substitute regular employment.
The activities carried out range from social services (e.g. transport services for
charity organizations) to manual occupations or administrative tasks (for a detailed
description of the tasks see [AW and ISG 2015). The programme has offered 33,955
JCS jobs to unemployed job seekers who have received social assistance for at least
one year. This restriction implies that potential programme participants have mostly
been unemployed for at least two years. Consequently, potential programme partici-
pants consist of long-term unemployed job seekers with particularly unfavourable
employment histories. The JCS constitutes a regular employment contract subject to
social security contributions with a gross monthly wage of at least 900 Euros (30 h/
week, 600 Euros in case of 20 working-hours/week). The income can be combined
with social assistance if total household income remains below the social assis-
tance threshold. In case of a 30-h contract, total household income usually strongly
exceeds the one based exclusively on welfare benefit receipt. The duration of the
JCS ranges between one and three years.

Apart from these basic characteristics, there are two special features that make the
programme particularly interesting. First, the programme offers part-time rather than
full-time jobs. This guarantees that participants have sufficient time for job search in
the regular labour market. In addition, participants receive job-related, individual-
ized coaching. The coaching may cover personal problems as well as further training
for skills related to the labour market. Second and more importantly, selection into
the programme follows a special mechanism. Before participants can apply for the
JCS, they have to undergo a period of intensified counselling and monitoring lasting
at least for six months (activation period), in which they have to search for a job in
the regular labour market. During the activation period, the receive special support
by the local employment agencies that goes beyond basic services. Only if they can-
not find a job within the activation period, they can apply for the JCS. Those who
cannot find a JCS job continue to look for a job in the regular labour market without
special support. The idea of this pre-selection mechanism can easily be explained in
the spirit of the potential outcome framework (for a formal outline see subsequent
section): The causal effect of the programme is equal to the difference between the
outcome in case of participation and the hypothetical outcome in case of non-par-
ticipation. As previous research has shown, the (estimated) hypothetical outcome in
case of non-participation was not that low, leading to negative treatment effects due
to lock-in effects. Consequently, the programme might be more effective if it is tar-
geted on unemployed job seekers with very low or even no employment chances in
case of non-participation. As outlined in the literature review, previous research has
established that targeting based on observable characteristics such as region of resi-
dence or employment history alone is insufficient to avoid negative treatment effects.
The outlined pre-selection via the activation period can therefore be regarded as a
new attempt to target the JCS on workers with very low employment chances. On
the one hand, this avoids lock-in effects. On the other hand, this group is likely to
profit more from the basic skills offered by the programme. Previous research on

@ Springer



388 Journal of Labor Research (2021) 42:382-417

the activation period has confirmed that it indeed fosters exit into employment,
which means that it successfully filters out individuals who could find a job in a
relatively short period of time using increased activation and monitoring measures
only. In total, about 10% of participants at the activation period have found employ-
ment before the end of the activation period, which is 2.5% points higher than the
matched control group (IAW and ISG 2015; Fervers 2019).

While the institutional setting of the programme seems to be a promising
approach to tackle the shortcomings identified for JCS in the past, it should be noted
that its idea is partly undermined by the final step in the selection process of the
programme. In most cases, more than one (on average three) job seekers apply and
compete for one JCS job. The final hiring decision is made by the JCS-employer.
We argue that this mechanism essentially creates a principal-agent problem. Even
though JCS-employers may differ in their utility function from private employers,
with e.g. productivity of the employees being less important, they are still likely to
pick individuals with favourable personal characteristics and character traits. In con-
trast to the idea of the programme, this suggests that JCS-employers might not pick
applicants with particularly severe placement obstacles. In short, this mechanism
entails cream-skimming rather than targeting on hard-to-place workers.

At the methodological level, this creates additional challenges because it gives
rise to systematic selection. Given that employers select between different candi-
dates based on job interviews, they are likely to observe and base their decision on
characteristics such as motivation or communication skills. As these characteristics
are unobserved in administrative data, this might lead to endogenous selection. At
the same time, it should be considered that the institutional setting is rather favoura-
ble for non-experimental evaluation, as the group that is split into treatment and con-
trol group consists of rather homogenous individuals. Selection into the JCS after
the activation period only occurs in the advertisement for the JCS jobs. Whether the
unemployed job seekers choose to apply for a JCS job is likely to depend on several
exogenous factors that are unrelated to his or her (possibly unobserved) character-
istics. These include the overall availability or number of JCS-jobs in the particular
region or the fit between the available jobs and his or her job preferences. Neverthe-
less, we will carefully assess the CIA by both placebo tests as well as the inclusion
of (usually unobservable) control variables that capture unobserved character traits
(see robustness section).

Empirical Analysis

Research Design, Data and Estimation

Research Design

Following previous econometric evaluation research, we rely on a control group
design to estimate the treatment effect of the programme. In the terminology of

the potential outcome framework (Rubin 1974; Rubin and Imbens, 2015), the
treatment effect on the treated 7,, can be defined as the difference between the
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outcome that has been realized in case of participation (Y') and the hypothetical
outcome in case of non-participation (Y°). In expectations, this can be expressed
as Tyrp = E[Yl.1 - Yi0|D =1]. As Y? cannot be observed, a control group is used to
estimate the treatment effect by comparing observed outcomes of the treatment and
control group. Estimating the treatment effect by comparing observed outcomes
hinges on the assumption that potential outcomes of treatment and control group
would be the same under a certain treatment condition, i.e. that treatment status is
independent from potential outcomes (DiJ_YiO, Y"). As we rely on a rich set of covar-
iates, this assumption can be relaxed to the conditional independence assumption
(CIA; D, 1Y, 0. Y'|X,). Applying this framework to our research question, this implies
that we compare the employment outcomes of the treatment and a control group
after treatment start. Doing so, we assume that any selection into the programme is
due to observable variables. Considering the institutional setting, this assumption is
far from trivial. Given that JCS employers pick between different candidates, it is
rather likely that there will be selection on observables, but possibly also on unob-
servables. We are therefore well advised to assess the credibility of the CIA by all
possible means (see section on estimation).

Data and Variables

The most important data sources are the Integrated Employment Biographies
(IEB) that consist of the social security records of participants. The data contain
detailed information on past employment biographies. This includes all spells of
employment, unemployment and programme participation. The IEB are therefore
commonly used in labour market research in the German context (for a detailed
description see Dorner et al. 2010 and Biewen et al. 2014). In total, we have
access to a random sample of 63,743 individuals who participated in the acti-
vation period but were still unemployed at its end. 12,207 of these individuals
became employed in the JCS (treatment group), the remaining 51,536 individuals
kept looking for a job without special support (control group). From the social
security records, we code dummy outcome variables that indicate whether some-
one has been employed at a certain point in time after the (non-) treatment start
(coded in 30 days intervals). Employment is defined as having an unsubsidized
job in the regular labour market, i.e. a job that entails social security contribu-
tions but is not part of another ALMP scheme. In addition, the social security
records contain a rich set of information that are used as covariates. The first
group of covariates includes basic socio-demographic information such as educa-
tion, age, family status, foreign nationality, number of persons in the household,
having children in a certain age and having health problems. Second and most
importantly, we count the number of months in the respective employment state
in the last, second to fourth, and fifth to seventh year before programme start plus
a dummy variable indicating whether someone has ever been employed during
the last seven years. Finally, we include information on certain aspects of previ-
ous employment and programme history such as complexity of last job, blue vs.
white collar worker, sector of the industry, drop out from/successful completion
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of an ALMP programme and the subjective assessment of the counsellor in the
employment agency on future employment prospects. In addition to the individ-
ual-level variables, we rely on official statistics on the local unemployment rate,
employment rate, GDP and population density on the county level. All in all, this
data reflects the state-of-the-art in non-experimental evaluation studies (Lechner
and Wunsch 2013).

Due to the institutional setting, one might still be concerned that register data
alone may be insufficient. Given the assignment mechanism, Caliendo et al. (2017)
have shown selection into ALMPs might also be due to variables such as personal
reliability, communication skills, motivation or related aspects that are observable in
a job interview but not included in the register data. Therefore, we have conducted
a short survey for potential participants in the JCS, i.e. individuals at the end of the
activation period. Survey variables include self-assessed personal skills, particular
social-psychological problems, application behaviour and willingness to make con-
cessions to find a job (e.g. acceptance of commuting time or shift work) and support
by institutions or the peer group (family and friends). These variables serve as meas-
urement for individual motivation, search intensity, existence of further placement
obstacles, and personality. To limit the number of variables included in the propen-
sity score estimation, we have used principal component analyses to reduce the item
batteries used in the survey into one or two indicator variables each. The number of
resulting indicators is determined by the value of the eigenvalues.

Finally, we have coded treatment status in two different ways, the dynamic match-
ing (see Biewen et al. 2014) and the hypothetical start date approach (Lechner
1999). The definition of non-treatment is a non-trivial issue in two regards. First, if
treatment assignment is dynamic rather than static, it is controversial how units of
observation that are not treated at the very beginning shall be dealt. Second, if one
limits the control group to persons who never participate, the start of non-treatment
has to be defined. In the econometric literature, two approaches have been devel-
oped to address these problems. The hypothetical start date approach restricts the
control group to persons who never participate. While this avoids the problem of
treated persons becoming part of the control group, control observations still have
to be assigned a start date of non-treatment. To keep the temporal pattern between
treatment and control group symmetrical, we have generated a random variable that
mirrors the transition pattern of the treatment group from the activation period to
the start of the JCS job. We hereby make sure that—at the start of treatment/non-
treatment—treatment and control observations have spent the same amount of time
being at risk before treatment start. The distribution of the random variable is given
in Fig. 6. While this approach has the advantage of comparing treated units to units
who do not receive the same treatment at any point in time, it has been criticized
for conditioning on future outcomes. In our setting, this might entail a downward
bias of the treatment effect estimates as the chance of never being treated in the
future increases if someone finds a job in the regular labour market. Therefore, the
dynamic matching approach proceeds in a different way and compares all persons
who start the treatment in a certain period of time to all persons who did not, regard-
less of their treatment status in the future (the not-yet treated, see Dauth and Toomet,
2016). We therefore stratify our sample in monthly intervals. Those who start the
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treatment in a certain month are defined as treatment group, all eligible unemployed
job seekers who did not start the treatment in the respective month are defined as
control group. In the estimation, all monthly samples are pooled together.

A complete list of all variables including summary statistics is outlined in
Tables 1 (register variables) and 2 (survey variables). Overall, the descriptives
reinforce that the group of unemployed job seekers are characterized by rather low
labour market attachment. This results from the pre-selection due to the activation
period as well as the selection into the activation period, as individuals with rather
unfavourable characteristics have participated here (see Fervers 2019).

Estimation

We apply regression-adjusted matching estimations. For sake of robustness, we
employ two different matching estimators that have performed well in previous
validation studies, namely radius matching as suggested by Huber et al. (2013) and
entropy balancing developed by Hainmueller (2012). For both algorithms, we check
the matching quality by assessing standardized bias for all covariates before and after
matching. As the results from the propensity score estimations (see Table 3) suggest,
there is some but no strong covariate imbalance before matching. Participants tend to
be older, have a higher level of education, are less often foreign nationals and come
more frequently from the medium categories of the subjective placement assessment
by the caseworkers. However, covariate imbalance is limited (propensity score esti-
mation pseudo R?=0.16), which (together with the high number of available control
units) refutes concerns about thin common support. Correspondingly, both match-
ing algorithms succeed to strongly minimize covariate imbalance after matching to
a sufficient degree. For radius matching, mean bias is reduced from 10.8 to 3.9 in the
baseline specification (median bias from 7.8 to 3.0; for a summary of standardized
bias before and after matching see Fig. 7). Given the high number of observations and
weak to medium selectivity of the treatment, it comes as no surprise that differences in
the results between both estimators are limited in all specifications.

While checking matching quality is straightforward, assessing the credibility of
the underlying assumptions is more difficult. Since the CIA is fundamentally untest-
able, we proceed in three ways to test its credibility in an indirect way. First, we
follow the approach suggested by Caliendo et al. (2017) and conduct the analysis
twice, with and without survey variables on motivation, search intensity and person-
ality. As the survey variables are only available for a subsample, we check whether
possible differences could be due to sample selection by repeating the analysis a
third time without survey variables but only with observations for whom survey
variables are available. The idea behind this approach is to check the sensitivity of
the results for usually unobservable variables after conditioning on information from
the register data. If results rarely change, it seems more reasonable to argue that
the results would not change if even more variables are conditioned on, either. This
implies that a hidden selection bias is less likely. Second, we follow the approach
suggested by Heckman and Hotz (1989) and reinforced by Rubin and Imbens (2015)
and perform a series of placebo tests on past employment outcomes. To this end,
we define the number of months in employment in the time span ten to nine, nine to
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eight and eight to seven years before programme start as placebo outcome variable,
respectively (these variables are not used as covariates in the matching analysis).
We then repeat our analyses with the placebo outcomes as dependent variables. Sig-
nificant effects would point to persistent unobserved differences between groups, as
the placebo effects cannot be explained by a treatment that has taken place several
years later. We conduct the placebo tests for the estimations with and without the
survey variables with both outlined matching algorithms. Third, we conduct a series
of estimations that relax the CIA when external instruments are not available. These
estimation techniques have been developed and discussed in Chen and Wang (2020),
Millimet and Tchernis (2013) as well as McCarthy et al. (2014).

Finally, one might worry about interference between units. The stable unit value
assumption (SUTVA) might be violated in case of substitution effects when treated
workers replace non-treated workers. However, the SUTVA has already been
assessed in previous evaluations of the activation period by comparing employment
outcomes from unemployed non-participants in participating and non-participating
regions in a difference-in-differences framework (Fervers 2019). The estimated
substitution effect is almost zero and insignificant for all points in time (including
time spans in which the JCS has already started) after programme implementation.
It should be noted that this test has a very high statistical power as the number of
observations exceeds 200,000. We therefore feel safe in assuming that substitution
effects play a minor role in this programme.

Results

Figure 1 summarizes the results of the treatment effect estimations based on radius
matching (left panel) and entropy balancing (right panel). The lower panel shows
the results for dynamic matching. The treatment effect gets negative right after the
start of the programme and accelerates during the first 18 months. In absolute terms,
the treatment effect estimated by the hypothetical treatment start date approach
reaches up to — 9.2% points. Given that absolute integration rates of the matched
control group remain below 20% throughout the observation period, this trans-
lates into a remarkably strong relative effect. Considering that programme duration
ranges between one and three years, the observation period can at least be regarded
as medium-run analysis. It should be noted that not all persons can be observed until
the end of the observation period. Since some observations are censored after more
than 18 months, the long-run effects have to be interpreted with some care. Never-
theless, the size of the treatment effect within the first 18 months render positive
effects on cumulated integration rates even in the very long-run rather unlikely. This
holds true in particular due to the rather high age of participants that limits the pos-
sibilities to achieve long-run returns.

From a methodological point of view, it is worth noticing that differences
between both matching estimators are negligible. Moreover, matching quality
appears to be rather good, with standardized biases below 5% for almost all vari-
ables (median bias for radius matching (360 days after programme start)=3,1).
The small difference between radius matching and entropy balancing (where
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Fig.1 ATT on labour market integration, estimated by radius matching (left panel) and entropy balanc-
ing (right panel), hypothetical start date approach. The lower part shows the results of dynamic matching.
Estimated treatment effects at different points after programme start. Integration measured as having a
non-subsidised job in the first labour market subject to social security. Source: Integrated Employment
Biographies (V11.01.00), own calculations

standardized biases are almost zero for all variables by construction) further refute
concerns that the small remaining imbalances play a major role for the estimated
treatment effects. More importantly, the differences between the two approaches
to defining non-treatment are very small, too. The comparatively small difference
is likely due to the large share of the treatment group which enters the treatment
in the first months after the end of the activation period. Therefore, the difference
between the two approaches are smaller compared to settings where selection into
treatment is less densely distributed and more spread out over a longer time span.

The results are fairly similar to the ones of previous research on JCS, both
in terms of the direction of the effect as well as the temporal pattern. The nega-
tive effects are particularly strong at the beginning but get weaker over time, sug-
gesting that lock-in effects play a major role. This reinforces the concern that the
idea of the programme was not implemented successfully. Treated units would
have had a non-negligible chance of finding a job without treatment participation,
implying that the targeting mechanism was not implemented rigorously. At the
same time, comparing the magnitude of the effect to the one of previous inter-
ventions reveals that it tends to be slightly weaker. As outlined in the literature
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section, Hujer and Thomsen (2010) report negative employment effects of over
20% points on average for a JCS in Germany, and over 15% points for those who
have entered the programme during their fifth quarter of unemployment. The
impact estimates reported in our study are substantially smaller. It has to be con-
sidered that comparisons of treatment effects between programmes have to be
drawn with some care, as the programmes may not only differ in their specific
rules and implementation, but also in terms of the institutional setting and/or the
macroeconomic conditions. As the latter could affect the effect of the programme
in turn, differences between impact estimates cannot easily be ascribed to differ-
ences in the content and implementation of the programmes themselves. Never-
theless, the comparison suggests that the special institutional feature might have
contributed to a weaker treatment effect. At the same time, the selection might
not have been rigorous enough in order to avoid lock-in effects completely.

At the same time, it is still possible that the programme has a positive effect
at least for those programme participants who are in a particularly disadvan-
taged position. Therefore, we repeat the analysis for five subgroups that are dis-
tinguished according to the subjective assessment of their future labour market
prospects made by their counsellor at the local employment agency. Figure 2
summarizes the results starting with the group with the most optimistic assess-
ment (upper right panel) to the least optimistic assessment (lower right corner).
The upper left corner again shows the results for the whole sample for sake of
comparison.

As expected, the results are even more strongly negative for participants with
more optimistic assessments by the caseworkers, but close to zero or even positive
(at some points in time) for the two groups with the least optimistic one. Appar-
ently, filtering out individuals by means of the outlined pre-selection mechanism as
such seems to be insufficient. However, additionally focussing on those with low
integration chances based on the subjective assessment at least avoids negative
effects. Once again, these results are qualitatively robust when using entropy balanc-
ing instead of radius matching (see Fig. 8). The importance of targeting is further
substantiated by looking at the estimated outcome means for the control group (see
Fig. 9). The control group from the two highest categories (subjective assessment:
very good/good) reaches integration rates of 22% after 360 days. Considering that
participants often stop looking for regular employment during the JCS, negative
programme effects can rarely be avoided for groups with positive or very positive
assessment. In contrast, the control group with mixed, bad and very bad assessment
reaches integration rates of about 8, 3 and 2%, suggesting that lock-in effects play a
minor role for those with a bad or very bad subjective assessment.

It is worth noticing that we arrive at a similar conclusion if we distinguish
the sample with respect to previous employment history (e.g. having ever been
employed during the last seven years, see Fig. 3). However, the effects remain nega-
tive even for individuals with long and continuous unemployment spells. Appar-
ently, filtering out the suitable target group has to rely on a more complex procedure
rather than just one straightforward criterion such as unemployment experience.
This finding is again reinforced by the integration rates of the control group, which
still amount to 8% for those without employment in the last seven years.
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corner) to the worst assessment. Estimated outcome

means for the control group after 360 days are 0.22 (very good), 0.22 (good), 0.08 (mixed), 0.03 (bad)
and 0.02 (very bad). Source: Integrated Employment Biographies (V11.01.00), own calculations

Robustness and Sensitivity Analyses

As outlined in the previous sections, the results appear to be robust with regard to

different estimation techniques, but may

still be subject to endogenous selection.
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We therefore repeat the analysis for the subsample of individuals who partici-
pated in the additional survey (see Fig. 4).

The left panel shows the results for the estimation with survey variables, the
right one compares the estimation with the large sample and the survey sample
without additional variables to check whether possible differences are due to
sample selection of survey participation. At first glance, the new variables seem
to matter as the treatment effect gets even more negative. However, comparing
this estimation with the one with the survey sample without additional variables
reveals that this difference is entirely due to sample selection. If the analysis is
restricted to the small sample, the effects with and without the additional var-
iables rarely differ. The underestimation of the effects in the survey sample is
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grated Employment Biographies (V11.01.00) and IAW employee survey, own calculations

due to an overrepresentation of individuals with higher labour market attachment
(shorter cumulated unemployment in the past, higher education and qualifica-
tion, more favourable subjective assessment of future labour market chances), for
who the negative treatment effect is stronger. In this regard, it can be concluded
that conditioning on further covariates does not change the results. From a meth-
odological point of view, this finding implies that endogenous selection may be
weaker than expected and substantiates the credibility of the CIA. This comple-
ments the findings of Caliendo et al. (2017) who confirm that additional (usu-
ally unobservable) variables on psycho-social characteristics do not matter if high
quality register data are available, even though these additional variables appear
to predict programme participation (propensity score estimation with survey vari-
ables see Table 3). It is worth noticing that Caliendo et al. (2017) do report some
differences for wage subsidies where employers are involved in the selection
process. While employer selection plays a role in our institutional setting, too,
we may arrive at different results here since JCS employers may have a differ-
ent utility function and might therefore be less selective. Moreover, the problem
of endogenous selection might be weakened by exogenous factors that determine
participation in the JCS. Since the number of observations with survey informa-
tion is considerably lower, it is worth noting that differences between matching
estimators remain limited and both algorithms still achieve sufficient matching
quality (Fig. 9).

To substantiate the credibility of our research design even further, we have con-
ducted a series of placebo tests. To this end, we define the number of months in
employment in the time span between eight and seven, nine and eight and ten and
nine years before programme start as outcomes. The employment biography used as
covariates lasts until seven years before treatment start, i.e. the placebo outcomes are
not used as matching variables. As Fig. 5 shows, the placebo effects are close to zero
and significant for all three placebo outcomes, regardless of whether survey vari-
ables are included or not. In this regard, the sensitivity test with additional variables
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and the placebo test are consistent in reinforcing the credibility of the CIA in our
setting (Table 4).

Moreover, we have implemented two recent estimation techniques that may be
suitable when the conditional independence assumption is violated but external
instruments are not available. These methods have been developed and implemented
earlier in Chen and Wang (2020), Millimet and Tchernis (2013) as well as McCarthy
et al. (2014). The first method (referred to as minimum-biased estimator by Millimet
and Tchernis 2013) restricts the sample to observations close to the bias-minimizing
propensity score. It hereby reduces the number of observations (loss of efficiency)
but also reduces possible biases. The bias-corrected approach extends the minimum-
biased approach further by introducing a bias-correction procedure. In a nutshell, it
constructs internal instruments by exploiting heteroskedasticity of the error term for
identification. The results (see Table 5) point in the same direction, the treatment
effect remains strongly negative (point estimates are much larger, but inflated point
estimates are common within this method (see McCarthy et al. 2014 for an in-depth
discussion and empirical examples). These results confirm that the negative treat-
ment effects are not driven by negative unobserved selection into treatment.

Summary, Discussion and Conclusion

This paper has assessed the impact of a recent, large-scale, and innovative JCS in
Germany. Employing a special selection mechanism, the JCS under discussion
aimed at overcoming the shortcomings of previous JCS. In particular, targeting very
hard to place individuals was supposed to avoid lock-in effects, as integration rates
of the target group would have been very low in case of non-participation. Despite
this innovative approach, the average treatment effect appears to be strongly nega-
tive. We argue that this is partly due to the involvement of JCS employers in pick-
ing participants, as employers are likely to choose participants with more favourable
characteristics. At the same time, distinguishing with respect to the assessment of
future labour market chances as estimated by the caseworkers in the local employ-
ment agencies shows that the treatment effect is at least not negative for job seekers
with particularly low labour market attachment. These findings are robust to the use
of different matching algorithms. Moreover, placebo tests as well as the inclusion of
usually unobservable survey variables refute concerns about endogenous selection.
Thinking about implications for future research and policy-making, the results
reveal an ambiguous picture. On the one hand, it has to be admitted that targeting
JCS via employment history alone or the outlined pre-selection mechanism appears
to be insufficient. Other labour market programmes such as training programmes
or subsidized employment, which have been shown to foster labour market inte-
gration of certain groups (Brown and Koettl 2015; Bellmann et al. 2018; Ahmad
et al. 2019), do not seem to be suitable for job seekers with very low labour market
attachment. AS a result, supporting the reintegration of very hard to place workers
in the labour market remains an unsettled issue. On the other hand, our sub-group
analysis reveals that JCS may still be an option if the targeting strategy succeeds to
identify job seekers with very little employment chances. Doing so, it appears to be
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necessary to reinforce the targeting at all stages of the selection process. While the
explicit involvement of JCS-employers (as in our case) may be a special scenario at
first glance, cream-skimming may be a relevant problem in other contexts, too. To
ensure effective targeting, future JCS could either avoid the involvement of employ-
ers or create incentives to choose hard-to-place workers. It has to be left to future
research to what extent such approaches could be successful. At the methodological
level, our results complement previous research that has reinforced the credibility
of the CIA if high quality register data are available. While experimental research
in labour economics is growing, this suggests that observational studies can still be
a reliable source for policy advice. Considering that random assignment may not
be an option or not feasible in some cases, this suggests that further developing and
employing non-experimental methodology should not be regarded as a dead end.

Appendix

See Figs. 6, 7, 8,9 and 10 and Tables 1, 2, 3, 4, and 5..

Table 1 Summary statistics for outcomes and covariates of treatment and control group

Treatment group Control group Sig-
nificance of
difference

Variable Mean SD min  max N mean  SD min  max N

Participant 1 0 1 1 12,207 0 0 0 0 51,536

Education: low 0.2 0.4 0 1 12,207 0.26 044 0 1 51,535  **

Education: high  0.67 047 0 1 12,207 0.6 049 0 1 51,535  **
school degree

Education: col- 0.05 022 0 1 12,207 0.04 019 0 1 51,535  **
lege degree

Age group: 0.08 027 0 1 12,207 0.19 0.4 0 1 51,536  **
25-29

Age group: 30 0.1 0.3 0 1 12,207 0.14 035 0 1 51,536 **
to 34

Age group: 40 019 039 0 1 12,207 0.17 038 0 1 51,536 **
to 44

Age group: 45 0.26 044 0 1 12,207 0.19 039 0 1 51,536 *
to 49

Age group: 50 0.2 0.4 0 1 12,207 0.14 034 0 1 51,536  **
to 57

Age group: 58 0.05 022 0 1 12,207 0.03 0.17 0 1 51,536 **
and older

Married 0.33 047 0 1 12,207 0.33 047 0 1 51,536

Divorced/wid- 0.25 043 0 1 12,207 0.22 041 0 1 51,536 **
owed/separated

Migration back-  0.05 023 0 1 12,207 0.11 031 0 1 51,536 **
ground

Health problems ~ 0.26 044 0 1 12,207 0.24 043 0 1 51,528  **

Blue collar 0.02 0.14 0 1 12,207 0.24 043 0 1 51,536 **
worker
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Table 1 (continued)

Treatment group Control group Sig-
nificance of
difference

Variable Mean SD min  max N mean  SD min  max N
Professional edu- 0.49 0.5 0 1 12,207 0.53 0.5 0 1 51,536  **
cation: none

Required educa-  0.34 047 0 1 12,207 0.31 046 0 1 51,536  **
tion: missing

Complexity of 0.69 046 0 1 12,207 0.68 046 0 1 51,536

last job: basic

Complexity 0.08 027 0 1 12,207 0.07 026 0 1 51,536 *
of last job:

complex

Complexity of 0.1 0.3 0 1 12,207 0.1 0.3 0 1 51,536

last job: highly

complex

Sector of the 0.44 0.5 0 1 12,207 0.41 049 0 1 51,536 *
industry:

production

Qualification 0.05 022 0 1 12,207 0.05 022 0 1 51,536
match

daily wage of 23.67 11.86 0 371.59 12,201 23.65 1724 0 1881.6 49,699
last job

Special status 0.11 0.31 1 12,207 0.16 0.37 1 51,536 **
Relaxed ben- 0.01 0.09 1 12,207 0.02 0.13 1 51,536 **
efit entitlement

condition (1)

Relaxed ben- 0.06 023 0 1 12,207 0.05 021 0 1 51,536 **
efit entitlement

condition (2)

Previously 0.03 0.18 0 1 12,207 0.05 022 0 1 51,536 **
terminated

programme

participation

Previously 0.71 046 0 1 12,207 0.63 048 0 1 51,536  **
completed

programme

successfully

Result of ALMP:  0.25 043 0 1 12,207 0.31 046 0 1 51,536 **
missing

Has child below  0.02 0.12 0 1 12,207 0.04 0.19 0 1 51,536 **
age 3

Has child aged 0.03 0.16 0 1 12,207 0.04 0.2 0 1 51,536 **
3t06

Has child aged 6  0.06 024 0 1 12,207 0.08 027 0 1 51,536 *
to 10

Has child aged 10 0.09 028 0 1 12,207 0.1 0.3 0 1 51,536 **
to 15

N persons in 0.25 043 0 1 12,207 0.22 0.41 0 1 51,536  **
household: 2

N persons in 0.13 034 0 1 12,207 0.14 035 0 1 51,536 *

household: 3
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Table 1 (continued)

Treatment group

Control group

Variable Mean SD min  max

N

mean  SD

N

Sig-
nificance of
difference

N persons in 0.08 026 0 1
household: 4

N persons in 0.04 0.2 0 1
household: 5

Lone parent 0.17 038 0 1
Subjective 0.03 0.16 0 1

assessment:

Very good

Subjective 0.48 0.5 0 1
assessment:
mixed

Subjective 0.21 041 0 1
assessment:
bad

Subjective 0.15 036 0 1
assessment:
very bad hard
to place

Subjective 0.03 0.16 0 1
assessment:
missing

Common 0.04 019 0 1
administration
municipality/
employment
agency

12,207

12,207

12,207
12,207

12,207

12,207

12,207

12,207

12,207

0.09 0.29

0.06 0.24

0.17 0.38
0.08 0.27

0.32 0.47

0.17 0.38

0.15 0.36

0.1 0.3

0.06 0.23

51,536

51,536

51,536
51,536

51,536

51,536

51,536

51,536

51,536

Hok

B

ek

sk

sk

Region of resi- 0.07 026 0 1
dence: Bavaria

Region of 009 028 O 1
residence:
Brandenburg

Region of resi- 0.03 0.17 0 1
dence: Hessen

Region of 0.07 025
residence:
Lower Saxony/
Bremen

Region of resi- 0.12 032 0 1
dence: North

Region of 009 029 0 1
residence:
Northrhine-
Westfalia

Region of 0.1 0.3 0 1
residence:
Rhineland-
Palatinate/
Saarland

Region of resi- 0.1 0.3 0 1
dence: Saxony

12,207

12,207

12,207

12,207

12,207

12,207

12,207

12,207

0.13 0.34

0.06 0.24

0.04 0.21

0.07 0.26

0.09 0.28

0.09 0.29

0.07 0.25

0.06 0.25

51,536

51,536

51,536

51,536

51,536

51,536

51,536

51,536

sk

kK

sk

sk

ek
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Table 1 (continued)

Variable

Treatment group

Control group

Mean

SD

min

max

mean

SD

min

max

Sig-
nificance of
difference

Region of resi-
dence: Lower-
Saxony-Anhalt/
Thuringia

ESF special
region: yes

Months employed
1 year before
program start

Months employed
24 years
before program
start

Months employed
5-7 years
before program
start

Months unem-
ployed 1 year
before program
start

Months
unemployed
24 years
before program
start

0.29

0.57

0.35

9.24

26.73

0.46

0.5

529

9.56

36

36

36

12,207

12,207

12,207

12,207

12,207

12,207

12,207

0.32

0.5

0.36

2.68

4.18

9.53

25.01

0.47

0.5

1.48

3.62

11.27

12

36

36

36

51,536

51,536

51,536

51,536

51,536

51,536

51,536

Hok

ke

dok

sk

ek

sk

Months
unemployed
5-7 years
before program
start

Months in ALMP
program 1 year
before program
start

Months in ALMP
program
2—4 year before
program start

Months in ALMP
program
5-7 year before
program start

Ever been
employed in
last seven years

Regional UE rate

@ Springer

16.25

0.45

8.35

0.43

8.12

3.92

8.02

0.49

33

3.1

36

36

36

17.4

12,207

12,207

12,207

12,207

12,207

11,985

14.61

0.55

1.94

6.43

0.45

10.0

8.98

7.66

0.5

33

3.1

36

12

36

36

17.4

51,536

51,536

51,536

51,536

51,536

50,603
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sk

ek

sk

ek
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Treatment group Control group Sig-

nificance of
difference

Variable Mean SD min  max N mean  SD min  max N

Regional employ- 50.5 3.6 38.8 59.1 11,985 50.3 3.6 38.5 59.1 50,603  **

ment rate

Regional Popula- 0.73 0.76 0.04 44 11,933 0.81 078 0.04 44 49,463 **

tion density (in

thousands)

Regional GDP(in  53.8 73 42.7 79.0 12,093 54.2 7.9 427 79.0 50,922 k*

thousands)

Unemployment 55.3 2652 6 111 12,042 4994 2693 6 114 50,461  **

duration before
program start

Stars indicate level of significance (*p <0.05; **p<0.01)

Source: Integrated Employment biographies (V11.01.00); own calculations
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Table 3 Propensity score estimation at different points in time after treatment start

(180 days) (360 days) (720 days) (1080 days)

Level of education: 2 —0.0133 —0.0162 —0.0229 —0.0403
(0.0265) (0.0267) (0.0274) (0.0398)
Level of education: 3 0.1226""  0.1200™"  0.1172""  0.1227"
(0.0255) (0.0256) (0.0263) (0.0379)
Level of education: 5 03565 0.3545™"  0.3440"™"  0.3506™"
(0.0440) (0.0442) (0.0453) (0.0655)
Age group: 25-29 —0.3066™" —03039"" —0.3283"" —0.3675""
(0.0298) (0.0300) (0.0309) (0.0451)
Age group: 30 to 34 —0.0916™"  —0.0902"" —0.1043"" —0.1346"
(0.0272) (0.0274) (0.0282) (0.0414)
Age group: 40 to 44 0.0921°"  0.0915™  0.0829™"  0.1272™"
(0.0241) (0.0243) (0.0249) (0.0361)
Age group: 45 to 49 0.1701°"  0.1726™"  0.1724™  0.2035™
(0.0239) (0.0240) (0.0246) (0.0356)
Age group: 50 to 57 0.1974™" 02006 0.2098""  0.2612"
(0.0266) (0.0267) (0.0274) (0.0393)
Age group: 58 and older 03312 0.3414™ 036127 04111
(0.0414) (0.0415) (0.0426) (0.0594)
Married —0.0857""  —0.0914"" —0.0874"" -0.0726"
(0.0245) (0.0246) (0.0254) (0.0361)
Divorced/widowed/separated —0.0761""  —0.0786"" —0.0754"" —0.0635"
(0.0189) (0.0190) (0.0195) (0.0281)
Migration background —0.2830"" —0.2833"" —0.2802"" —0.3481""
(0.0270) (0.0271) (0.0278) (0.0407)
Health problems -0.0187 -0.0173 —-0.0097  0.0235
(0.0160) (0.0161) (0.0165) (0.0235)
Blue collar worker — 16344 —1.6313™" - 1.6142"" —1.4915™
(0.0301) (0.0302) (0.0308) (0.0408)
Professional education: none 0.0280 0.0285 0.0284 0.0392
(0.0200) (0.0201) (0.0206) (0.0293)
Required education: missing 0.0101 0.0094 0.0128 0.0371
(0.0220) (0.0221) (0.0227) (0.0321)
Complexity of last job: basic 0.0067 0.0114 0.0105 —0.0431
(0.0205) (0.0206) (0.0212) (0.0303)
Complexity of last job: complex 0.0762" 0.0838" 0.0780" 0.0187
(0.0314) (0.0315) (0.0325) (0.0470)
Complexity of last job: highly complex 0.0957" 0.1000" 0.1073""  0.0735
(0.0309) (0.0311) (0.0319) (0.0458)
Sector of the industry: production 0.0743™" 0.0723"" 0.0680""" 0.0636™
(0.0144) (0.0145) (0.0149) (0.0213)
Qualification match 0.0340 0.0378 0.0296 0.0772

(0.0408) (0.0410) (0.0424) (0.0600)
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Table 3 (continued)
(180 days) (360 days) (720 days) (1080 days)
Daily wage 0.0052""  0.0054™  0.0050""  0.0043"
(0.0005) (0.0005) (0.0005) (0.0008)
Special status —0.1196™" —0.1154™" —0.1094" —0.1444"
(0.0333) (0.0334) (0.0343) (0.0497)
Relaxed benefit entitlement condition (1) 0.1697" 0.1569" 0.1273% 0.1556
(0.0733) (0.0738) (0.0763) (0.1129)
Relaxed benefit entitlement condition (2) 0.1419™ 0.1417" 0.1384™ 0.2011°"
(0.0512) (0.0515) (0.0530) (0.0759)
Previously terminated programme —0.0274 —0.0237 —0.0438 —0.1784
participation (0.0805) (0.0811) (0.0844) (0.1244)
Previously completed programme successfully — 0.0945 0.0948 0.0901 0.0351
(0.0741) (0.0746) (0.0777) (0.1138)
Previous programme result: not known 0.0178 0.0174 0.0103 —0.0558
(0.0749) (0.0755) (0.0786) (0.1150)
Has child below 3 —0.1890™"  —0.1962"" —0.1850"" —0.1163
(0.0468) (0.0472) (0.0490) (0.0710)
Has child below age 3 to 6 0.0435 0.0301 0.0135 - 0.0229
(0.0398) (0.0402) (0.0418) (0.0621)
Has child aged 6 to 10 0.0030 -0.0010 -0.0133 0.0091
(0.0294) (0.0296) (0.0307) (0.0445)
Has child aged 10 to 15 —0.0019 —0.0080 - 0.0215 - 0.0654
(0.0264) (0.0266) (0.0276) (0.0400)
N persons in household: 2 0.0169 0.0227 0.0222 0.0238
(0.0246) (0.0247) (0.0255) (0.0365)
N persons in household: 3 0.0006 0.0083 0.0087 0.0517
(0.0282) (0.0284) (0.0292) (0.0416)
N persons in household: 4 —0.0023 0.0057 0.0014 0.0274
(0.0340) (0.0342) (0.0353) (0.0503)
N persons in household: 5 or more —-0.0932°  —0.0842° -0.0793"  0.0147
(0.0409) (0.0411) (0.0423) (0.0600)
Lone parent —0.0248 —0.0270 —-0.0124 —0.0142
(0.0256) (0.0258) (0.0266) (0.0381)
Subjective assessment: -0.3713""  -0.3693"" —-0.3706"" —0.3738""
Very good (0.0365) (0.0366) (0.0375) (0.0551)
Subjective assessment: 0.4139™"  04110™  0.4063™"  0.4746™
Mixed (0.0217) (0.0218) (0.0223) (0.0330)
Subjective assessment: 0.3919™  0.3885"™" 03759  0.4150™
Bad (0.0251) (0.0252) (0.0259) (0.0382)
Subjective assessment: 03661 03588 035177 0.4015™
Very bad (0.0270) (0.0271) (0.0278) (0.0404)
Subjective assessment: not known — 03742 —0.3759"" —0.3778"" —0.3884™"
(0.0371) (0.0372) (0.0379) (0.0542)
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Table 3 (continued)

(180 days) (360 days) (720 days) (1080 days)

Common administration
municipality/employment agency

region of residence: Bavaria

region of residence: Brandenburg

region of residence: Hessen

region of residence: Lower Saxony/ Bremen

region of residence: North

region of residence: Northrhine-Westfalia

region of residence: Rhineland-Palatinate/
Saarland

region of residence: Saxony

region of residence: Lower-Saxony-
Anhalt/Thuringia
ESF special region: yes

Months employed 1 year before program start

Months employed 2—4 years before program
start

Months employed 5-7 years before program
start

Months unemployed 1 year before program
start

Months employed 2—4 years before program
start

Months employed 5-7 years before program
start

Months in program participation 1 year before
program start

Months in program participation 2—4 years
before program start

Months in program participation 5-7 years
before program start

Ever been employed in last 7 years

—0.0288 —0.0339 —0.0540 —0.0362
(0.0406) (0.0408) (0.0420) (0.0571)
—0.0955° —0.0978" —0.1212" —0.1382"
(0.0401) (0.0404) (0.0415) (0.0616)
0.2009"™" 0.2051™" 0.2296™" 0.2616™
(0.0564) (0.0567) (0.0583) (0.0882)
0.0106 0.0146 0.0184 0.0854

(0.0472) (0.0475) (0.0486) (0.0694)
0.1445 0.1465™ 0.15617" 0.1151*
(0.0426) (0.0428) (0.0439) (0.0666)

02816 0.2838"  0.2827""  0.1988"
(0.0479) (0.0481) (0.0495) (0.0780)
0.1706""  0.1745""  0.1828"  0.2058"
(0.0424) (0.0426) (0.0437) (0.0647)
03844  0.3885™ 03975  0.5536™"
(0.0410) (0.0412) (0.0423) (0.0632)
0.2672" 0.2691™" 0.2868"" 0.2155"
(0.0580) (0.0582) (0.0599) (0.0921)
0.0387 0.0391 0.0491 0.0674
(0.0546) (0.0549) (0.0565) (0.0864)
—0.1641""  —0.1636"" —0.1714"™" —0.2608""
(0.0426) (0.0428) (0.0443) (0.0716)
—0.0018 —0.0023 —0.0057 —0.0093

(0.0055) (0.0055) (0.0057) (0.0087)
—0.00317  —0.0032" —0.0047" —0.0062"
(0.0017) (0.0017) (0.0017) (0.0025)
0.0045"™  0.0045 0.0054™  0.0059""
(0.0012) (0.0012) (0.0013) (0.0018)
—0.0320""  —0.0324™" —0.0333 —0.0333
(0.0024) (0.0024) (0.0025) (0.0036)
—0.0016 - 0.0016 —0.0004  0.0015
(0.0010) (0.0010) (0.0011) (0.0015)
0.0042"" 0.0042" 0.0049™" 0.0064"
(0.0011) (0.0011) (0.0011) (0.0016)
—0.0294"  —0.0305 —0.0295 —0.0338""
(0.0047) (0.0048) (0.0049) (0.0071)

stk

—0.0037° —0.0038" —0.0037" —0.0015
(0.0018) (0.0018) (0.0019) (0.0027)
0.0095*  0.0096™  0.0100™"  0.0105™
(0.0011) (0.0011) (0.0011) (0.0016)
0.0139 0.0161 0.0020 —0.0034

(0.0184) (0.0185) (0.0190) (0.0273)
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Table 3 (continued)
(180 days) (360 days) (720 days) (1080 days)

Regional UE rate 0.0388™  0.0387""  0.0382""  0.0639"™"
(0.0040) (0.0041) (0.0042) (0.0062)

Regional employment rate 0.0327"  0.0331™ 00334 0.0379™
(0.0032) (0.0033) (0.0034) (0.0050)

Regional Population density —0.0000°  —0.0000"  —0.0000 —0.0001""
(0.0000) (0.0000) (0.0000) (0.0000)

Regional GDP 0.0000"  0.0000"  0.0000”"  0.0000
(0.0000) (0.0000) (0.0000) (0.0000)

UE duration before treatment start 0.0017" 0.0017"" 0.0002 —0.0030""
(0.0003) (0.0003) (0.0003) (0.0004)

N 51,394 51,010 48,152 23,763

chi2 9055.78 9010.42 8561.51 4608.10

2_p 0.16 0.17 0.17 0.18

aic 4598222 4559198  43,221.82  20,938.91

Results from probit estimations. Standard errors in parentheses. * p<0.10. " p<0.05. ™ p<0.01.

#%p <0.001
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Table 4 Propensity score estimation with survey and register variables variable

(180) (360) (720) (1080)
Subjective health —0.0334 —0.0346 —0.0312 —0.0730*
(0.0219) (0.0220) (0.0228) (0.0401)
Subjective resilience 0.1317°" 0.1308™" 0.1302"  0.0730
(0.0336) (0.0338) (0.0353) (0.0621)
Self-assessed reading skills —0.0809" —0.0796" —0.0813" —0.0695
(0.0306) (0.0307) (0.0317) (0.0534)
Self-assessed math skills 0.0400 0.0385 0.0272 0.0874*
(0.0277) (0.0278) (0.0290) (0.0488)
Self-assessed internet skills —0.0322% —0.0342* -0.0312F  -0.0713"
(0.0179) (0.0180) (0.0187) (0.0318)
Driver’s license 0.0674 0.0594 0.0439 0.1042
(0.0505) (0.0507) (0.0525) (0.0905)
Peer group: many social assistance recipients —-0.1036" —0.1051" -0.0913*  -0.0274
(0.0521) (0.0524) (0.0541) (0.0927)
Peer group: successful in professional life —0.1083" —0.0984* -0.1002*  -0.1199
(0.0531) (0.0534) (0.0554) (0.0953)
Peer group: interested in own professional life ~ 0.0510 0.0517 0.0263 —-0.1782
(0.0685) (0.0691) (0.0723) (0.1252)
Feel support by partner —0.0401 —0.0280 —0.0471 —0.0472
(0.0560) (0.0562) (0.0582) (0.0982)
Feel support by family 0.0665 0.0620 0.0659 0.2150"
(0.0494) (0.0497) (0.0515) (0.0884)
Feel support by friends 0.0002 0.0039 0.0043 —0.0257
(0.0494) (0.0497) (0.0514) (0.0870)
Personality traits (component 1) —0.0031 —0.0014 —0.0031 —-0.0279
(0.0168) (0.0169) (0.0174) (0.0308)
Personality traits (component 2) —-0.0199 —0.0198 —-0.0207 —0.0296
(0.0232) (0.0233) (0.0241) (0.0413)
Institutional support (component 1) 0.0133 0.0139 0.0149 0.0426
(0.0230) (0.0231) (0.0238) (0.0429)
Institutional support (component 2) —0.0406"  —0.0464"  —0.0478" —0.1334"
(0.0226) (0.0232) (0.0236) (0.0488)
Personal problems (component 1) —0.0184 —0.0175 —0.0259 —0.0526
(0.0192) (0.0193) (0.0202) (0.0360)
Personal problems (component 2) 0.0411* 0.0420* 0.0487" 0.0747*
(0.0231) (0.0232) (0.0241) (0.0425)
Number of job interviews (last 6 months) - 0.0145 —0.0131 —0.0042 0.0225
(0.0274) (0.0275) (0.0285) (0.0508)
Concession: commuting time> 1.5 h 0.0059 0.0053 0.0105 0.0220
(0.0223) (0.0225) (0.0233) (0.0401)
Concession: Shift work 0.0052 0.0030 0.0083 0.0474

(0.0223) (0.0224) (0.0233) (0.0406)
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Table 4 (continued)
(180) (360) (720) (1080)
Concession: unpleasant work environment 0.0113 0.0085 0.0103 0.0318
(0.0238) (0.0240) (0.0248) (0.0420)
Concession: move to different city 0.0044 0.0040 0.0046 0.0313
(0.0232) (0.0233) (0.0242) (0.0426)
Concession: hourly wage > 8€ 0.0033 0.0043 0.0105 0.0274
(0.0217) (0.0218) (0.0227) (0.0389)
Feeling of social participation —0.0024 —0.0026 — 0.0080 —-0.0115
(0.0101) (0.0101) (0.0105) (0.0176)
Coping with current situation — 0.0060 —0.0047 —0.0039 0.0043
(0.0106) (0.0107) 0.0111) (0.0188)
N 4069 4026 3769 1383
chi2 888.92 880.51 854.11 476.18
22_p 0.18 0.18 0.18 0.26

Propensity score estimation with register and survey variables (register variables as in baseline specifica-
tion). Standard errors in parentheses. +p <0.10. * p<0.05. ** p<0.01. *** p<0.001

Table 5 Summary of average treatment effects on the treated (point estimates) comparing OLS, Inverse
probability weighting, and two estimators developed by Millimet and Tchernis (2013)

OLS IPW MB MB-BC
180 days —0.061 —0.055 —0.042 —0.344

[— 0.064; — 0.058] [—0.058; — 0.052] [— 0.046; — 0.037] [-0.371; — 0.302]
360 days - 0.075 —0.068 - 0,051 - 0471

[-0,079; - 0,072] [-0.072; — 0.064]

[ 0.057; — 0.045]

[-0.505; — 0.426]

Estimation has been implemented using the bmte command of STATA. For the MB and MB-BC method,
the chosen value for theta is 0.05, the value for P* is equal to 0.500

Source: Integrated employment biographies (V11.01.00)
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Fig.6 Distribution of time
between the end of the activa-
tion period and the start of

the JCS, used as basis for the
hypothetical start date approach.
Source: IEB employment
biographies (V11.01.00), own
calculations

Share of Entries

40

10 20 3
Months after End of Activation Period

m:
tched

tched |
. B x Matched
-100 -50 0 50 -100 -50 0 50
Standardized % bias across covariates Standardized % bias across covariates

ni
R i : * Mal

Fig.7 Standardized bias before and after matching for radius matching (left panel) and entropy balanc-
ing (right panel) for the estimated effects 360 days after programme start). Source: IEB employment
biographies (V11.01.00), own calculations
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| Whole sample Subjective assessment: very good ‘

S S SO S S S S DS S S TS S SO S S ® S DS S
T XA R P E A PSS T XA PP P
Days after (Hypothetical) Participation Days after (Hypothetical) Participation
[—o— TreatmentEffect  —---- 95% Confidence Interval [—o— TreammentEffect  ----- 95% Conficence Interval

Subjective assessment: good Subjective assessment: mixed

C P LR PP P A R P RO S
Days after (Hypothetical) Participation Days after (Hypothetical) Participation
—8— Treatment Effect ——+—- 95% Confidence Interval [—e— TreatmentEffect -~~~ 95% Conficence Interval
Subjective assessment: bad Subjective assessment: very bad
051 05
025 025+
0 0
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-1 -1
-125 -125
-15 -154
-175 -175
-2 -2
-225 -225-
-25 254
TISFFFFSFSSSS SEISFFSFSTSTS S
Days after (Hypothetical) Participation Days after (Hypothetical) Participation
[—o— TreatmentEffect —-~-- 95% Confidence Interval | [—e— Treatment Effect ----- 95% Conficence Interval |

Fig.8 ATT (radius matching) depending on assessment of the counsellor from the local employment
agency. Estimated treatment effects at different points after programme start. Integration measured as
having a non-subsidised job in the first labour market subject to social security. The upper left panel
shows the result for the whole sample. The remaining five panels show the results for five different
assessments, one (upper right corner) representing the most favourable assessment, and five (lower right
corner) the least optimistic one. Source: Integrated Employment Biographies (V11.01.00), own calcula-
tions
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Whole sample Subjective assessment: very good ‘
105 Estimated Outcomes
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Fig.9 Estimated potential outcome means for treatment and control group depending on assessment of
the counsellor from the local employment agency. The upper left panel shows the ATT for the whole
sample. The five remaining panels show the estimated potential outcome means, starting with the most
favourable one (upper right corner) to the least optimistic one (lower right corner). Source: Integrated
Employment Biographies (V11.01.00), own calculations
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Fig. 10 Standardized bias before and after matching for radius matching (left panel) and entropy balanc-
ing (right panel) for the estimated effects 360 days after (hypothetical) programme start, register and
survey data. Source: Integrated Employment Biographies (V11.01.00), own calculations
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