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A B S T R A C T

The main concern for many evaluation studies is that controlling for individuals' observed characteristics may
not be enough to obtain valid treatment effects. We exploit a unique dataset that contains a rich set of
administrative information on individuals newly entering unemployment in Germany, as well as several usually
unobserved characteristics like personality traits, attitudes, expectations, social networks and intergenerational
information. This allows us to empirically assess the effect of including these usually unobserved variables on
the propensity score distribution, the matching quality, and the treatment effects obtained using unconfound-
edness-based estimators. Our findings indicate that these variables play a significant role for selection into
active labor market programs (ALMP), but do not make a significant difference in estimating treatment effects
on wages and employment prospects. This suggests that the usually unobserved variables we analyze are not a
threat to the validity of the estimated treatment effects, if comprehensive control variables of the type usually
used in modern ALMP evaluations (which include labor market histories) are available. Our results also suggest
that rich administrative data may be good enough to draw policy conclusions on the effectiveness of ALMPs.

1. Introduction

Evaluating the causal effects on outcomes of an intervention or
treatment has become the key empirical objective in many areas of
Economics, Statistics, and other fields like Sociology, Political Science,
Epidemiology, and Medicine. Among the most exhaustively studied
interventions are active labor market policies (ALMP), both using
experimental and nonexperimental methods. After the influential study
by LaLonde (1986) raised concerns on the ability of nonexperimental
methods to replicate the results of ALMP experiments, a very large
literature developed analyzing methodological aspects related to ALMP

evaluation, and nonexperimental methods in general.1 A key ever-
present question that nonexperimental ALMP evaluations face is
whether the data can account fully for all the factors that explain both
the participation in, and the outcomes of, a program. The objective of
this paper is to address this question, relying on unique data on several
characteristics usually not observed in the context of ALMP evalua-
tions, for individuals entering unemployment in Germany.

If the assignment to a program is non-random, assumptions are
needed to identify the treatment effects of interest. One of the most
popular approaches is based on the unconfoundedness or condi-
tional independence assumption (Heckman et al., 1999; Imbens and
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Wooldridge, 2009). In a binary setting where units are either treated
or used as comparisons (controls), the assumption implies that after
controlling for differences in observed covariates between the two
groups, any remaining differences are as if they had been generated
by random assignment to the groups. In the context of ALMP
evaluations this implies that researchers need to observe all the
variables that affect both treatment participation and labor market
outcomes. The main concern is that the unconfoundedness assump-
tion is not realistic in many cases, implying that there may be
unobserved characteristics that simultaneously explain the particu-
lar treatment individuals received and the outcome of interest.2 In
this case, estimators based on the unconfoundedness assumption –

e.g. propensity score matching and weighting – become biased,
either under- or overestimating the causal effects of the treatment.

Looking back at the last decade, the developments are twofold.
On the one hand, many countries now offer access to (very)
informative and complete administrative data – including detailed
information on the labor market histories of individuals – increasing
the likelihood that the unconfoundedness assumption is satisfied.
On the other hand, the recent literature showing the influence of
variables such as personality traits or preferences on economic
outcomes (e.g. Heckman et al., 2006; Osborne Groves, 2005;
Bowles et al., 2001), should be a cause of concern about the validity
of the unconfoundedness assumption; these variables might be
important on many dimensions in the context of ALMP (e.g. job
search behavior, selection into programs, overall labor market
performance) but have not been used previously as conditioning
variables in this context.

In this paper we address this concern explicitly. We focus on a
class of estimators that rely on comparing treated and control
individuals based on the propensity score and exploit a combina-
tion of rich administrative and survey data for a fresh inflow sample
into unemployment in Germany. The data not only contain “typi-
cal” administrative-based information (similar to many other
ALMP evaluations, particularly in Europe), but also information
on characteristics usually not observed in the context of ALMP
evaluations, like personality traits, attitudes, expectations, social
networks and intergenerational information.3 This allows us to
empirically assess how estimators based on the unconfoundedness
assumption perform when alternatively including or not these
usually unobserved variables. The key idea is that even if indivi-
duals in the treatment and control groups have similar values of
their estimated propensity scores (based on the usually observed
variables) they could still differ in the usually unobserved variables.
Our paper relates to the prior literature dealing with the sensitivity
of unconfoundedness-based estimators. Imbens (2003) and Ichino
et al. (2008) have proposed methods to assess the sensitivity of
unconfoundedness-based estimators to the presence of unobserved
variables. With methodological differences in their approaches,
these studies try to assess how large should the effect of hypothe-
tically not observed variables be to invalidate the results obtained
from applying propensity score-based estimators in different situa-
tions. Lechner and Wunsch (2013) explore, using a German
dataset, how sensitive matching estimators are to the inclusion of
a variety of usually observed (but rich) characteristics, and find that
those rich characteristics can remove selection bias. Our paper also

relates to the literature that tries to identify the bias from
unobservables by using the amount of selection on observables
(e.g. Altonji et al., 2005; Oster, 2016).

Building upon this previous literature, we estimate treatment
selection models using alternative sets of variables, for three typical
ALMP programs – short-term training, long-term training and wage
subsidies. We examine the resulting propensity score distributions,
ranks and matching quality. Based on these selection models we
estimate average treatment effects on the treated, and compare the
effects associated to the alternative variable sets. Our findings indicate
that personality traits and other usually unobserved variables play a
substantial role for selection into treatment. However, comprehensive
control variables (including labor market histories) are able to operate
as reasonable proxies for the information provided by the usually
unobserved variables. Thus, the differences in treatment effects be-
tween including and excluding the usually unobserved variables are in
general small. Although, our setting is similar to that of evaluation
studies in many countries, it should be noted that evaluating other
programs and using different sets of control variables or different
evaluation approaches could lead to different conclusions.
Nevertheless, our results indicate that the usually unobserved variables
we analyze are not a threat to the validity of the treatment effects and
suggest that rich administrative data that includes detailed labor
market histories may be good enough to draw policy conclusions on
the effectiveness of specific active labor market policies.

The paper is structured as follows. The next section gives a short
summary on the identification of treatment effects and the role of
potentially unobserved variables. Section 3 describes the institu-
tional background and the dataset, and presents some descriptives
statistics. Section 4 presents the results, while Section 5 concludes.

2. Usually unobserved variables and treatment effects

We base our discussion on the well known potential outcomes
framework (Roy, 1951; Rubin, 1974) and focus on the usual parameter
of interest in most evaluation studies, the average treatment effect on
the treated (ATT):

τ E Y D E Y D= ( = 1) − ( = 1).ATT i i i i
1 0 (1)

Yi
1 and Yi

0 are potential outcomes for individual i with and without
treatment and Di is a treatment indicator (equal 1 if individual i
received treatment). The last term on the right hand side of Eq. (1) is
not observed and using the realized outcomes of non-participants
instead, leads to a bias if participants and non-participants are selected
groups who would have different potential outcomes even in the
absence of treatment. To correct for this selection bias in nonexperi-
mental studies, propensity score matching estimators rely on the
conditional independence assumption (CIA), which implies that con-
ditional on the propensity score P X P D X( ) = ( = 1 )i i i , where Xi is a set
of observed characteristics, the counterfactual outcome is independent
of the treatment.4 The CIA is a strong assumption and its justification
depends crucially on the availability of data which allow the researcher
to control for all relevant factors that simultaneously influence the
participation decision and the potential outcomes. If there are un-
observed variables which affect assignment into treatment and the
potential outcomes simultaneously, a hidden bias might arise to which
matching estimators are not robust (see, e.g. Rosenbaum, 2002, for an
extensive discussion). Let us assume that the participation probability
is determined by a set of variables W X U= ( , ), where the variables in X
are observed, but the variables in U are not. Then the participation
probability can be specified as:

2 Even though the literature uses “selection on observables” as a way of referring to the
unconfoundedness assumption, and the term “unobservables” is also commonly used, we
prefer to use the term “unobserved” to highlight the fact that the observability of a
particular variable will vary for different contexts and data.

3 For example Gerfin et al. (2005) for Switzerland, Sianesi (2004) for Sweden, and
Lechner et al. (2011) and Biewen et al. (2014) for Germany, use comprehensive
administrative data in order to evaluate ALMP programs in (Western) European
countries. However, those studies generally lack information about personality traits,
attitudes and expectations.

4 In addition to the CIA, we also assume overlap which implies that there are no
perfect predictors which determine participation, i.e. P X( ) < 1i , for all i.
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