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How sensitive are matching estimates
of active labor market policy effects to typically
unobserved confounders?

Stefan Tubbicke!”

Abstract

Using a rich and unique combined administrative-survey dataset, this paper explores how sensitive propensity score
(PS) matching estimates of Active Labor Market Policies (ALMPs) based on the selection-on-observables assumption
are to typically unobserved covariates. Using a sample of German unemployed welfare recipients, the analysis shows
that typically unobserved factors such job search behavior, concessions willing to make for a job as well as (mental)
health are in fact relevant confounders. However, results also show that matching on the PS using only typically
observed covariates reduces imbalance in terms of typically unobserved covariates by about 46 percent in this set-
ting. In line with this finding, the inclusion of typically unobserved covariates yields very similar estimates to estimates
based on a standard specification. Hence, a standard matching approach based on rich and high quality administra-

JEL Classification C21, D04, J68

tive data appears to be sufficient to obtain estimates that are rather robust to unobserved confounding.
Keywords Propensity score matching, Observational studies, Selection bias, Active labor market policy, Evaluation

1 Introduction

Matching and weighting based on the propensity score
(PS, Rosenbaum and Rubin 1983) have become important
tools for researchers aiming to flexibly estimate causal
effects of some treatment using observational data. These
methods have been widely applied in numerous fields of
study such as Economics, Business, Sociology and Medi-
cine. Most analyses use matching and weighting under
an exogeneity assumption, assuming that controlling
for observed background characteristics is sufficient to
render the treatment as good as randomly assigned and
remove bias from estimates. Comparisons of non-exper-
imental with experimental estimates of treatment effects
show, however, that such estimates may be plagued by
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“hidden bias” (Rosenbaum 2002) due to unobserved con-
founders (see Heckman et al. 1997; Dehejia and Wahba
1999; Smith and Todd 2005, for examples). This is espe-
cially likely if the data are not rich enough, i.e. they do
not contain a lot of background characteristics — espe-
cially pre-treatment outcomes — to condition on.

A prime example where matching and weighting esti-
mators are routinely applied is the evaluation of active
labor market programs (ALMPs) for the unemployed (see
Caliendo and Kiinn 2011; Fitzenberger and Volter 2007;
Harrer et al. 2020; Lechner and Wunsch 2009; Lechner
et al. 2011, for examples). These studies are typically
based on very detailed high-quality administrative data.
Along with standard socio-demographics, household
and regional characteristics, they contain daily informa-
tion individuals’ entire (un-)emploment, unemployment
benefit receipt and ALMP history. Lechner and Wunsch
(2013) use these rich administrative data and assess how
sensitive effect estimates are to the omission of blocks
of (observed) variables. They show, for example, that
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information on individuals’ health and characteristics of
the last employer play an important role as conditioning
variables. However, they cannot assess whether estimates
are sensitive to unobserved factors.

This paper delivers insights in this regard and shows
how sensitive matching and weighting estimates of
ALMP effects are to typically unobserved confounders
using a unique linked survey-administrative dataset from
Germany. In addition to the high-quality administra-
tive information, the data provides measures of typically
unobserved variables relating to attitudes towards work,
job search behavior, willingness to make concessions for
a new job, satisfaction in different domains, social par-
ticipation, status and networks, (mental) health and some
inter-generational information. Numerous studies have
shown that these factors are predictive of job-finding
rates or exit rates from unemployment, making them
prime candidates for potentially omitted but relevant
confounders in the estimation of treatment effects. Based
on a sample of unemployed welfare recipients in Ger-
many, the paper investigates the importance of these typ-
ically unobserved variables for outcomes, selection into
treatment, covariate balance as well as effect estimates.

This paper is closely-related to Caliendo et al. (2017)
who perform a similar analysis using a sample of unem-
ployment benefit (UB) recipients. As UB are only paid
to individuals who have worked a minimum of 12 out of
the 30 months before becoming unemployed, UB recipi-
ents typically have a better employment history, shorter
unemployment duration and are more homogenous in
general compared to unemployed welfare recipients.
Hence, the analysis of this paper is expected to yield a
stronger test regarding the role of typically unobserved
variables as individuals are likely to be more heterogene-
ous not just in terms of typically observed confounders
but potentially also in terms of typically unobserved char-
acteristics. For example, Schubert et al. (2013) show that
in 2006, welfare recipients were about 31 percent more
likely to have a diagnosed mental illness compared to UB
recipients. Since then, the prevalence of mental illnesses
among welfare recipients has increased from roughly 33
to 45 percent as of 2021 (Deutscher Verein fiir 6ffentliche
und private Fiirsorge e.V. 2022). It is due to such unob-
served heterogeneity that one may expect larger poten-
tial biases among welfare than among UB recipients if
relevant but typically unobserved confounders are omit-
ted from the estimation procedure. Moreover, this study
differs from Caliendo et al. (2017) in the availability of
typically unobserved covariates. On the one hand, this
study has additional information on individuals’ attitudes
towards work, willingness to make concessions for a new
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job, satisfaction in more domains than just life satisfac-
tion as well as potentially crucial information on indi-
viduals’ (mental) health. On the other hand, measures of
personality traits and expected ALMP participation prob-
abilities are not included in the survey (often enough) in
order to be used in the present study.

In the context of welfare recipients, this paper shows
that, overall, the typically unobserved variables observed
through the survey data indeed are relevant confound-
ers. Moreover, the results indicate that matching partici-
pants and comparison individuals on a standard estimate
of propensity score based solely on typically observed
covariates reduces imbalance in these typically unob-
served covariates by roughly 46 percent. In line with
this finding, differences between estimates of treatment
effects using a standard specification and an extended
specification that includes the typically unobserved
covariates are relatively small and insignificant. Moreo-
ver, policy conclusions do not crucially depend on the
availability of those typically unobserved confounders.
Thus, it seems that — at least in the context considered
— a rich specification based on typically observed con-
founders including pre-treatment outcomes may be suf-
ficient to obtain reasonable estimates of treatment effects
and to draw policy conclusions.

The remainder of this paper is organized as follows.
Section 2 reviews identification and estimation of ALMP
effects as well as the consequences of omitting relevant
unobserved confounders from the analysis. Section 3
provides information on the institutional setting, the data
used and shows some descriptive statistics for the sam-
ple. Section 4 performs the empirical analysis and Sect. 5
concludes.

2 Treatment effects and unobserved confounders
Using the potential outcomes framework by Roy (1951)
and Rubin (1974), studies typically aim to estimate the
average treatment effect on the treated (ATT)

AT = E[Y} D = 1] - E[Y?|D; = 1], 1)

where Yi1 refers to the outcome that is observed if per-
son i received the treatment of interest, Yi0 is the outcome
without treatment and D; is a treatment indicator, taking
on the value of one if person i received the treatment,
zero otherwise. As Yi0 is unobservable for treated individ-
uals, the second term in Eq. (1) has to be estimated from
data on untreated persons.

Estimators based on the PS, defined as the conditional
probability of receiving the treatment Pr(D; = 1|X;),
essentially re-weight non-participants to achieve balance
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in terms of observed characteristics X;. If treatment is
assigned based on observed characteristics only, then
this approach delivers unbiased estimates of treatment
effects. Different versions of this underlying identifica-
tion assumption have been termed unconfoundedness
(Rosenbaum and Rubin 1983), selection-on-observables
(Heckman and Robb 1985), or conditional-independence
assumption (Lechner 2001). However, if treatment is also
assigned based on unobserved characteristics U; and
these characteristics also affect the outcome of interest,
then estimators based on the PS will be biased. The size of
the bias after adjusting for the PS depends on the degree
of imbalance U; left as well as the strength of the associa-
tion between U; and Y;. By construction, this bis cannot
be directly estimated in a given study. However, one may
inspect how influential an unobserved confounder must
be to overturn the study’s conclusions (Ichino et al. 2008;
Oster 2019; Rosenbaum 2002).

Information on which typically unobserved confound-
ers may be relevant in the case of ALMP evaluation can
be gathered from empirical studies on the determinants
of job finding rates. First, individuals’ attitudes towards
work are important in shaping their employment pros-
pects. For example, individuals who view employed work
as more central in their life display higher re-employment
chances (Kanfer et al. 2001). Moreover, Zahradnik et al.
(2016) show that unemployed individuals with a more
intrinsic work motivation are less likely to be sanctioned,
providing indirect evidence that they are more compliant
regarding their obligation to cooperate with caseworkers.
Second, a large body of literature shows that job search
behavior is highly predictive of re-employment probabili-
ties. Important factors include the intensity and the focus
of job search as well as reservation wages (Altmann et al.
2018; Arni and Schiprowski 2019; Boheim et al. 2011;
Krueger and Mueller 2016; Lichter and Schiprowski 2021;
Koen et al. 2010). Third, the likelihood with which unem-
ployed individuals find a job depends on whether they are
willing to make concessions for a new job and if so, which
ones (Andersson 2015; Caliendo et al. 2016; Christoph
and Lietzmann 2022; Korpi and Levin 2001; Lietzmann
et al. 2017). For example, greater geographical mobility is
associated with better labor market outcomes (Yankow
2003). Fourth, subjective well-being is not only affected
by unemployment (McKee-Ryan et al. 2005), but it also
predicts how likely it is for individuals to get re-employed
(Rose and Stavrova 2019). Sixth, social participation and
networks have been shown to have a significant impact
on labor market success (Bayer et al. 2008; Montgomery
1991). Seventh, general health as well as mental health
are important determinants of individuals’ employment
chances (Butterworth et al. 2012; Garcia-Gémez et al.
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2013; Lotters et al. 2013; Schuring et al. 2007). Lastly,
parental characteristics may constitute important omit-
ted confounders as it is well documented that paren-
tal (un-)employment is predictive of later-in-life (un-)
employment of their offspring (Fradkin et al. 2019; Pep-
per 2000).

All in all, these different findings highlight that admin-
istrative data, albeit rich, may be insufficient to obtain
reasonable estimates of ALMP effects. Thus, it is impera-
tive to assess the importance of these typically unob-
served confounders on resulting effect estimates and
policy conclusions drawn from evaluation studies based
on the selection-on-observables assumption.

3 Institutional setting, data and descriptives

3.1 Institutional setting

There are two types of unemployment benefits (UB) in
Germany. UB I are an insurance benefit. Individuals are
eligible to receive UB I if they have contributed to the
insurance system for at least 12 months out of the last
three years when becoming unemployed. For individu-
als without children, the replacement rate is 60%, parents
receive 67% of their last net salary. The maximum dura-
tion one can receive UB I is age-dependent. Individuals
under 50 can receive UB I for up to 12 months, individu-
als 58 or older can receive UB I for up to two years.

The second type of benefits—UB II or simply welfare—is
a means-tested flat-rate tax-financed benefit. To be eligi-
ble a person has to be able to work at least three hours
a day and their household income must fall short of the
legally defined social minimum. Hence, individuals can
hold a job or even receive UB I and still be eligible for
welfare provided that their household income is suffi-
ciently low.

These differences in entry conditions result in very dif-
ferent populations of UB I and UB II recipients. While UB
I recipients tend to have a relatively stable labor market
history and relatively high re-employment chances, the
labor market history of welfare recipients is often sparser
and even if they are employed, earnings tend to be lower.
Moreover, welfare recipients tend to stay in the system
much longer. Official statistics by the Federal Employ-
ment Agency (2021) show that, at the end of 2021, about
66% of welfare recipients have been receiving said ben-
efit for four years or longer. Thus, welfare recipients face
stronger (and possibly unobserved) employment impedi-
ments compared to UB I recipients.

ALMPs are available to both UB I and welfare recipi-
ents. In fact, welfare recipients are can receive all kinds
of ALMPs available to UB I recipients as well as some
other measures designed exclusively for them. As activat-
ing unemployed welfare recipients is a key policy goal,
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participation in ALMPs is often enforced using sanctions
(Van den Berg and Vikstrom 2014; Van den Berg et al.
2022). The four most important types of ALMPs for wel-
fare recipients are short-term training programs by exter-
nal service providers, in-firm training, long-term training
and One-Euro-Jobs.

Short-term training may for example be a job applica-
tion training, a foreign language course or a training in
a specific skill such as welding. In-firm training is essen-
tially an unpaid internship. Long-term training programs
may for example include remedial schooling for high-
school dropouts to obtain a diploma as well as man-
agement, accounting or programming courses. Under
certain conditions, they may even result in a vocational
degree if completed. One-Euro-Jobs are a public employ-
ment creation program of additional jobs, i.e. non-mar-
ket jobs, allowing jobseekers to earn one to two Euro per
hour in addition to receiving welfare benefits.

Together, these programs made up around 80 percent
of all ALMP spells among welfare recipients during our
sample period. For the main analysis, the effect of any
ALMP participation is estimated. As effects and selection
patterns may be quite different across types of programs,
heterogenous effects are also estimated for the four pro-
gram types already mentioned as well as a remainder
category, encompassing all other programs available to
jobseekers on welfare.

3.2 Data and sample

This study uses the PASS-ADIAB dataset (Antoni et al.
2017), which combines administrative data from the Sta-
tistics department of the Federal Employment Agency
with survey data for a representative sample of the Ger-
man population. In addition to standard socio-demo-
graphic characteristics and household information, the
administrative data provide daily information on individ-
ual’s (un-)employment, benefit receipt and ALMP par-
ticipation. Information on individuals’ partners as well
as their sanction history was merged from other admin-
istrative data sources.! Starting in 2007, the PASS (“Panel
Arbeitsmarkt und soziale Sicherung’, dubbed Panel
Labor Market and Social Security) contains information
on roughly 14,000 interviewees every year.” About half of
interviewees are welfare recipients and their household
members. The PASS contains a lot of additional infor-
mation on issues such as attitudes towards work, job
search behavior, concessions willing to make for a job,
satisfaction in different domains, social participation and

! The data source is called “ Leistungshistorie Grundsicherung’, which may
be dubbed as welfare receipt history.

% Interviews are mostly conducted between February and September each
year.
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networks, (mental) health as well as inter-generational
transmission. For more information, see Trappmann
et al. (2019).

For the analysis, this paper pools information on inter-
viewees who are unemployed and receive welfare at the
time of the interview from waves 5 (2011) to 8 (2014).3
On the one hand, one may wish to use as many waves
as possible to increase power of the statistical analy-
sis. On the other hand, using additional waves tends to
reduce the number of typically unobserved covariates
which can be used in the analysis as not all questions are
being asked in every wave. Hence, the choice of using
waves 5 to 8 represents an attempt to balance these two
objectives.

This approach yields a sample of 5819 individuals, 1009
of whom had an ALMP spell within four months after the
interview and thus, are classified as participants. Non-
participants are assigned a random hypothetical entry
month in this four month window (Lechner 2002). Out-
comes, namely regular employment (i.e. unsubsidized
employment subject to social security contributions) as
well as real monthly labor earnings are measured up to
36 months after (hypothetical) entry into treatment.

3.3 Descriptives
Panel A of Table 1 displays some descriptive statistics on
typically observed covariates. First, one can see that par-
ticipants are significantly younger on average compared
to non-participants. Their mean age is roughly 42 years
compared to 44 years among non-participants. Moreo-
ver, the share of females is significantly smaller among
participants (42 percent) than non-participants (51 per-
cent). Regarding place of residence, participants are more
likely to live in Eastern Germany relative to non-partici-
pants. The share of individuals with a university degree is
not statistically different between participants and non-
participants. Lastly, panel A also provides information
on the mean days spend in unemployment in the last 5
years in each sample. One can see that participants have
spent, on average, 84 days less in unemployment than
non-participants. Non-participants spent 982 days (or
roughly 54 percent) of the last 5 years in unemployment.
These results indicate that participants are somewhat
positively-selected based on their labor market history
and thus most likely also regarding their future employ-
ment prospects.

Panel B of Table 1 provides selected descriptive statis-
tics for typically unobserved covariates. Regarding job

3 In the sample of welfare recipients, roughly 80% of respondents are willing
to have their survey data merged to the administrative data. Of those, about
a third receive welfare and are registered as unemployed at the interview
and thus, of interest for this study.
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Table 1 Selected descriptives on covariates and outcomes
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ALMP p-value
Part. Non-part.
A. Typically observed covariates X
Mean age in years 421 441 0.000
Share female 0416 0.508 0.000
Share in Eastern Germany 0.395 0.336 0.001
Share with a university degree 0.045 0.055 0.180
Cumulated days in unemployment in last 5 years 898 982 0.000
B. Typically unobserved covariates U
Share who searched for a job in last 4 weeks 0.574 0432 0.000
Mean monthly net reservation wage in Euro 964 931 0.058
Share (mostly) willing to accept a long commute 0416 0310 0.000
Mean standardized life satisfaction 0.148 —0.031 0.000
Mean standardized subjective health 0.189 —-0.040 0.000
Share of mothers with a university degree 0.074 0.053 0.015
C. Outcomes after 36 months
Share in regular employment 0.295 0211 0.000
Real monthly labor earnings 526 358 0.000
Number of observations 1,009 4810

This table shows sample means and shares of selected covariates and outcomes. p-values for differences between participants and non-participants are based on

t-tests of equal means

search behavior, the Table shows the share of individuals
who actively searched for a job in the last 4 weeks. While
about 57 percent of participants searched for a job in
the last month, only 43 percent of non-participants did
so. Similarly, participants also show significantly higher
mean reservation wages compared to non-participants.
Moreover, about 42 percent of participants are (mostly)
willing to accept a long commute in order to find a new
job, among non-participants only 31 percent would be
willing to do that. Regarding life satisfaction, partici-
pants’ mean is roughly 15 percent of a standard-deviation
above the sample mean, whereas non-participants’ mean
is three percent below the mean. Similar, but even more
pronounced, differences are found in relation to individu-
als’ subjective health. Lastly, participants are more likely
to grow up with a university-educated mother than non-
participants. All these differences are statistically sig-
nificant at least at the 10 percent level and point towards
positive selection based on typically unobserved covari-
ates. For descriptives on the full set of typically unob-
served variables, see Table 5 in the Appendix.

Lastly, Panel C of Table 1 also shows descriptives on
outcomes used to evaluate the ALMPs. The comparison
shows that participants perform better in the labor mar-
ket after 36 months, both in terms of regular employment

as well as earnings, than non-participants. While studies
based on the selection-on-observables approach suggest
causal effects of the same direction as this naive uncon-
ditional comparison, the question remains whether these
findings are robust to the inclusion of typically unob-
served covariates in the analysis when estimating effects.

4 Empirical analysis

This Section estimates causal effects of ALMPs on par-
ticipants’ labor market outcomes using two specifi-
cations. Similar to many evaluation studies based on
observational data, the first (“standard”) specification
adjusts outcome differences between participants and
non-participants for a large set of covariates that are
observed through the administrative data. These include
socio-demographics, household characteristics, partner
characteristics, detailed labor market, benefit receipt
and ALMP participation history as well as regional labor
market controls.* The second (“extended”) specifica-
tion adjust outcome differences also for typically unob-
served covariates obtained from the survey data. After

* Controlling for ALMP participation history is necessary in the context of
welfare recipients as it is often the case that individuals participate in mul-
tiple programs throughout their unemployment history. This makes the
interpretation somewhat difficult as past ALMP spells may interact with the
effects we try to estimate. Due to the small sample, however, it is impossible
to perform sub-sample analyses to inspect whether these interactions drive
the results.
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Table 2 Relevance of typically unobserved confounders

S. Tubbicke

Baseline

Auxiliary

Extended

Specification

Specifications

Specification

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Outcomes of non-participants
Regular employment
R2 0.1811 0.1823  0.1889 0.1862 0.1879 0.1818 0.1896 0.1822  0.2014
p-value of joint significance of U 0.1573  0.0000 0.0002 0.0000 04080 0.0000 04180 0.0000
Real monthly labor earnings
R? 0.1790 01806 01910 0.1851 0.1862 0.1807 0.1886  0.1803  0.2057
p-value of joint significance of U 0.0589 0.0000 0.0000 0.0000 0.0481 0.0000 03155 0.0000
Treatment assignment
Pseudo-R? 0.1003 01009 0.1059 0.1042 0.1027 0.1007 0.1037 0.1015  0.1124
p-value of joint significance of U 05120 00001 00039 00051 06735 00014 03579 0.0021
Control variables
Typically observed covariates X v v v v v v v v v
Typically unobserved covariates U
Attitudes towards work v v
Job search behavior v v
Concessions willing to make for a job v v
Satisfaction in different domains v v
Participation, social status and networks v v
(Mental) Health v v
Inter-generational information v v

This table compares summary statistics from OLS and logit regressions to inspect the relevance of (each block of) typically unobserved covariates

briefly reviewing kernel matching on the PS, this Section
inspects the relevance of the typically unobserved con-
founders, examines balance of typically (un-)observed
confounders before and after matching and compares
effect estimates based on the standard and the extended
specification. Effects are estimated for the pooled ALMP
treatment indicator as well as for the main program types
described in Section 3.1.

4.1 Estimation procedure using kernel matching

The analysis uses kernel matching on the PS, a widely-
used technique to estimate causal effects under selection-
on-observables. The estimation procedure is as follows:
After having estimated the PS using a logit regression,
common support in terms of the PS is inspected. As
Heckman et al. (1998) show that lack of support can be
a major source of evaluation bias, individuals outside of
the common support are discarded from the analysis.
This is done by removing participants from the estima-
tion samples with values of the PS outside the range of
non-participants (the so-called min-max criterion, see

Dehejia and Wahba 1999). Participants on support are
then matched to non-participants based on the esti-
mated PS. Using the popular Epanechnikov kernel, kernel
matching places a larger weight on individuals that are
closer in terms of the PS than individuals further away
and avoids bad matches by discarding individuals out-
side of the user-chosen bandwidth (Caliendo and Kopei-
nig 2008). For simplicity, a standard bandwidth of 0.06 is
used in the analysis. If balance is found to be sufficient
after matching as in the main analysis, estimates of the
ATT are the obtained as mean outcome differences in the
matched sample. If imbalances remain after matching as
in the program heterogeneity analysis, a linear regres-
sion with a treatment dummy and covariates is used on
the matched sample to obtain estimates of the ATT. In
any case, standard errors are estimated using the boot-
strap with 999 replications (Bodory et al. 2020; MacKin-
non 2006). Statistical inference is based on the normal
approximation.
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4.2 Relevance of the typically unobserved variables
This sub-section inspects the relevance of typically unob-
served variables regarding the outcome and the assign-
ment process. Relevance is tested block-wise as well as
overall. Column one of Table 2 presents regression R? for
OLS regressions of the outcomes as well as pseudo-R?
from a logit regression on covariates using the stand-
ard specification. Columns two to eight individually add
blocks of typically unobserved covariates and test for
their joint significance using an F-test. This allows to
asses which blocks of typically unobserved covariates
have a significant association with the outcomes and the
treatment assignment, controlling for the information
already contained within the typically observed covari-
ates. Lastly, column nine presents results for the extended
specification, enabling a joint test regarding all typically
unobserved covariates and their overall relevance for
outcomes and selection into treatment. Results from the
F-tests are presented using p-values of joint significance.
OLS regressions of the regular employment indicator
as well as real monthly labor earnings after 36 months
yield a regression R? of about 18 percent when using only
covariates from the standard specification. Adding blocks
of typically unobserved covariates one by one, we can see
that especially job search behavior and (mental) health
increase the R? to roughly 19 percent, closely followed by
satisfaction in different domains and concessions willing
to make for a job. Attitudes towards work only predict
earnings, inter-generational information does not have
a significant association with the outcomes. Adding all
typically unobserved covariates increases regression R>
to slightly over 20 percent for both outcomes. The joint
tests of relevance show that these variables significantly
predict outcomes on any traditional significance level.
Regressing the treatment indicator on the set of covari-
ates included in the standard specification using a logit
regression yields a pseudo-R? of roughly 10 percent. Add-
ing the blocks one by one on top of the covariates from
the standard specification yields pseudo-R?s from 10.1 to
10.6 percent. The strongest increases in the pseudo-R? are
achieved — in descending order — by adding job search
related variables, covariates on (mental) health, conces-
sions willing to make for a job and satisfaction in differ-
ent domains. All of these blocks of typically unobserved
variables significantly predict treatment assignment.
Variables related to attitudes towards work, participation,
social status and networks as well as inter-generational
information are found to be insignificantly related to
treatment. Adding all typically unobserved covariates in
the extended specification yields a pseudo-R? of roughly
11.2 percent. Moreover, the joint F-test on all typically
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unobserved covariates shows that these variables sig-
nificantly predict treatment on any common significance
level. The consequences of switching from the standard
to the extended specification in terms of PS distribution
can be inspected via kernel-density estimates in Fig. 2 in
the Appendix, showing a shift of the distribution to the
right and to the left for participants and non-partici-
pants, respectively.

Overall, the results show that the typically unobserved
confounders provide additional information not con-
tained in the typically observed confounders and thus,
omitting them from the set of control variables may
induce bias in treatment effect estimates of ALMPs.

4.3 Balancing quality

Next, the degree of covariate balance before and after
matching in terms of observed and typically unobserved
confounders is compared across specifications. To meas-
ure covariate balance, this paper follows the great major-
ity of studies implementing PS-based estimators and uses
the standardized (absolute) bias (Rosenbaum and Rubin
1983). The SB takes the absolute difference in means or
sample shares for each covariate and standardizes it using
the average standard deviation before matching’. Thus,
using the SB it is possible to compare balance across vari-
ables that are measured on different scales.

Instead of reporting balancing for each covariate sep-
arately, Table 3 shows the mean SB (MSB) for blocks of
typically (un-)observed variables. As expected, matching
on the PS estimated using the standard specification, the
MSB for all typically observed covariates X included in
the specification is drastically reduced. Indeed, balance in
terms of X can be regarded as excellent so that no addi-
tional regression-adjustment is necessary.

In this context, however, it is of greater interest to see
how balancing of typically unobserved covariates changes
when matching on typically observed covariates only. A
reduction in the MSB for typically unobserved covari-
ates can be seen as indication that standard PS specifica-
tions already capture (at least some) information that is
included in these variables.

Indeed, after matching on the PS based on the standard
specification, balancing regarding typically unobserved
covariates U improves also. The MSB for U decreases
from 10.2 to 5.5 percent, corresponding to a reduction
in imbalance in terms of typically unobserved covari-
ates by roughly 46 percent compared to before match-
ing. Looking at blocks of typically unobserved covariates,

>To be exact, the SB f(}r covariate k is By = 100- | X1 — Xio |
/4/0.5 - SE1 +05- SEO, where Xjp is the covariate mean or sample share in
treatment group D (before or after matching) and Syp is the sample stand-
ard-deviation before matching.
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Table 3 Mean (Absolute) standardized bias before and after matching

Before matching

After

Standard
specification

Extended
specification

Typically observed characteristics X

Socio-demographics 58
Household characteristics 4.1
Partner characteristics 22
Regional characteristics 11.0
Labor market history 10.3
Total (X) 8.7
Typically unobserved characteristics U
ttitudes towards work 36
Job search behavior 14.9
Concessions willing to make for a job 17.5
Satisfaction in different domains 6.7
Participation, social status and networks 36
(Mental) Health 133
Inter-generational information 5.0
Total (U) 10.2
Total (X + U) 9.0

Control variables
Typically observed covariates X
Typically unobserved covariates U

Number of participants (on support) 1009

06 0.7
0.6 04
0.6 0.6
0.5 0.3
1.1 0.7
09 0.7
33 0.9
8.5 0.5
7.8 04
42 09
2.1 1.1
7.0 04
29 0.2
55 0.6
17 0.7
v v
v
1009 1004

This table compares covariate balance across different blocks of covariates. Balance is measured using the mean (absolute) standardized bias (MSB, Rosenbaum and

Rubin 1983)

the reduction in MSB is remarkably similar to the overall
reduction in imbalance.

Comparing balancing results on typically unobserved
covariates to Caliendo et al. (2017), it becomes evident
that in the context of ALMP participation among unem-
ployed welfare recipients, achieving balance in terms
of typically observed covariates X reduces balance in
terms of typically unobserved covariates U to a greater
extent than among unemployment benefits (UB) recipi-
ents. Why might this be the case? As noted earlier, wel-
fare recipients are expected to be a more heterogeneous
group than UB recipients and treatment assignment may
be more selective. Comparing pseudo-R? from the PS
estimations, it becomes evident that typically observed
covariates X do have more explanatory power regarding
the treatment decision among welfare than UB recipients.

While Caliendo et al. (2017) report a pseudo-R? up to 8.7
percent, the pseudo-R? in this study is roughly 10 percent
using the standard specification.® Hence, a larger degree
of predictiveness of typically observed covariates regard-
ing treatment may be helpful in reducing confounding
due to typically unobserved covariates when evaluating
ALMPs. However, these differences may also be driven
by discrepancies regarding the sets of available typically
(un-)observed covariates.”

4.4 Effect estimates

Having documented that balancing samples regard-
ing typically observed covariates tends to also reduce
imbalance in terms of typically unobserved covariates,
it is interesting to inspect how much of a difference the

© Comparing pseudo-R® for the same programs yields even larger differ-
ences.

7 For example, the standard specification of Caliendo et al. (2017) includes
a total of 71 typically observed covariates, while this study uses 160 control
variables in the standard specification.
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A. Regular employment after 36 months
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B. Real monthly labor earnings after 36 months
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Fig. 1 Main Results. This figure shows estimated ATTs. Statistical significance using bootstrapped standard errors on the 10/5/1% level is indicated

by */**/***

inclusion of typically unobserved covariates in the esti-
mation of the PS actually makes for the resulting treat-
ment effects and policy conclusions. Figures 1 shows
estimated treatment effects using kernel matching, both

for the standard as well as the extended specification.
Moreover, the difference between both estimates is given
and tested for statistical significance.

Based on the standard specification, estimates suggest
that ALMP participation increases the chance of being
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Table 4 Heterogeneity by type of ALMP
Regular employment Real monthly earnings
After 36 months After 36 months
Standard Extended Difference in Standard Extended Difference
specification specification estimates specification specification in
estimates
Short-term training 0.030 0.025 0.004 75%* 70 5
(0.024) (0.025) (0.008) (42) (43) (15)
In-firm training 0.116™** 0.105*** 0.011 D537 250™** 3
(0.047) (0.049) (0.027) (86) (89) (49)
Long-term training 0.1477%%* 0.110%* 0.031 285%%* 2175 68
(0.052) (0.052) (0.030) (105) (108) 59.106
One-Euro-Jobs —0.041 -0.034 —0.007 -34 -19 -15
(0.025) (0.024) (0.012) (43) (43) (20)
Other ALMPs 0.103*** 0.100%** 0.003 153 133** 20
(0.034) (0.034) (0.014) (58) (56) (25)
Control variables
Typically observed covariates v v v v
Typically unobserved covariates v v

This table shows estimated ATTs. Standard errors are obtained via bootstrapping with 999 replications. Statistical significance based on the normal approximation
on the 10/5/1% level is indicated by * /** /***. The kernel matching with additional regression adjustment employed uses a standard bandwidth of 0.06 (Leuven and

Sianesi 2003)

in regular employment 36 months after starting treat-
ment by 6.3 percentage points. Similarly, participants’
real monthly labor earnings are expected to increase
by 118 Euro after 36 months using the same specifica-
tion. Switching to the extended specification yields effect
estimates of 5.6 percentage points and 109 Euro for the
employment and earnings outcomes, respectively. These
differences of 0.6 percentage points and 9 Euro between
estimates based on the standard and the extended speci-
fication are relatively small and not statistically significant
on any common level. Moreover, even if differences were
significant, including the typically unobserved confound-
ers in the analysis would not alter conclusions about the
effectiveness of ALMPs. Sensitivity checks show that
these results are robust to using alternative estimation
approaches (see Table 6) as well as alternative extended
specifications (see Table 7).

8 Two alternate extended specifications are used. First, job search variables
are dropped due to potential anticipation issues (van den Berg et al. 2009).
Second, inter-generational variables are dropped due to their insignificance
in the treatment and in the outcome equations. Both extended specifica-
tions yield essentially the same estimates.

4.5 Program heterogeneity

As effects of and selection into different ALMPs can be
quite heterogeneous, this section briefly re-estimates
effects for different kinds of programs, namely short-
term training, in-firm training, long-term training, One-
Euro-Jobs as well as “other” programs, entailing all other
programs available to unemployed welfare recipients
during the study period. This leads to relatively small
samples compared to the main analysis.” Results can be
found in Table 4.

Focusing on results based on the standard specification
first, estimated effects in-firm, long-term training pro-
grams as well as “other” programs imply substantial posi-
tive effects on employment and earnings after 36 months.
Estimated effects for short-term training are also posi-
tive, but smaller and statistically insignificant, most likely
due sample size restrictions. Regarding One-Euro-Jobs,

 Numbers of participants are 352 (short-term training), 127 (in-firm train-
ing), 108 (long-term training), 227 (One-Euro-Jobs) and 195 (“other”). Insuf-
ficient balancing quality after matching, especially for in-firm with an MSB
of 7 percent and long-term training with an MSB of 5.7 percent, required
additional regression adjustment to control for bias due to residual con-
founding (Caliendo and Kopeinig 2008).
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point estimates are negative and statistically insignifi-
cant. Overall, these results closely resemble main find-
ings by other evaluation studies which estimate causal
effects based on administrative data only (see Bernhard
and Kruppe 2012; Harrer et al. 2020; Harrer and Stock-
inger 2022; Huber et al. 2011, for examples). Next, we
compare these estimates to estimates obtained using the
extended specification. For training programs, estimates
of employment effects are smaller by 0.4 percentage
points for short-term training, 1.1 percentage points for
in-firm training and 3.1 percentage points for long-term
training. Estimates for One-Euro-Jobs also decrease in
magnitude and become closer to zero, but remain nega-
tive and statistically insignificant. In all cases, differences
in estimated employment effects are highly statistically
insignificant. Estimated effects on earnings follow a simi-
lar pattern with differences in estimates being relatively
small and highly statistically insignificant. Hence, the
inclusion of typically unobserved confounders in the esti-
mation of the PS does not yield different estimated effects
or policy conclusions compared to relying on typically
observed confounders only.

5 Discussion and conclusion

Using a unique combined administrative-survey dataset,
this paper inspects whether the evaluation of ALMPs for
unemployed welfare recipients in Germany is robust to
the inclusion of typically unobserved covariates in the
analysis. While the usually unobserved factors analyzed
are significant predictors of treatment the outcomes of
interest, differences in estimated effects between a stand-
ard specification relying on covariates typically observed
in administrative datasets and the extended specification
are relatively small and statistically insignificant. This
supports findings by Caliendo et al. (2017) who perform
a similar analysis for a sample of unemployment benefit
recipients.

Moreover, the inspection of covariate balance reveals
that, in this context, aiming to achieve balance in terms
of typically observed covariates also reduces imbalance
in terms of typically unobserved covariates by about 46
percent. This reinforces the notion that matching on rich
data — especially pre-treatment outcomes — also helps
reducing bias due to unobserved confounders. A plausi-
ble explanation of this phenomenon is that pre-treatment
outcomes may already have been affected by those unob-
served confounders in the past and thus, conditioning on
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pre-treatment outcomes may help proxy for unobserved
factors.

In comparison to Caliendo et al. (2017), the reduction
in imbalance achieved in terms of typically unobserved
covariates by conditioning on typically observed covari-
ates only is relatively large. At the same time, measures
of predictiveness from logit regressions of the treat-
ment indicator on typically observed covariates suggest
stronger selection into treatment among welfare than
unemployment benefit recipients. Hence, it appears that
a more predictive set of covariates may be helpful in
reducing potential biases due to typically unobserved
factors. However, differences in the degree of imbalance
reduction may also be driven by different sets of typically
(un-)observed covariates. One could only try to disentan-
gle these factors if one were to have access to both data-
sets by comparing results for different sets of typically
(un-)observed control variables. However, such an analy-
sis is beyond the scope of this paper.

Overall, the results indicate that estimated effects of
ALMPs and resulting policy conclusions are robust to
the inclusion of typically unobserved confounders in
the analysis. Hence, rich administrative data seem to
be sufficient to obtain reasonable estimates of causal
effects in this context. Nonetheless, one should not
over-interpret the findings of this paper. Although the
analysis uses numerous typically unobserved covariates,
effect estimates may still be sensitive to other factors not
observed through the survey data. Moreover, it is uncer-
tain whether these results generalize to the evaluation of
ALMPs in other countries, for example due to differences
in institutional features. Furthermore, it may be that esti-
mates of causal effects of other kinds of treatments, for
example in the medical context, based on the selection-
on-observable assumption are more prone to bias due to
unobserved confounding. These issues remain uncertain
and require additional research in the future.

Appendix
Tables 5, 6 and 7 and Fig. 2
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Table 5 Descriptives on all typically unobserved covariates

ALMP p-value
Part. Non-part.
Attitudes towards work
Share (mostly) agreeing:
Work is just a means to make money 0.549 0.565 0.388
Having a job is the most important in life 0.640 0.679 0.019
A job makes you feel included 0.885 0.885 1.000
I'would also work if | did not need the money 0.751 0.737 0.371
Job search behavior
Searched for a job in last 4 weeks 0.574 0432 0.000
Searched for a specific job in last 4 weeks 0.128 0.129 0.928
Searched for different kinds of jobs in last 4 weeks 0.238 0.178 0.000
Searched for any job in last 4 weeks 0.128 0.129 0.928
Number of search channels used 2,642 2.104 0.000
Had a job interview in last 4 weeks 0.220 0.160 0.000
Monthly net reservation wage in Euro 964 931 0.058
Types of concessions willing to make for a job
Share (mostly) willing:
Willing to accept a long commute 0416 0310 0.000
Willing to accept a low wage 0.298 0.247 0.001
Willing to work long hours 0405 0.318 0.000
Willing to work over-qualified 0.548 0426 0.000
Willing to accept unfavorable working conditions 0438 0.324 0.000
Willing to move for a job 0.180 0.134 0.000
Willing to do long-distance relationship 0.184 0.149 0.008
Mean standardized degree of satisfaction in different domains
With life 0.148 —0.031 0.000
With standard of living -0.015 0.003 0.618
Wth apartment 0.000 —0.000 0.996
Participation, social status and networks
Mean standardized subjective social participation —0.005 0.001 0.854
Mean standardized subjective position on the social ladder —0.030 0.006 0.291
Share active in a sports/music/cultural club 0.164 0.139 0.058
Mean number of close friends/family outside of own HH 5.248 5.141 0401
(Mental) Health
Mean standardized subjective health 0.189 —-0.040 0.000
Mean standardized mental health 0.058 -0.012 0.046
Mean no. of doctors visits in last 3 months 2574 3336 0.000
Share admitted to a hospital in last year 0.148 0.179 0.011
Intergenerational information
Share of mothers with a vocational deg 0.297 0317 0.240
Share of mothers with a university degree 0.074 0.053 0.015
Share of fathers with a vocational degree 0.151 0.174 0.068
Share of fathers with a unversity degree 0.100 0.084 0.149
Share of fathers employed when respondent was 15 0.772 0.783 0462
Share of fathers self-employed when respondent was 15 0.075 0.081 0516

This table compares covariate means or shares across treatment groups. p-values are obtained from equality of means tests
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Table 6 Estimated effects using other matching and weighting approaches

Regular employment after 36 months Real monthly earnings after 36 months
Std. Ext. Diff. Std. Ext. Diff.
Kernel matching (baseline) 0.063*** 0.056 0.006 118%** 109*** 9
(0.017) (0.018) (0.006) (29) (29) 9)
Caliper radius matching 0.054%** 0.058%** —0.005 107%%* 173%* -3
(0.019) (0.019) (0.014) (32) (32) (18)
Local linear matching 0.066*** 0.060*** 0.006 1247 116™** 8
(0.018) (0.018) (0.006) (29) (30) 9)
Inverse probability weighting 0.063*** 0.057%** 0.006 177%%* 17 7% 7
0.017) 0.017) (0.004) (28) (29) 7)
Doubly robust 0.058*** 0.054%** 0.005 110%* 104*** 6
0.017) (0.017) (0.004) (28) (28) (7)
Control variables
Typically observed covariates v v v v
Typically unobserved covariates v v

This table shows estimated ATTs. Standard errors are obtained via bootstrapping with 999 replications. Statistical significance based on the normal approximation
on the 10/5/1% level is indicated by * /** /***. Local linear matching use a standard bandwidth of 0.06. The caliper for the radius matching is set equal to three times
the 90% quantile of the distribution of differences in the propensity score from a nearest neighbor matching with replacement (Huber et al. 2015). The doubly robust
estimator combines inverse probability weighting with parametric outcome adjustment (Robins et al. 1995)

Table 7 Estimated Effects using other Extended Specifications

Regular employment after 36 months Real monthly earnings after 36 months
Std. Ext. Diff. Std. Ext. Diff.
No job search variables 0.063*** 0.056™** 0.007 118%** 105 13
(0.016) (0.016) (0.005) (29) (29) 8)
No inter-generational info 0.063*** 0.057%** 0.005 118%* 170%* 8
(0.016) (0.016) (0.005) (29) (29) 9)
Control variables
Typically observed covariates v v v v
Typically unobserved covariates v v

This table shows estimated ATTs. Standard errors are obtained via bootstrapping with 999 replications. Statistical significance based on the normal approximation on
the 10/5/1% level is indicated by * /** /***
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A. Participants
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B. Non-Participants
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Fig. 2 Propensity Score Distribution. This figure shows kernel-density estimates of the propensity score distribution for the standard

and the extended specification
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