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Abstract
The availability of childcare is a crucial factor for mothers’ labour force participation.
While most of the literature examines childcare for preschool children, we specifically focus
on primary school aged children, estimating the effect of formal afternoon care on maternal
labour supply. To do so, we use a novel matching technique, entropy balancing, and draw
on the rich and longitudinal data of the German Socio-Economic Panel (SOEP). We show
that children’s afternoon care increases mothers’ employment rates and their working
hours. To confirm the robustness of our results, we conduct a series of sensitivity analyses
and apply a newly proposed method to assess possible bias from omitted variables. Our
findings highlight how childcare availability shapes maternal employment patterns well
after school entry.
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1. Introduction

Women’s labour force participation has increased dramatically, significantly narrowing
the gender employment gap. Yet women with children remain less likely to work in the
labour market than other women or men, and when they do work, they tend to work
fewer hours. Such lesser engagement has important consequences from both social and
individual perspectives. In many advanced economies, the weak attachment of mothers
to the labour market leads to a systematic underutilisation of their human capital,
often exacerbating an already unfavourable employment/population ratio. At the same
time, the economic position of mothers is affected both in the short- and long-term, as
employment interruptions and lower working hours not only result in an immediate loss
of earnings, but also tend to place them on a permanently lower earnings trajectory (e.g.
Joshi et al., 1996; Sigle-Rushton and Waldfogel, 2007; Waldfogel, 1998).

Family policies appear to be successful in reducing the cost of motherhood. Indirect
evidence comes from cross-country comparisons, with mothers maintaining stronger ties
to the labour market in places where governmental support is more extensive (Gornick
and Meyers, 2003; OECD, 2011). There is also persuasive evidence on the effectiveness of
specific family policies in individual countries, as a large number of studies examine the
effect of an individual policy change on maternal employment. This body of research
considers different policy reforms, including leave policies (e.g. Berger et al., 2005;
Nollenberger and Rodríguez-Planas, 2015), childcare subsidies (e.g. Baker et al., 2008;
Brilli et al., 2013; Lefevbre and Merrigan, 2008; Schober and Spiess, 2015), and public
pre-school education (e.g. Berlinski and Galiani, 2007; Blau and Currie, 2006; Cascio,
2009; Fitzpatrick, 2012; Goux and Maurin, 2010). However, it focuses almost exclusively
on children under the compulsory school age.

Yet caring responsibilities for children do not end once they enter primary school.
Although schools effectively provide what is free and universal childcare, maternal labour
supply patterns continue to be influenced by the presence of children, even when they are
of school age. Not only does school life impose a new set of demands on parental time,
but, crucially, in most countries regular school hours are part-time and not compatible
with a full-time working week (OECD, 2011; Plantenga and Remery, 2017). In most
countries, primary school children start the school day between 8:00 am and 9:00 am and
finish between 1:00 pm and 3:00 pm; but hours are not always evenly spread across the
week. For example, until 2014, schools in France operated a four-days a week schedule,
while most schools in Belgium and the Netherlands are not open on Wednesday afternoon
(Plantenga and Remery, 2017). While a few countries, including Sweden and Denmark,
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have a well-organised infrastructure of out-of-school services tailored on school opening
hours, in most countries provision is patchy. The problem of organising afternoon care
is especially acute in countries where the school day is traditionally limited to only the
morning and where children typically go home at lunch time, including, for example,
Austria, Chile, Germany, Mexico, and Switzerland (Allemann-Ghionda, 2009; OECD,
2011). Most of these countries are implementing reforms to increase the length of time
children spend in school or increase the availability of after-school programmes (OECD,
2015).

In this paper, we examine the case of Germany, where, since the early 2000s, policy
makers have sought to support maternal employment by extending the time school
children spend in formal afternoon care (Marcus et al., 2016). As a result, Germany
has moved from an exclusively half-day school system to one where afternoon care is
increasingly available, either because schools operate a full-day schedule or because after-
school programmes, often based in school facilities, offer additional activities. The change
amounts to an extension of the public school system, as schools remain the cornerstone
of this expanded care provision, even when they do not provide the service themselves.
Germany is an interesting case for a number of reasons. Unlike the Nordic countries
or France, (West) Germany has long been characterised by low maternal employment:
not only there is a large employment gap between mothers and childless women, but
among working mothers short part-time work (less than 20 hours a week) is the dominant
employment arrangement (Daly, 2000; Knittel et al., 2014; Lewis et al., 2008). Informal
childcare arrangements are not common, as they are in Southern European countries
such as Italy (Bettio and Plantenga, 2004). Further, a highly regulated labour market
makes it difficult to meet the demand for afternoon care: unlike the US or the UK,
affordable private services staffed by a low-paid and low-qualified workforce is not available
(Morgan, 2005). At the same time, Germany has witnessed a radical policy shift with the
development of a number of family friendly policies aimed at easing the reconciliation
between family responsibilities and employment (Bauernschuster and Schlotter, 2015;
Schober and Spiess, 2015). These changes have occurred against the background of
an expanding economy that was not hit by the great recession to the same extent as
other countries. So, from a public policy perspective, Germany could be thought of as
“low hanging fruit”, a context in which we would expect the availability of childcare to
significantly influence maternal labour supply.

Of the considerable literature on childcare and maternal employment, studies
evaluating the impact of pre-school provision one or two years before compulsory school
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age are most closely related to our paper. The 1970s roll-out of kindergarten programmes
for five year olds in the US is a prominent example. Gelbach (2002) finds that enrolment
increases labour market participation of both married and single mothers, albeit, for
the latter group, only when they do not have an additional younger child. More
recent results from Cascio (2009) and Fitzpatrick (2012) are mixed, as they show that
kindergarten increases the probability of working among single mothers with one child,
but with no effect on single mothers with an additional younger child or married mothers.
There are studies from other countries that also exploit reforms expanding preschool
education throughout the 1990s. For example, Berlinski and Galiani (2007) show how the
construction of pre-primary school facilities in Argentina helped raise enrolment among
3-5 year olds and, in turn, maternal employment. Nollenberger and Rodríguez-Planas
(2015) estimate that, notwithstanding low labour demand, the fivefold expansion of
universal preschool education for three year olds in Spain increased maternal employment
by almost 10%. Bauernschuster and Schlotter (2015) examine the impact of the increase
in Kindergarten attendance by 3 year olds and older in Germany. Their results indicate
a large and positive effect on maternal labour force participation. In all these countries
where reforms occurred in the 1990s, maternal employment at the time of the change
in preschool availability was rather low and, in the case of Germany, even among highly
educated mothers living in strong labour markets. By contrast, in Scandinavian countries,
public childcare is found to have no impact on the already high maternal labour force
participation rate (e.g. Havnes and Mogstad, 2011; Kosonen, 2014; Lundin et al., 2008;
Simonsen, 2010).

There are only a few studies specifically examining the effect of reforms extending
school opening hours or after-school care programmes. Evidence from Chile, where the
school day was increased by two hours at the end of the 1990s, indicates a positive effect
on female employment (Berthelon et al., 2015). Felfe et al. (2016) examine the case
of Switzerland, where the legal right to an after-school care place was introduced by
different cantons in different years. They find a positive effect on full-time employment
among mothers, but no effect on the employment rate. Paternal employment, instead,
did not appear to respond to the increase in after-school care. There is also an emerging
literature on the German case, focusing on a specific federal policy programme launched
in 2003, under which schools are expected to provide children with lunch and afternoon
care following the regular morning instruction hours. One of the policy objectives of
the programme is to increase maternal labour participation. Using a structural micro-
simulation, Beblo et al. (2005) indeed show that such a programme would increase
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maternal labour force participation. However, it is proving more challenging to estimate
the impact of the policy using standard quasi-experimental evaluation methods. While
there are three working papers (Dehos and Paul, 2017; Nemitz, 2015; Shure, 2016)
attempting to exploit the staggered implementation of this programme as a source of
exogenous variation, accounts of the actual roll out suggest that implementation was
neither random (Wiezorek et al., 2011) nor isolated from childcare policy at the local
level (Autorengruppe Bildungsberichterstattung, 2016; Lange, 2016). As we explain more
fully in section 2, this single federal programme contributes to the expansion of afternoon
care, but in a way that reflects an intricate pattern of different local labour market
conditions, political priorities, and existing afternoon care services. Without data on
all these other contextual factors, it is unlikely that the variations in the roll-out of this
specific programme are unrelated to maternal employment.

In this paper, we take an approach that is more suitable to examine the kind of
expansion in afternoon care that occurred in Germany. Drawing on the German Socio-
Economic Panel (SOEP), we investigate the employment patterns of mothers in the
year that their child enters compulsory schooling and the year before. We examine two
different outcomes: i) being in employment; and ii) actual hours worked per week, thus
distinguishing between the extensive and intensive margin. We compare mothers whose
child only attends school in the morning to similar mothers whose child also attends
an afternoon care service. In order to make the two groups more similar, we apply
a rather novel non-parametric matching estimator, entropy balancing (see Hainmueller,
2012). The matching procedure has several advantages compared to common propensity
score methods and makes use of a rich set of information about the mothers, their children,
and their partners in order to make our strategy robust against selection on observables.
Further, by considering the lagged value of the outcome variable, our empirical strategy
takes into account selection on unobserved variables that do not change over a short
period of time (such as attitudes toward work and family). We address some concerns
about reverse causality by exploiting a specific feature of enrolment procedures, whereby
children receiving afternoon care organised under the auspices of the school can only
register at the beginning of the school year. Despite the fact that we employ more than 100
conditioning variables and that these contain the mother’s detailed labour market history
as well as some usually unobserved variables like desired working hours and job search
behaviours, omitted variables might still be present. Therefore, we apply the method
proposed by Oster (2013, 2016) to assess the robustness of our results to omitted variable
bias. This method exploits the fact that the bias from observed variables is informative
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of the bias from omitted variables, assuming that there is some kind of proportionality
between the two biases.

We find that a child’s participation in afternoon care during the first year of primary
school increases their mother’s employment. By taking into account the different
employment patterns prior to school entry, we further show that a mother who did
not work before is more likely to take up paid work (+11.4 percentage points), while
among mothers who already worked prior their child’s school entry, afternoon care leads
to an average increase in working hours by about 2.6 hours per week. There is little
evidence that this increase in maternal employment crowds out paternal employment or
other childcare arrangements. Our results are robust to various sets of control variables,
different sample restrictions, and alternative estimations techniques. Further, the Oster
(2013, 2016) method suggests that the impact of omitted variables must be substantively
stronger than that of the included control variables in order to completely explain the
effects of afternoon care.

The remainder of the paper is organised as follows. Section 2 briefly describes the
institutional context. In Section 3 we present our empirical strategy and Section 4 provides
details about the data used. Section 5 discusses our results and Section 6 comprises various
robustness checks before Section 7 concludes.

2. Institutional context

Afternoon care

In Germany children enter formal schooling when they are six years old and attend
primary schools for four years before transitioning into secondary education.1 Primary
schools have traditionally been organised on a half-day basis, with lessons taking place
only in the morning from 8:00 am and children returning home for lunch by 1:00 pm. In
the German Democratic Republic (GDR; East Germany) this system was progressively
supplemented with after-school programmes provided in the school building (Schulhorte)
but organised under different auspices (Mattes, 2011). In West Germany, instead, the
traditional half-day structure of the school system remained in place until the early 2000s
and relied on the presence of mothers at home (Hagemann, 2006).

The lack of afternoon care, with its consequences for maternal employment and
possible contribution to educational inequalities, gained great political prominence only

1In the states of Berlin, Brandenburg, and Mecklenburg-Vorpommern, the transition to secondary
school occurs after grade 6.
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in the early 2000s and culminated in the launch of a federal government flagship
programme, “The Future of Education and Care” (Investitionsprogramm Zukunft Bildung
und Betreuung or IZBB). This policy initiative provides funds designated to support
both primary and secondary schools remain open in the afternoon, offering after-school
activities. Schools participating in the programme are now known as “all-day schools”.
The name is somewhat misleading, as among primary schools the large majority of “all-
day schools” do not have instruction hours in the afternoon. Instead, they offer optional
extra-curricular activities after normal lessons. Despite IZBB being a single high profile
initiative, each federal state administers the funds differently. This is in part due to
German governance structure, whereby education policy is the exclusive responsibility
of each individual federal state. For example, some states concentrate their funding on
secondary schools, while others opt to support primary schools or give priority to working
parents. In many states, funds within the IZBB framework are distributed on a “first-
come-first-serve” rule among applying schools. This means that expectations of parental
demand for afternoon care in the school catchment area are likely to influence the roll-out
of the programme. Because of this complex funding and implementation structure, IZBB-
sponsored afternoon programmes have evolved differently across the country, reflecting
different political priorities and resources. In particular, differential expectations or policy
aims in relation to maternal employment may play a role in how federal funds are spent.
As such, it is difficult to exploit these differences in development rates as a source of
exogenous variation without data capturing how local level policies and individual school
practices mediate access to this specific federal initiative (Wiezorek et al., 2011).

Notwithstanding these variations, all-day schools across the whole of Germany have
been increasing, with over 53% of all primary schools offering afternoon care in 2014
(KMK, 2016). In practice, this means that children attending these schools have the
option of remaining at school, eating lunch and taking part in extracurricular activities.
The activities are offered either directly by the school, albeit not by teaching staff, or by
external providers operating on school premises. Afternoon programmes vary greatly in
their content, with some closely linked to the morning school lessons, while others offer
other types of activities, such as sport or music. Enrolment in the afternoon programme is
voluntary in almost all primary schools (Marcus et al., 2013),2 with enrolment only taking
place at the beginning of the school year (Federal Ministry of Education and Research,

2Less than 5% of primary schools are all-day schools in the strict sense of operating an all-day schedule
for all the children enrolled (Marcus et al., 2013).
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2016). This means that parents do not have the flexibility to adjust their children’s
attendance on the basis of job opportunities that may arise during the school year.

Afternoon services can also be provided independently from primary schools, resulting
in a combination of primary schooling in the morning and an after-school programme
in the afternoon (Hort). Within this type of programme, children are picked up from
school, given lunch, and offered a variety of activities. This is most commonly offered
at community centres, but sometimes on school premises. Like all-day schools, this
type of programme can operate in very different ways, with looser or tighter links to
primary schools. While the precise educational and pedagogical content of the different
programmes are likely to matter to children’s development, here we intentionally leave
aside these aspects and focus instead on those organisational features that are most
relevant to enabling mothers to work. From this perspective, there is considerable overlap
between the two types of programmes. In both cases, children are provided with lunch and
spend their afternoon hours in a supervised environment with learning and enrichment
opportunities. Afternoon activities take place four or five days a week, usually lasting
until 3:00 or 4:00 pm, depending on the programme (Holtappels et al., 2008), providing a
considerable extension of childcare coverage relative to morning only school attendance.

Perhaps it is not surprising that policy makers see these two types of programmes as
either substitutes or, essentially, equal. Thus, with the role out of the IZBB programme
some Western states (such as Berlin, Hamburg, North Rhine-Westphalia) have substituted
Hort programmes with all-day schools, while other states have fostered the increase of
both Hort programmes and all-day schools. In the remainder of this paper, we use the
terms “afternoon care” to refer to the two formal services described above. When we
need to distinguish between specific types of programmes, we refer to afternoon care
under the auspice of the school as all-day schools (Ganztagsschule) and to all other formal
afternoon care as after-school programmes (Hort). We exclude other forms of care that
may be provided by friends or relatives as well as other privately arranged out-of-school
activities.

Maternal labour supply
In Germany, the employment rates of mothers differ greatly between West and East.

In particular, in West Germany, where in 2012 82% of all mothers with dependent children
lived, their labour force participation has historically been low. However, maternal
labour supply is growing considerably, increasing from 59% in 2000 to 66% in 2012
among mothers with children younger than 18 (Knittel et al., 2014). Between 2006 and
2012, increases were particularly pronounced among mothers with children around school
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entry age: the employment rates of mothers with children aged 4-6 and 6-8 rose by
8.3 and 8.8 percentage points, respectively (Knittel et al., 2014). Although mothers are
increasingly in employment, they mainly work part-time, with more than three-quarters
of employed mothers working less than 32 hours a week in 2012. This pattern does not
vary substantially with the age of the youngest child. In 2012, working less than 32
hours a week was as common among mothers with children aged between 4 and 6 as
among mothers of children aged between 6 and 8 (about 74%) (Knittel et al., 2014).
Mothers increase their hours as their children grow, but compulsory school entry does not
mark an abrupt increase in maternal labour market engagement. An increase in full-time
work among mothers appears once children are 10 or older and, thus, more capable of
self-care. The start of compulsory schooling at age 6 may even lead to a reduction in
maternal employment or working hours in areas where the increasing availability of full
time early childhood education and care places has not been matched by an extension
of childcare coverage for primary school children. For example, while early childhood
education and care centres have traditionally only been open in the morning in West
Germany, in 2015 39% of children aged three to six had a full day place (Autorengruppe
Bildungsberichterstattung, 2016). Overall, working part-time appears to be the way
German mothers reconcile paid work with caring responsibilities for young children, yet
Wunder and Heineck (2013) show that a substantial share of mothers (26%) would like
to work longer hours.

Within such a context, afternoon care can be a powerful policy lever to support
maternal employment. First, it can help mothers enter the labour market, giving them
greater flexibility to take jobs that do not closely match half-day schools’ opening hours.
Second, afternoon care can help mothers already in employment extend their working
hours, either within a part-time working arrangement or by moving to full-time. We test
these hypotheses in what follows.

3. Empirical strategy

Our empirical strategy seeks to identify the impact of afternoon care for primary
school children on maternal labour force participation. We investigate the role of both all-
day schools (Ganztagsschule) and after-school programmes organised by other providers
(Hort). Both types provide subsidized public afternoon care and, in practice, cannot
always be distinguished from one another (Lange, 2015). Our identification strategy
relies on a matching approach that makes also use of the pre-treatment outcomes. The
longitudinal nature of our data allows controlling for mothers’ pre-treatment labour force
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participation while matching is performed by entropy balancing. The general idea of
the estimation strategy is straightforward. We examine maternal employment patterns
before and after their child enters school, comparing those whose child receives afternoon
care (treatment group) to those whose child only attends school in the morning (control
group). In order to make the control group children similar to the treatment group,
we apply the non-parametric entropy balancing (EB).3 This technique reweights the
observations in the control group in such a way that they have the same mean and
variance for all included variables as the treatment group.4 We opt for entropy balancing
over the more conventional propensity methods for a number of reasons. First, EB is more
effective at reducing the imbalance between treatment and control group characteristics
and, unlike propensity score methods, never produces a worse balance. Second, while the
covariate balance is only checked for the means in most propensity score applications, EB
allows for balancing both the mean and variance of each individual variable, thus further
enhancing the balance between the two groups. Third, EB is fully non-parametric and
does not rely on functional form assumptions necessary for the propensity score equation.
Fourth, entropy balancing spares the burdensome iterations of propensity score methods
between estimating the propensity score, checking for covariate balance and readjusting
the propensity score model to achieve a better balance.

However, as in all propensity score methods, entropy balancing requires the inclusion
of all variables that simultaneously affect the probability of children’s participation in

3We use the user-written programme “ebalance” (Hainmueller and Xu, 2013) in Stata to implement
entropy balancing.

4More specifically, entropy balancing solves equations of the following form for ω1- ωn:

x̄T
1 = ω1 · x11 + ω2 · x12 + . . .+ ωn · x1n

x̄T
2 = ω1 · x21 + ω2 · x22 + . . .+ ωn · x2n

...
x̄T

j = ω1 · xj1 + ω2 · xj2 + . . .+ ωn · xjn

x̄T
j denotes the mean of variable xj in the treatment group, xjn the value of the n-th control group

observation in the j-th conditioning variable and ωn denotes the weight of the n-th control group member.
Note that while this discussion focuses on the first moments (means), the argument for the second moment
(variance) follows analogously. Entropy balancing imposes the restriction that all ωn must be non-negative
(i.e. no observation receives a negative weight). While there are generally more control group observations
than restrictions, i.e., N > J , usually more than one weighting scheme ω1- ωn solves this set of equations.
Out of the many possible weighting schemes that fulfil these conditions, entropy balancing selects the
weighting scheme in which the weights deviate as little as possible from equal weights - where distance is
measured by the eponymous entropy divergence (Kullback, 1959).

9



afternoon care and maternal employment (conditional independence assumption, CIA).
Because we work with longitudinal data and observe mothers both the year their child
starts school and the year before, we can take several steps to make it more likely for the
CIA to hold. We start by including the employment status of mothers when the child
is below compulsory school age; this is the “pre-treatment outcome” component of our
model. In particular, we specify whether mothers work at all and the number of actual
hours they work. We include the same information on their labour force participation
from two years before the child’s school entry. This way we compare mothers with similar
employment trajectories. We also pay particular attention to work plans and motivation,
including information that is often unobserved in other datasets, such as the number
of desired working hours, job search behaviour, and working intentions for those not
employed. In addition, we include information on children’s childcare attendance the
year before school entry. We distinguish between institutional care and informal care, thus
capturing preferences for centre-based care and whether relatives are available. Family
socio-economic and demographic characteristics, such as education levels, income, and
family composition, are also accounted for by a large set of variables. Finally, we add
regional indicators to capture disparities in economic conditions. In short, our matching
strategy relies on an extensive set of observables that go a long way to capture work and
childcare preferences to the fullest extent possible.

Our set of control variables consists of factors that might affect the treatment and
factors that might affect the outcome. Note that the conditional independence assumption
states that the estimator is biased only if a variable that is related to both treatment and
outcome is not included. Therefore, a failure to control for any variable in the two sets
of factors only results in a biased estimator if the omitted variable should be included in
both sets of factors. The matching procedure makes our strategy robust against selection
on observables. Further, by considering the lagged dependent variable, our empirical
strategy also takes into account selection on unobservable characteristics that are likely
to remain stable over time, such as work-family attitudes. We include all control variables,
not only in the entropy balancing step, but also in the regression equation. This makes
the estimator double-robust (Bang and Robins, 2005) and also increases the precision of
the estimates as the control variables reduce the unexplained variance in the outcome.
Hence, we estimate the average treatment effect on the treated (ATT) using the following
equation:

ATT =
∑
k∈T

[
(Y1k −X ′kβ̂)−

∑
l∈C

Wk,l(X)(Y0l −X ′l β̂)
]
, (1)
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where Y1k and Y0l denote the observed outcomes of individuals in the treatment (T )
and control group (C), respectively. X depicts the vector of control variables including
the lagged outcome, while Wk,l(X) refers to the weights from entropy balancing and,
hence, depends on X. β̂ denotes the vector of estimated coefficients from the weighted
regression of Y on all control variables. Eq. (1) shows that the control variables are used
both for entropy balancing and regression-adjustment.5 All reported standard errors are
robust to heteroscedasticity and clustered at the mother level.

In practice, our empirical strategy seeks to ensure that variation in afternoon care
attendance does not stem from mothers’ characteristics, their propensity to work, or
their attitudes towards childcare. Instead, when comparing mothers who differ only by
their children’s attendance in afternoon care, our assumption is that such variation is
only due to the availability of formal afternoon care. We expect a child’s attendance in
afternoon care would allow their mother to search and take up jobs, while, by the same
token, absence of afternoon care would lead a mother to turn down a job offer because of
her care commitment. The strength of our approach is that our rich set of conditioning
variables allows controlling directly for factors related to the demand for afternoon care,
leaving variation in availability to be driven by exogenous idiosyncratic factors.6 Note
that using the staggered expansion of afternoon care as an instrumental variable for a
child’s attendance is likely to incur into the problem that expansion itself was guided
by demand at the very local level, especially since schools themselves have considerable
autonomy on whether to offer the service or not.

There are two main threats to our identification strategy: omitted variables and reverse
causality. While our identification strategy includes several features against these two
threats, in the robustness section we apply the method developed by Oster (2016) to
assess robustness to bias from those unobserved variables that may have a time-varying
impact on maternal employment and for which we cannot control. We further address
some concerns of reverse causality by exploiting a specific feature related to the timing of
maternal employment choices and enrolment in afternoon care.

5As the treatment indicator is almost orthogonal to the control variables after entropy balancing
(treatment and weighted control group have the same means in all control variables), the inclusion of
control variables in the regression step does not change the estimated treatment effect substantially but
rather increases its precision.

6More specifically, we not only control for the economic situation in the mother’s region, for state
fixed effects, and for the degree of urbanisation, but we also include variables that capture preferences for
childcare policies (e.g., the child’s care arrangements before school entry) and maternal work preferences
(e.g., maternal work intentions and labour market history).
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4. Data

The analyses in this study are based on the German Socio-Economic Panel (SOEP).
The SOEP is an annual nationwide random panel survey of German households, carried
out since 1984 (see Wagner et al., 2007). Currently, it covers more than 30,000 individuals
in approximately 17,000 households. SOEP has several advantages for the present
analysis. First, it is among the few nationally representative datasets in Germany that
includes information on participation in afternoon care services. Second, the longitudinal
design allows comparing maternal labour force participation before and after their child’s
school start. Third, the dataset is especially rich, with detailed information on children
and their childcare usage, on parents and their employment histories, as well as on the
entire household. Fourth, SOEP comprises information that is usually unobserved in other
data, such as job search behaviour and the intention to work for non-working individuals.
Finally, the data include the date of the interview and detailed calendar information on
individual labour force statuses, which helps to mitigate concerns that mothers’ decisions
to work precede the children’s enrolment in afternoon care services.

4.1. Sample selection

Our focus is on the change in mothers’ employment patterns between two time points:
when their child is in her first year of primary school (t1) and the year before (t0).
Regarding mothers’ employment and work hours we also refer to outcomes measured in
the latter period (t0) as pre-treatment outcomes. We use information on mothers whose
child entered primary school between 1999 and 2013. Mothers can appear more than once
in our sample if they have several children who enter primary school during those years.
Our estimations rely on 4,254 observations, which relate to 3,258 different mothers. All
presented standard errors are clustered at the level of the mother and, hence, take multiple
observations into account. Moreover, the robustness section shows that our results are
robust to only using one observation per mother. The 1999-2013 time window is chosen
because the 1999 school cohort is the first to have fully benefited from the 1997 legal right
to a subsidised kindergarten place starting at the age of three (see Bauernschuster and
Schlotter, 2015).7 There are also data reasons: some of our control variables regarding

7Although starting to observe children from 1999 onward precedes the expansion of afternoon care, we
still observe children in both treatment and control groups between 1999 and 2003. Few children receive
afternoon care between 1999 and 2003; this increases from 2003 onwards. Therefore, we also conduct
a sensitivity analysis and look only at mothers and children observed from 2003 onward. The results
remain very similar.
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preschool are only regularly surveyed starting in 1999. Similarly, we can only include
mothers whose child enters school in 2013 or before, because information on more recent
cohorts is not yet available. In the robustness section, we experiment with a shorter time
period.

In order to get closer to an ideal experimental situation, we only consider respondents
who were interviewed between January and July in both years (t0 and t1). This ensures
that the employment patterns observed at t0 and t1, respectively, precedes and follows
enrolment in an afternoon care service, which takes place at the start of the school year
in August/September. As the vast majority of interviews in SOEP takes place in the first
half of the year, these two sample restrictions reduce the sample size by only 6.2%.8 We
only examine school starters for two reasons. First, there is a high degree of persistence
in the participation in all-day schooling (Steiner, 2011). Hence, there is little variation in
a child’s treatment status over time. Second, as the school entry date is rather exogenous
to the individual family, we argue that reverse causality issues are much more a concern
for children who change their treatment status while they are already in school.

We omit individuals with missing information on the key variables (maternal labour
force status in t0 and/or t1, child’s afternoon care status in t1). This reduces the sample
size by 4%. However, we include individuals with missing values in control variables
by using a separate missing-value dummy for each variable with missing values. In
a robustness test, we show that disregarding these observations does not change our
conclusions. As a final sample restriction, we only look at children who turn 5, 6, or 7 in
the year of their school entry. This restriction reduces the sample by 1.2% and is imposed
in order to reduce measurement error in school entry. Again, the results are robust to
including these cases as well.

4.2. Treatment and control group

Our control group includes mothers with children who are only in school in the morning
and who do not receive formal afternoon care. The treatment group includes mothers
whose child is (i) in an all-day school until mid or late afternoon; or (ii) attends primary
school and a separate after-school programme (Hort). As mentioned earlier, the two forms
of provision cannot be easily distinguished, as all-day schools typically offer afternoon
activities run by staff external to the school, thus closely resembling afternoon programmes
provided by social services and non-profit organisations, either on school premises or in

8The results are also robust to using cases with an interview between August and December; see
section 6.
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other care centres. In addition, before 2009 the SOEP questionnaire does not allow for
differentiating between the two types of afternoon programmes.9 While this is problematic
for studies trying to separate all-day schools and after-school programmes, it does not
affect our strategy. The precise administrative structure of the afternoon care is not
relevant to maternal employment; what matters is whether the child attends a formal
afternoon service, which is what we capture. In 2009 the relevant SOEP questions changed
to unambiguously classify students according to the type of afternoon care in which they
participate. We use this information and, as a robustness check, we exclude children
attending Hort from the analysis.

In summary, our sample consists of mothers whose child attends day care in t0 and
primary school in t1. Mothers are assigned to the treatment group if in t1 their child
usually receives afternoon care, either defined as attendance at primary school the whole
day or attending primary school and a separate after-school programme; the remaining
mothers in the sample constitute the control group, whose children only attend primary
school in the morning. Our sample consists of 4,254 mother-child pairs: 1,278 in the
treatment group and 2,976 in the control group.

4.3. Outcome variables

Two indicators describe our maternal employment outcomes, one relates to the
extensive margin and one to the intensive margin. The first outcome variable is binary and
indicates whether a mother works in t1, while the second outcome indicates the number
of actual hours a mother works per week in t1. This second outcome takes on the value
0 for individuals who are not working.

4.4. Conditioning variables

We make use of a broad range of control variables in our analyses. All originate from
the interview in t0 and, hence, describe the situation before the child enters primary school.
We include control variables that are likely to be related to both maternal labour force
participation in t1 and child’s attendance in afternoon services (see also the discussion in
Section 3). These conditioning variables describe the labour market history of the mother,
their education, and their demographic characteristics. For their labour market history,
we do not just rely on information about their work status or weekly hours of work in

9Before 2009 the question reads “Which of the following institutions do [your] children currently
attend?” and lists both primary school and after-school programme as category leaving parents the
possibility to give multiple answers.
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t0, but also on the same variables from two years before the child’s school entry and
retrospective information on the number of years in full-time and part-time employment.
In addition, the SOEP, unlike many other general surveys, elicits rich information on
work preferences and plans. For mothers who are in employment at t0, we include the
number of desired working hours, while, for mothers who are not in work at t0, we include
variables on job search behaviour and working intentions.10

In addition to information about mothers, we also use information regarding their
child, their partner, and the household. Child characteristics included are age, the
presence of younger siblings, and enrolment in childcare in t0. The characteristics of
maternal partners include labour market attachment and education as well as some
demographics. Household information relates to income, rural/urban classification of
the place of residence, federal state, as well as state level unemployment and GDP.
Additionally, we include indicators for each survey year as well as for the subsamples
of SOEP.

Table 1 shows the means of selected conditioning variables in t0 for mothers in the
treatment and control groups, respectively (Table A.1 in the appendix provides a full list of
control variables). This table compares the means of the treatment group (column 1) with
the means of the unmatched control group (column 2). The similarity between treatment
and control groups is shown by the mean differences (column 3) - the difference in the
mean between treatment and control groups. In addition, Table 1 comprises information
of the means of the matched control group, i.e. re-weighted by entropy balancing (column
4), and the similarity between treatment and control groups is shown by the standardized
bias (columns 5 and 6).

[Table 1 about here]

The descriptive comparison between treatment and control groups shown in Table 1
suggests that maternal labour supply differs already in t0 between treatment and control
group. Mothers whose children receive afternoon care are 18 percentage points more
likely to have worked in t0 and work about 11 hours more a week in t0, i.e. prior to their
child’s school entry. Table 1 also points to substantial differences with respect to other

10We include binary variables for each answer (see Table A.1 in the appendix) to the questions “Do you
intend to engage in paid employment (again) in the future?”, “When, approximately, would you like to
start with paid employment?”, “Are you interested in full-time or part-time employment, or would both
suit you?”, “Is it or would it be easy, difficult or almost impossible to find an appropriate position?”,
“Could you start working within the next two weeks?”, and “Have you actively looked for work within
the last four weeks?”.
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characteristics between mothers whose child receives afternoon care and those whose child
does not. For instance, mothers with children in afternoon care services are much more
likely to live without a partner, to have a highest secondary school degree, and to have
more full-time work experience. Moreover, their children are more likely to have attended
day care for longer hours.

With regards to the standardized difference for the unmatched control group (see
column 5 in Table 1), for many variables it exceeds the value of 20 in absolute terms,
which is considered to be a large difference (Rosenbaum and Rubin, 1985). But Table 1
also shows that after re-weighting with entropy balancing weights, the matched control
group has the same mean as the treatment group in all variables (see column 4) and a
standardized bias of zero (column 6).11

5. Results

Table 2 provides an initial snapshot of the differential changes in employment patterns
between mothers whose child is enrolled in afternoon services and those whose child is
in school only in the morning. Such differential change is most visible when mothers are
grouped according to their employment pattern the year before their child enters school
(t0). We start by looking at mothers who are not in paid work in t0. We then divide this
group according to their children’s afternoon services attendance in t1 and notice that
only 65% of those whose child is cared for in the afternoon are not in work, as opposed to
79% of those whose child is not. While both groups of mothers are more likely to work
part-time than full-time, 7% of those in the treatment group work full-time, while only
1.6% do so among those whose child does not attend afternoon care.

[Table 2 about here]

When looking at mothers who are already in paid work the year before school starts,
differences between those using afternoon care and those who do not are less stark and
relate to working hours rather than employment status. For example, among those who
work part-time before their child enters primary school, 8% shift to full-time work if their

11In Table A.1 we show that propensity score matching also works well in reducing the differences
between treatment and control groups. None of the standardized biases are larger than 20 % after
propensity score matching; although several values are greater than 5%, which is considered to be a
threshold for low values (see Caliendo and Kopeinig, 2008). However, the standardized bias is clearly
smaller for the entropy balancing specification than for the propensity score specification. For some
variables, such as child’s gender, the standardized bias in the propensity score specification is even larger
than in the unweighted control group.
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child receives afternoon care, as opposed to only 3.8% in the control group. It is also
notable that among mothers who are working full-time before their child is in school,
17% scale back to part-time if their child is in half-day school, as opposed to only 10%
of those whose child attends an afternoon care service. Overall, mothers whose child
attends school for a full day or combined with an after-school programme are more likely
to start working and to work longer hours than mothers whose child is only attending
school for half a day. This difference is visible for all groups of mothers irrespective of the
employment status before the child’s entry in school. In the following we will continue to
differentiate the results according to mothers’ t0 working status.

The regression results in the first column of Table 3 confirm these conditional
correlations for all mothers (Panel A), as well as for mothers who did not work in t0

(Panel B) and those who worked in t0 (Panel C). This column is based on our baseline
regression, which controls only for the value of the outcome variable when the child was in
kindergarten (i.e. the t0 working status and actual working hours, respectively), alongside
time and state fixed effects (capturing general differences over time and between states).
These conditional correlations do not imply causality, as mothers in treatment and control
group have different socio-economic and demographic characteristics that might underlie
the differential changes in the outcome. For instance, mothers in the treatment group are,
on average, better educated (see Table 1) and this labour market advantage might make
them more likely to start working or to increase their working hours (even conditional on
their previous labour market status). Hence, the conditional correlations presented would
be (upward-) biased estimates of the true causal effects.

We take into account differences in the observed characteristics in the second column
of Table 3. This specification is based on the regression-adjusted matching procedure with
entropy balancing outlined in Section 3. Column (2) suggests that the child’s participation
in afternoon care increases maternal employment and maternal working hours, irrespective
of the mother’s t0 working status. The coefficients in this specification are of similar
magnitude as in the regression without control variables in column (1). Column (3) further
exploits the richness of our data by including a set of variables on working preferences and
intentions, elicited at t0. This way we are comparing mothers who not only have similar
characteristics and behave similarly, but who also express similar preferences in relation
to work. For all mothers, we find an increase in employment of 7.5 percentage points,
compared to the mean of 72.5% of mothers who worked prior to school entry of their
child, this effect of afternoon care participation increases the share of working mothers
by 10 percent. For mothers who did not work prior child’s entry to school, their child’s
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afternoon care increases the probability of taking up paid work by 11.4 percentage points.
Our effect size for mothers who did not work prior to school entry of their child is very
similar to what Berthelon et al. (2015) find for Chilean mothers: The increase in full-day
schooling in Chile increases mothers’ labour supply by 11.9 percentage points.

Among mothers who are already in work during the preschool years, the effect of
the child being in afternoon care is less pronounced on the mother’s decision to work or
not, but still significant (+5.4 percentage points). Further, these mothers take advantage
of afternoon care to increase their weekly working time by 2.6 hours on average. With
respect to the intensive margin, our findings are related to Felfe et al. (2016) who find
that Swiss mothers whose children participate in afternoon care are more likely to work
full-time (3.3 percentage points). However, our results differ to those of Felfe et al. (2016),
as they do not find an effect on take up of employment in their study. This might be
due to their use of different age groups of children. Our results are comparable to studies
exploiting the expansion of all-day schools in Germany. Both Nemitz (2015) and Shure
(2016) find positive effects on maternal employment but no effect on the number of hours
worked. In particular, the results by Shure (2016) are in line with ours, as the study
reports an increase of five percentage points in mothers’ probability to work. Note that
she uses school level data rather than county level ones, but in doing so is only able to
include data from four German states. By contrast Dehos and Paul (2017) find no effects
of afternoon care participation on maternal labour supply both at the intensive and the
extensive margin. However, as discussed before, it is unclear whether the expansion
of afternoon care programmes as measured at the county level can indeed be seen as
exogenous. With regards to other effects on labour supply, our estimates are comparable
to studies analysing the impact of family policies in Germany on maternal labour supply:
Geyer et al. (2015) show that the provision of childcare for children from age one onwards
together with the parental leave reform in 2007 increases employment for mothers with
very young children by 7 percentage points.

[Table 3 about here]

The main message from these results is that a child’s participation in afternoon care
services seems to affect maternal labour supply, both on the extensive and intensive
margin. Women who are not employed during their child’s preschool years are more
likely to take up paid work if their child attends afternoon care. On the other hand,
mothers who are already in employment before their child starts school appear able to
extend their working hours and remain employed.
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However, it remains a question of whether afternoon care is replacing other forms of
non-formal childcare, thus truly affecting maternal employment but crowding out unpaid
childcare by relatives and friends or paid childcare by childminders. We explore this
hypothesis using information about other types of childcare used. We use the same
specifications as for maternal employment shown in Table 3. Only this time our outcomes
are a series of binary indicators measuring whether other forms of non-formal childcare are
used in the first year of school (t1). We find very little evidence of any substitution between
afternoon care services and other forms of non-formal childcare (Table 4). Interestingly,
Table 4 shows an increase in the reliance on friends among mothers following the child’s
participation in afternoon care services. This might reflect that opening hours of afternoon
care services do not completely account for a full working day.

[Table 4 about here]

Next, we examine the effect of afternoon care on paternal employment. As fathers
have increased their involvement in childcare over time, it is possible that the effects of
extended school days ripple into their working pattern. We find no evidence of this, thus
confirming the in-elasticity of paternal labour supply to childcare (Table 5).

[Table 5 about here]

As a last step, we examine whether the estimated average effects hide relevant
differences between subgroups. Table 6 shows results across different subgroups, defined
by either socio-economic status or family composition. All estimated coefficients reported
are positive and most are statistically significant, suggesting that the detected increase
in maternal labour supply is consequential to the child’s participation in afternoon care
services and is not driven by one group in particular.12 Within this general pattern,
there are some differences between subgroups worth noting, although none of them are
statistically significant.13 There is some evidence that more educated mothers are more
likely to start working because of their child’s afternoon care participation, in line with the
expectation that mothers with better employment prospects benefit more from afternoon
care services than mothers with relatively less education. The pattern holds irrespective

12For the analyses in Table 6, we split our sample according to different characteristics of mother and
child and run separate regressions in each subsample. This analysis includes control variables only in the
regression step and not in the matching step as cell sizes in some subgroups become too small for the
matching procedure.

13This is partly due to smaller sample size.
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of the indicator used to define the “more educated” group, whether at least 12 years of
education (columns 1 and 2) or holding a post-secondary degree (columns 3 and 4). By
contrast, there are no clear differences in the effect sizes between mothers with and without
migration background (columns 5 and 6). In relation to family composition, we find some
evidence for differential effects according to the presence of younger children. Effects are
less strong in Panel A if the child entering school has any younger sibling (columns 7
and 8) and, in particular, a sibling aged three or younger (columns 9 and 10). Further,
there is some evidence in Panel A for stronger effects for mothers whose child had not
attended an early education centre for the full day (columns 11 and 12). There is, however,
little evidence for differences between cohorts of younger and older mothers (columns 13
and 14). Results on hours worked, reported in Panel B, are rather similar across the
different groups, suggesting no heterogeneous effect. In sum, there is little evidence that
our treatment effect is driven by a specific group of mothers. Instead, entering into
paid employment or increasing working hours thanks to afternoon care appears to be a
general behaviour common to different demographic groups with some evidence that more
educated mothers may take greater advantage of afternoon care.

[Table 6 about here]

6. Robustness checks

In this section, we provide additional evidence for the robustness of our main results.
We start by investigating the two main sources of bias that could potentially undermine
our identification strategy: reverse causality (section 6.1) and omitted variable bias
(section 6.2). At the end of this section, we also test the robustness of our results to
applying different sample restrictions and estimation techniques (section 6.3).

6.1. Reverse causality
Reverse causality is an issue if the child is receiving afternoon care because the

mother increases her labour force participation. We focus on school starters in our
main specification in order to mitigate concerns of reverse causality as the school entry
date is rather exogenous to the individual family. To further address this threat to
our identification strategy, this section makes use of a specific feature of all-day schools:
Parents must decide whether or not their child participates in the afternoon programme
at the start of a school year.14 Hence, reverse causality is less of an issue in the case of

14This rule applies to “open all-day schools” only. These are those where participation to afternoon
activities is voluntary and they constitute the large majority of all-day schools among primary schools
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mothers who find a job after the beginning of the school year because they can only enrol
their child to all-day schooling in the next school year.

Columns (2) and (3) of Table 7 present the results relating to these reverse causality
considerations. In a first step, we demonstrate that the estimated effect sizes are rather
similar if the treatment group consists exclusively of children who attend all-day schools
(model 2). This model omits children who attend an after-school programme, Hort, as
the aforementioned institutional peculiarity mainly relates to all-day schools. In a second
step, we exclude all mothers from the sample of model (2) who started, quit, or changed
their job after the interview in t0 and before the school start in September of that year.
This way we drop those mothers for whom the temporal ordering of events is clearly
employment change first and all day school enrolment after.15 The estimated effects in
model (3) are very similar to the effects in our main specification and in model (2),
suggesting that this kind of reverse causality does not drive our results.

While these specifications consider the case of reverse causality resulting from mothers
who change their labour supply before the child enters school, reverse causality might
also arise from mothers who plan to change their labour supply after their child’s
school entry. This second kind of reverse causality is not directly taken into account
in Table 7. However, note that the conditioning variables comprise several variables that
strongly relate to planned changes in labour supply, like working intentions and job search
behaviours for non-working individuals and desired working hours for working individuals.
As long as planned changes in labour supply are picked up by these conditioning variables,
our empirical strategy also addresses this second kind of reverse causality.

[Table 7 about here]

6.2. Omitted variable bias

To identify the effect of afternoon care on maternal labour supply, the models must
include all variables affecting both afternoon care attendance and changes in maternal
labour market participation. While, so far, all the control variables originate from t0,
specific events might occur between t0 and t1 that might affect both mothers’ working
patterns and changes in children’s participation in afternoon care services and, therefore,

(Marcus et al., 2013). In the 5% of schools, where participation in all-day schooling is compulsory for all
the pupils, parents do not have the choice option at the beginning of the school year.

15This specification is not our preferred one as the restriction might be overly conservative: mothers
know their child’s treatment status before school start and, hence, can adapt their employment pattern
in anticipation of the treatment.
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constitute omitted variables. Hence, in model (4) of Table 7 we try to control for such
events, which include the birth of a child between t0 and t1, the absence of a partner in t1,
and the partner’s involuntary job loss between t0 and t1. We also consider the existence
of various alternative childcare arrangements in t1. We do not include the t1 variables
in our main specification as they could also be affected by the treatment, and, hence, be
bad control variables. It is reassuring to see that the inclusion of these additional controls
does not alter the results. Further, in model (5) we additionally include state-year fixed
effects in the regression step in order to take into account differential rates of expansion of
afternoon care programmes across German states. Controlling for state-year effects does
not change our findings, indicating that there is variation in afternoon care availability
also within a given state in a given year.

Nevertheless, we cannot be sure that we included all relevant control variables. To
assess how big the influence of potentially omitted variables must be in order to completely
explain the obtained effects of afternoon care, we apply the method proposed by Oster
(2013, 2016). This method builds on the idea that the bias from observed variables is
informative regarding the bias from omitted variables (under the assumption that there is
some kind of proportionality between the forms of bias). Oster (2016) elaborates on the
approach suggested by Altonji et al. (2005) and the often applied procedure of looking
at coefficient stability after the inclusion of control variables. The main contribution of
her method is to take into account the explanatory power (and thereby the relevance) of
the included control variables: The method relates the change in the estimated treatment
effect (due to the inclusion of control variables) to the associated change in the R2. More
formally, Oster (2016) approximates a bias-adjusted treatment effect, β∗, by

β∗ ≈ β̃ − δ̃
[
β̇ − β̃

] (R2
max − R̃2)

(R̃2 − Ṙ2)
, (2)

where β̇ and Ṙ2 are the estimated treatment effect and coefficient of determination from a
baseline regression without additional control variables and β̃ and R̃ are their equivalents
from the full regression with additional control variables. While all these four quantities
can be estimated from the data, we need to make some assumptions regarding δ̃ and
R2
max. δ̃ is assumed to be positive and denotes the degree of proportionality. It indicates

how much of the variation in the outcome is explained by the observed controls versus
unobserved. δ̃ = 1 means that we assume an equal importance of observed and unobserved
factors (“equal selection assumption”), while δ̃ > 1 [δ̃ < 1] indicates that the degree of
selection on unobserved variables necessary to explain away the effects is stronger [weaker]
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than selection on the observables. R2
max denotes the share of variation in the outcome

variable that is explained by observed and unobserved variables together. It is less than
one if there is measurement error in the dependent variable. Oster (2013) derived a value
for R2

max based on empirical reasoning and suggests R2
max = min{2.2 · R̃2, 1}.16

Based on Eq. (2), Oster (2016) suggests two closely related approaches to evaluate the
robustness to omitted variable bias. We follow the suggestions and report in Table 8 (i) a
lower bound of the treatment effect assuming equal selection on observed and unobserved
variables (i.e. we set δ̃ = 1); and (ii) the degree of proportionality for which our treatment
effect would equal zero (i.e. we set β∗ = 0). While the first approach checks whether the
lower bound is still larger than 0 and included in the 95% confidence interval of the
previously estimated treatment effect, the second approach examines whether δ̃ > 1, i.e.
if selection on unobserved variables has to be more important than selection on observables
in order to pull the estimated effect of afternoon care to zero. This would be the case if the
unobserved variables are more important than the whole set of included control variables,
which we selected drawing on the literature on maternal employment and childcare.

The first two columns in Table 8 basically repeat the estimated treatment effects from
the baseline and the main specification (see also Table 3), while the other columns display
the results of the two approaches outlined above. Panel A shows that in the baseline
model, afternoon care increases the probability of working by 15.4 percentage points for
mothers who are not working in t0. The inclusion of the full set of control variables in
our main model leads to a decrease in the treatment effect of about 4 percentage points
but to an increase in R2 from 0.04 to 0.38.17 Based on these estimates and Eq. (2),
we calculate that δ̃ would have to be as large as 1.91 in order to completely explain the
estimated effect.18 This means that the influence of omitted variables needs to be almost
twice as important as of the observed factors included in the model to bring the effect of
afternoon care to zero. The estimated lower bound of the treatment effect is 0.058. It is
larger than 0 and included in the 95% confidence interval around the estimated treatment
effect. For mothers who worked in t0 (Panel B), our estimates of |δ| are also both greater
than 1 (and the values for |δ| even exceed that of Panel A). Further, the lower bounds are
clearly larger than 0 and included in the respective confidence bands, suggesting that it

16Note that in the published article, Oster (2016) suggests a value of R2
max = min{1.3 · R̃2, 1}.

Nevertheless, we rely on the working paper version, which is more conservative as it generally generates
higher values of R2

max.
17Similarly the Adjusted R2 increases from 0.03 to 0.33.
18We use the Stata command psacalc provided by Oster (2013) to calculate the estimates of δ and the

lower bound.
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is very unlikely that our findings are explained by omitted variable bias.19 In this case,
the value for the lower bound is calculated based on δ̃ = −1. Also in this case the lower
bound is clearly within the 95% confidence band around β̃.

Thus, the method developed by Oster (2016) corroborates our findings.

[Table 8 about here]

6.3. Alternative sample restrictions and estimation methods
The next set of specifications addresses different sample restrictions (see Table 9).

Model (1) disregards all observations with missing information on the control variables
due to item non-response (see section 4.4). Specification (2) extends the sample by lifting
the restrictions on the month of the interview and the age of the child (see section 4.1),
while model (3) restricts the sample to a shorter observation period, the years 2003-
2013. 2003 is the year in which a federal investment programme was launched to foster
the expansion of all-day schools. In model (4) we only include one observation for each
mother, namely the observation that refers to the mother’s first child to enter primary
school in our observation period. Table 9 shows that our findings are robust to the
different sample restrictions.

In the last set of sensitivity checks, we assess a number of issues regarding our
estimation method. Model (5) presents the results obtained from Ordinary Least Squares
estimation with the same set of control variables, while column (6) displays the estimates
from propensity score matching.20 Specification (7) performs entropy balancing separately
according to the mother’s working status in t0. Finally, as there is an ongoing discussion
about whether one should apply survey weights in matching applications or not (Solon
et al., 2015), we re-estimate our main specification using survey weights in both the
entropy balancing and the regression step (see column 8). Further, the results are very
similar, when we use Tobit regression or Hurdle regression (Cragg, 1971) in the regression
step (see Table A.2 in the Appendix). Our findings are robust to all these sensitivity
checks.

[Table 9 about here]

19Note that the δ̃ found for the outcome “working” in Panel B is negative as the treatment effect moves
away from zero rather than toward zero when including control variables. The large and negative value
of δ̃ implies that any bias in the estimated effect due to omitted variables would have to be not only
substantially larger than the bias generated by omitting observable variables, but it would also have to
be in the opposite direction of the bias from omitting observable variables.

20For the propensity score matching, we rely on kernel matching with a Gaussian kernel and a
bandwidth of 0.06 (see Heckman et al., 1997; Marcus, 2014). We rely on the user-written programme
“psmatch2” in Stata (Leuven and Sianesi, 2003).
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7. Conclusion

In this paper, we examine how maternal labour supply changes due to her child’s
participation in afternoon care. A vast literature in economics provides evidence on
the effect of early childhood care services provision on maternal employment, yet little
is known about effects on maternal employment of subsidized childcare for school-aged
children. One might argue that the problem of arranging for suitable childcare clearly
becomes less pressing once children reach school age. Yet the problem does not disappear,
as primary school children are not capable of self-care and full-time working hours rarely
match the school day hours. Such mismatch is especially visible in countries with half-day
schools, whereby children return home at lunch time. Germany is a case in point and the
example we examine. We extend the existing literature by focusing on primary school
children and examine how hours spent in formal afternoon care affect maternal labour
supply patterns. We consider not only labour market participation, but also the actual
hours worked, thus covering variations both at the extensive and intensive margin.

Our empirical strategy combines pre-treatment outcome modelling and matching,
in which the treatment group consists of mothers whose children participate in formal
afternoon care (i.e. in all-day schooling and/or after-school programmes). We use a
non-parametric matching technique, entropy balancing, to generate a control group of
mothers with similar characteristics whose children do not participate in afternoon care.
The matching procedure considers a wide range of control variables, including the mother’s
detailed labour market history, the child’s attendance in preschool, several characteristics
of the partner, as well as household, regional labour market characteristics, as well as
some often unobserved information like job search intentions and desired working hours.
Our identification strategy is robust against selection on observables as well as against
selection on unobserved variables with time-constant effects. We assume that conditional
on the mother’s labour force status before the child’s school entry, there are no other
variables other than the included control variables that simultaneously affect the child’s
participation in afternoon care and the mother’s labour force status when the child is in
first grade. We evaluate the robustness of our results to bias resulting from potentially
omitted variables applying the method developed by Oster (2013, 2016).

Across the whole sample, we find that the child’s being at school in the afternoon
increases the mother’s probability to start working, to remain working, and to increase the
number of hours they work as their child enters school. Splitting the sample according to
maternal work status prior to their child’s school entry shows that the child’s participation
in afternoon care increases the likelihood of mothers who did not work before to take
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up paid work by 11.4 percentage points. Furthermore, mothers who already worked
during the year prior to their child’s school enrolment increase their working hours by an
average of 2.6 hours per week due to their child’s participation in afternoon care services.
In general, these results are in line with studies on childcare availability for children
below compulsory school age in Germany (Bauernschuster and Schlotter, 2013) and other
countries (e.g. Berlinski and Galiani, 2007) as well as with the few studies on school-aged
children in other countries (Berthelon et al., 2015; Felfe et al., 2016). We do not find
any effects on paternal labour force participation, underlining that maternal and paternal
labour force participation differs, as the greater responsibility of mothers for children lead
them to interrupt or reduce their labour force participation.

While our findings pertain to the specific case of Germany, nevertheless they draw
attention to a more general issue: childcare availability continues to shape maternal
employment patterns well after school entry. While so far the focus of researchers and
policy-makers alike has mainly been on pre-school children, our analysis highlights that
the need for childcare does not end when the child enters school. Policy-makers intending
to foster maternal labour force participation should improve childcare opportunities not
only for pre-school children but also for young school-aged ones.
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Table 1: Summary of selected conditioning variables for treatment and control groups

Mean Mean Standard. Bias (%)

Afternoon No afternoon Mean No afternoon
care care (unmatched) diff. care (matched) unmatched matched

(1) (2) (3) (4) (5) (6)

Maternal labour supply in t0
Working 0.72 0.54 0.18∗∗∗ 0.72 38.3 0.0
Actual working hours 22.27 11.45 10.81∗∗∗ 22.27 70.3 0.0

Maternal characteristics t0
Migration background 0.19 0.28 −0.09∗∗∗ 0.19 −20.2 0.0
Age mother 36.23 36.13 0.10 36.23 1.9 0.2
No spouse 0.21 0.10 0.11∗∗∗ 0.21 32.0 0.0
School degree
Basic school 0.10 0.22 −0.12∗∗∗ 0.10 −31.6 −0.0
Intermediate school 0.40 0.39 0.01 0.40 2.9 0.0
Technical college 0.06 0.06 −0.00 0.06 −0.9 0.0
Highest secondary 0.33 0.20 0.13∗∗∗ 0.33 28.9 0.0
Other school 0.07 0.09 −0.02∗∗ 0.07 −8.8 0.0
School drop-out 0.02 0.02 −0.01 0.02 −4.0 0.0

Work experience
Years part time 3.10 2.92 0.18 3.10 5.4 0.0
Years full time 6.29 5.72 0.57∗∗∗ 6.29 11.1 0.0
Work experience, missing 0.00 0.00 0.00 0.00 4.3 0.0

Child characteristics t0
Attendance of ECEC centre full day 0.23 0.12 0.11∗∗∗ 0.23 30.1 0.0
Younger siblings 0.40 0.46 −0.05∗∗∗ 0.40 −11.0 0.0
Older siblings 0.42 0.55 −0.13∗∗∗ 0.42 −26.7 0.0
Only child 0.27 0.14 0.13∗∗∗ 0.27 32.0 0.0
Female child 0.48 0.50 −0.02 0.48 −4.1 0.0
Type of non-formal childcare (CC)
CC none 0.61 0.61 −0.01 0.61 −1.1 0.0
CC relatives 0.28 0.25 0.03∗ 0.28 6.3 0.0
CC friends 0.07 0.04 0.03∗∗∗ 0.07 11.2 0.0
CC paid carer 0.05 0.03 0.02∗∗∗ 0.05 9.9 0.0

Household characteristics t0
Home owner 0.41 0.56 −0.15∗∗∗ 0.41 −30.1 0.0
Household income (in 1000) 48.12 48.64 −0.52 48.12 −1.3 0.0
Unemployment share 9.85 7.78 2.07∗∗∗ 9.85 56.5 0.1

N 1, 278 2, 976 4, 254

Notes: This table displays descriptive statistics for selected conditioning variables from the reduced set
of controls for treatment and control groups. Table A.1 provides the information for the complete list of
conditioning variables. The first column presents the means for mothers whose children attend afternoon
care (treatment group), the second column for mothers whose children do not participate in afternoon care
(control group), and the third column comprises the mean differences between the two groups. Column four
shows the mean of matched mothers in the control group, while columns five and six depict the percentage
standardized bias for unmatched and matched conditioning variables.
Source: SOEP v31, significance levels: * p<0.10, ** p<0.05, *** p<0.01. CC=childcare, ECEC=early
childhood education and care
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Table 2: Transition matrix

Not working in t1 Part-time in t1 Full-time in t1

No No No
Afternoon afternoon Afternoon afternoon Afternoon afternoon

care care care care care care N

Not working in t0 64.77 78.96 27.84 19.43 7.39 1.62 1711

-14.18*** 8.41*** 5.77***

Part-time in t0 8.64 11.75 83.22 84.46 8.14 3.80 1998

-3.11* -1.23 4.34***

Full-time in t0 8.28 9.33 9.82 16.89 81.90 73.78 551

-1.05 -7.07* 8.12*

Notes: This table presents a transition matrix for the employment status of mothers when
their child enters primary school, differentiated by treatment status. The numbers in the
upper left cell indicate that 64.77 % of mothers who did not work in t0 continue to not
work in t1 if their child is in afternoon care. The numbers shown in italics represent the
percentage point differences between mothers whose child attends afternoon care and those
whose children do not participate.
Source: SOEP v31, significance levels (based on robust standard errors clustered at the
mothers’ level): * p<0.10, ** p<0.05, *** p<0.01.
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Table 3: The effect of afternoon care on maternal
labour supply

Baseline Reduced set of Main
model t0 controls model

Panel A: All mothers
Working 0.081*** 0.078*** 0.075***

(0.014) (0.024) (0.024)
Hours 3.212*** 2.808*** 2.779***

(0.468) (0.858) (0.836)
N 4,254 4,254 4,254

Panel B: Not working in t0
Working 0.154*** 0.128*** 0.114***

(0.032) (0.039) (0.037)
N 1,711 1,711 1,711

Panel C: Working in t0
Working 0.053*** 0.054** 0.054**

(0.015) (0.025) (0.025)
Hours 2.636*** 2.554*** 2.590***

(0.561) (0.943) (0.940)
N 2,543 2,543 2,543

Notes: Each cell depicts the effect of afternoon care
participation on maternal labour supply indicators
for different groups of mothers as indicated by
the panel name. All regressions include state and
time fixed effects. The first column comprises the
association between after school care attendance
and maternal labour supply controlling for the pre-
treatment value of the respective outcome variable
(in period t0). The second column includes
a reduced set of conditioning variables from t0,
while the third column comprises the full set of
conditioning variables. Both sets of variables are
summarized in Table A.1 in the Appendix. The
second and third column consider the weights from
entropy balancing, while the first column is without
matching.
Source: SOEP v31. Robust standard errors
clustered at the mothers’ level in parentheses,
significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 4: The effect of afternoon care on other types of childcare

Baseline Reduced set of Main
model t0 controls model

No child care -0.027 0.005 0.003
(0.017) (0.028) (0.027)

Child care by relative 0.011 -0.009 -0.007
(0.015) (0.025) (0.025)

Child care by friend 0.032*** 0.048*** 0.050***
(0.009) (0.010) (0.009)

Paid child care 0.005 -0.020 -0.019
(0.010) (0.017) (0.017)

Child care, missing answer 0.004 0.002 0.002
(0.005) (0.006) (0.006)

N 4,254 4,254 4,254

Notes: Each cell depicts the effect of a child participating in afternoon
care on binary indicators of other types of childcare, as indicated by
the row name (see Table 3 for a description of the models).
Source: SOEP v31. Robust standard errors clustered at the mothers’
level in parentheses, significance levels: * p<0.10, ** p<0.05, ***
p<0.01.

Table 5: The effect of afternoon care on paternal
labour supply

Baseline Reduced set of Main
model t0 controls model

Working -0.006 0.016 0.015
(0.008) (0.015) (0.012)

Hours -0.700 -0.044 -0.460
(0.509) (1.106) (0.936)

N 2,919 2,919 2,919

Notes: Each cell depicts the effect of a child
participating in afternoon care on paternal labour
supply (see Table 3 for a description of the
models).
Source: SOEP v31. Robust standard errors
clustered at the mothers’ level in parentheses,
significance levels: * p<0.10, ** p<0.05, ***
p<0.01.
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Table 7: Sensitivity checks I: Identification issues

Identification issues

Main Only children in No job change Including information + state-
model all-day schools prior September from period t1 year FE
(1) (2) (3) (4) (5)

Panel A: Not working in t0
Working 0.114*** 0.088** 0.107*** 0.108*** 0.116***

(0.037) (0.035) (0.036) (0.034) (0.039)
N 1,711 1,513 1,346 1,346 1,346

Panel B: Working in t0
Working 0.054** 0.067** 0.057* 0.063** 0.073**

(0.025) (0.032) (0.030) (0.028) (0.032)
Hours 2.590*** 2.861*** 2.687*** 3.078*** 4.176***

(0.940) (1.069) (0.964) (0.873) (1.017)
N 2,543 1,938 1,815 1,815 1,815

Notes: Each cell depicts the effect of afternoon care participation on maternal labour
supply indicators. All models are based on the main specification (repeated in the
first column). The second column shows the effect of afternoon care only for children
participating in all-day primary schools, i.e. excluding children attending after-school
programmes (Hort) from the analysis. The third column further restricts the sample
to mothers without job change between interview and the beginning of the school
year, while column four additionally controls for selected t1 variables in matching
and regression step. Column five additionally includes state-year fixed effects in the
regression step.
Source: SOEP v31. Robust standard errors clustered at the mothers’ level in
parentheses, significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 8: Assessing the potential bias of omitted variables

Bounds of β Proportionality

Baseline Main Lower In 95%-c.i.
model model bound band δ |δ| > 1

Panel A: Not working in t0
Working 0.154*** 0.114*** 0.058 X 1.914 X

(0.032) (0.037)
R2 0.04 0.38
Adj. R2 0.03 0.33

Panel B: Working in t0
Working 0.053*** 0.054** 0.051 X -34.073 X

(0.015) (0.025)
R2 0.02 0.25
Adj. R2 0.01 0.22

Hours 2.636*** 2.590*** 1.967 X 3.950 X
(0.561) (0.940)

R2 0.48 0.52
Adj. R2 0.48 0.50

Notes: The first and second column comprise the baseline and main effect
of afternoon care participation on maternal labour supply, respectively.
All regressions include the pre-treatment values of the outcome variable
as well as state and time fixed effects. The second column additionally
considers the full set of conditioning variables. Based on the approach
outlined in Oster (2016), the third column shows the lower bound of β and
the fourth column checks whether this value is within the 95% confidence
interval of the treatment effect. The fifth column reports the value of
proportionality δ and shows how strong the influence of unobserved factors
has to be compared to the observed to pull the treatment effect to zero
(main effect). The last column checks whether |δ| > 1.
Source: SOEP v31. Robust standard errors clustered at the mothers’ level
in parentheses, significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 9: Sensitivity checks II: Sample restrictions and estimation issues

Sample restriction Estimation issues

Ordinary Propensity
w/o missing Full 2003 – One child Least Score Separate Survey
information sample 2013 Squares Matching weights

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Not working in t0
Working 0.105*** 0.127*** 0.145*** 0.116** 0.126*** 0.117*** 0.162*** 0.163***

(0.039) (0.033) (0.039) (0.050) (0.032) (0.033) (0.035) (0.042)
N 1,573 1,956 1,278 1,330 1,711 1,711 1,711 1,711

Panel B: Working in t0
Working 0.053** 0.081*** 0.048* 0.055** 0.045*** 0.059** 0.063** 0.062**

(0.025) (0.026) (0.025) (0.026) (0.017) (0.024) (0.029) (0.029)
Hours 2.370** 3.837*** 2.164** 3.186*** 2.423*** 2.721*** 3.179*** 2.451**

(0.946) (0.976) (0.956) (0.870) (0.620) (0.919) (1.120) (1.027)
N 2,417 2,850 2,087 1,931 2,543 2,543 2,543 2,543

Notes: Each cell depicts the effect of afternoon care participation on maternal labour supply indicators. As
before, all models are based on the main specification. The first column shows the effect of afternoon care
estimated only for those mothers who have non-missing information on all variables. The second column
relaxes the sample restriction regarding interview dates, while the third column only considers mothers whose
children enter school from 2003 onwards. The fourth column includes only the first observed child for each
mother. The fifth column comprises estimates obtained from ordinary least squares, and the sixth column from
propensity score matching. Column seven performs entropy balancing separately according to the t0 working
status of mothers, while column eight includes sample weights in both entropy balancing and regression step.
Source: SOEP v31. Robust standard errors clustered at the mothers’ level in parentheses, significance levels:
* p<0.10, ** p<0.05, *** p<0.01.
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Appendix

Table A.1: Descriptive statistics of reduced and full set of t0 controls - before and after matching

Means Means
treated controls Standard. Bias (%)

Variable unmatched matched matched unmatched matched matched
w/ EB w/ PSM w/ EB w/ PSM

Reduced set of controls
Maternal characteristics in t0
Vocational training+ 64.6 68.8 64.5 67.1 −8.9 0.0 −5.3
University+ 29.3 15.6 29.3 22.9 33.1 0.0 14.5
Missing uni+ 0.5 0.9 0.5 1.6 −3.9 0.0 −10.1
Basic school+ 10.4 21.9 10.4 13.7 −31.6 −0.0 −10.2
Intermediate school+ 39.9 38.5 39.9 45.6 2.9 0.0 −11.6
Technical college+ 6.1 6.3 6.1 4.8 −0.9 0.0 5.5
Highest secondary+ 33.1 20.4 33.1 24.1 28.9 0.0 20.0
Other school+ 7.0 9.4 7.0 7.0 −8.8 0.0 −0.2
School dropout+ 1.7 2.3 1.7 2.6 −4.0 0.0 −5.7
In school+ 0.3 0.0 0.0 0.0 7.9 7.9 7.9
School missing+ 1.5 1.2 1.8 2.1 2.7 −2.6 −4.4
Migration Background+ 19.0 27.5 19.0 20.9 −20.2 0.0 −4.7
Age mother 36.2 36.1 36.2 35.5 1.9 0.2 12.5
Maternal employment history
Works full-time+ 25.4 7.6 25.3 25.6 49.4 0.0 −0.5
Working+ 72.5 54.3 72.4 70.2 38.3 0.0 5.1
Actual working-hours 22.3 11.5 22.3 21.9 70.3 0.0 2.2
Desired -actual hours −6.1 −1.8 −6.1 −4.6 −37.4 −0.0 −11.7
Missing desired+ 1.3 1.3 1.3 1.7 0.5 0.0 −3.3
Years part-time 3.1 2.9 3.1 2.9 5.4 0.0 6.0
Years full-time 6.3 5.7 6.3 5.8 11.1 0.0 10.3
Missing LFS-experience+ 0.2 0.1 0.2 0.6 4.3 0.0 −6.1
Full-time t-1+ 0.2 0.1 0.2 0.2 40.3 0.0 2.8
Working t-1+ 0.6 0.4 0.6 0.6 29.8 0.0 6.8
Missing working t-1+ 0.2 0.1 0.2 0.1 5.8 0.0 2.2
Working-hours t-1 17.9 9.1 17.9 16.8 56.6 0.0 6.3
Missing working-hours t-1+ 0.4 0.6 0.4 0.4 −30.8 0.0 −6.9
Child characteristics in t0
Age child 5.7 5.7 5.7 5.7 0.5 0.3 −3.4
Younger siblings+ 40.5 45.9 40.4 42.4 −11.0 0.0 −4.0
Older siblings+ 41.9 55.1 41.9 48.2 −26.7 0.0 −12.7
Only-child+ 27.2 14.3 27.1 21.7 32.0 0.0 12.7
Female child+ 47.6 49.6 47.6 48.5 −4.1 0.0 −1.9
CC none+ 60.7 61.3 60.7 60.2 −1.1 0.0 1.0
CC relatives+ 28.2 25.4 28.2 30.0 6.3 0.0 −4.1
CC friends+ 7.0 4.4 7.0 6.0 11.2 0.0 3.9
CC paid carer+ 4.5 2.7 4.5 3.1 9.9 0.0 7.3
Missing CC+ 4.0 9.2 4.0 4.9 −21.0 0.0 −4.4
ECEC Hours 4.7 2.0 4.7 4.6 86.2 0.0 3.5
Missing ECEC-hours+ 0.8 1.1 0.8 0.8 −3.7 0.0 −0.2
ECEC full-time+ 22.9 11.7 22.9 22.7 30.1 0.0 0.4
Partner information in t0
Vocational training+ 0.5 0.6 0.5 0.5 −18.7 0.0 −3.3
University+ 0.2 0.2 0.2 0.2 1.3 0.0 8.6
Missing uni+ 0.0 0.0 0.0 0.0 −7.1 0.0 −4.2
Basic school+ 28.0 15.9 28.0 24.5 29.5 −0.0 7.9
Intermediate school+ 11.8 24.9 11.8 10.6 −34.3 0.0 3.7
Technical college+ 25.4 20.5 25.4 32.6 11.8 0.0 −15.9
Highest secondary+ 4.1 7.1 4.1 3.8 −13.1 0.0 1.3
Other school+ 22.6 19.5 22.6 18.7 7.8 0.0 9.7
School dropout+ 6.1 9.0 6.1 7.1 −10.9 0.0 −4.0
In school+ 1.3 2.2 1.3 2.0 −7.0 0.0 −6.0
School missing+ 0.7 1.1 0.7 0.6 −4.0 0.0 1.1
Migration Background+ 0.2 0.2 0.2 0.2 −19.8 0.0 0.8
Age 28.1 32.9 28.1 29.0 −28.2 0.0 −4.8
Working+ 0.7 0.8 0.7 0.7 −27.3 0.0 −7.3
Desired -actual hours −9.9 −9.9 −9.9 −9.4 −0.0 −0.0 −2.5
Missing desired+ 0.0 0.0 0.0 0.0 −4.7 0.0 −3.4
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Means Means
treated controls Standard. Bias (%)

Variable unmatched matched matched unmatched matched matched
w/ EB w/ PSM w/ EB w/ PSM

Actual working-hours 29.2 34.4 29.2 30.3 −24.0 0.0 −5.1
Missing hours+ 0.0 0.0 0.0 0.0 −7.1 0.0 0.6
Household characteristics in t0
No spouse+ 21.4 9.9 21.4 19.2 32.0 0.0 5.3
Home owner+ 40.9 55.8 40.9 43.5 −30.1 0.0 −5.2
HH income (in 1000) 48.1 48.6 48.1 44.5 −1.3 0.0 8.5
Village+ 7.4 8.0 7.4 11.5 −2.2 0.0 −13.9
Small town+ 8.2 12.2 8.2 7.7 −13.2 0.0 2.1
Medium town+ 22.1 31.4 22.1 23.9 −21.1 0.0 −4.1
Large town+ 17.5 18.4 17.5 22.5 −2.2 0.0 −12.3
Small city+ 7.0 9.8 7.0 7.2 −10.3 0.0 −1.0
Medium city+ 17.8 12.6 17.8 12.8 14.4 0.0 13.8
Large city+ 20.0 7.6 20.0 14.5 36.6 −0.0 14.5
State GDP/1000 233.2 299.4 233.1 210.8 −35.6 0.0 11.0
Unemployment share 9.9 7.8 9.9 10.3 56.5 0.1 −9.5

Additional variables of full set of controls
Labour market “unobservables” in t0
SW definitely not+ 2.6 8.4 2.6 3.2 −25.7 0.0 −3.5
SW improbable+ 1.7 6.3 1.7 2.6 −23.3 −0.2 −5.8
SW probable+ 6.7 15.2 6.7 7.7 −27.6 0.0 −4.2
SW definitely+ 15.8 15.2 15.8 16.0 1.6 0.0 −0.5
SW missing+ 0.8 0.6 0.8 0.4 2.1 0.0 5.5
SW asap+ 8.5 6.3 8.5 9.4 8.7 0.0 −3.0
SW this year+ 7.7 8.2 7.7 7.8 −1.8 0.0 −0.3
SW 2-5 years+ 6.1 15.4 6.1 7.1 −30.2 0.0 −4.1
SW 5+ years+ 1.7 6.4 1.7 1.9 −23.9 0.0 −1.6
SW missing time+ 0.2 0.5 0.2 0.1 −5.6 −0.5 1.3
SW full-time+ 3.8 2.0 3.8 3.6 10.4 −0.1 0.6
SW part-time+ 14.9 29.7 14.9 16.5 −36.2 0.0 −4.6
SW both+ 5.0 2.7 5.0 5.5 12.1 0.0 −2.0
SW dont know+ 0.5 2.3 0.5 0.7 −14.5 0.0 −1.3
FJ not applicable+ 75.0 60.0 75.0 72.7 32.6 0.0 5.3
FJ easy+ 3.3 7.1 3.3 3.1 −17.3 −0.1 1.2
FJ difficult+ 14.9 23.8 14.9 17.2 −22.6 0.0 −6.3
FJ almost impossible+ 6.5 8.5 6.5 6.7 −7.5 0.0 −0.7
FJ missing+ 0.2 0.6 0.2 0.3 −5.7 0.0 −0.9
Job-search yes+ 7.7 6.5 7.7 8.6 4.6 0.0 −3.5
Job-search no+ 16.5 30.0 16.5 17.7 −32.4 0.0 −3.1
Job-search missing+ 0.0 0.1 0.0 0.0 −5.2 −2.1 −1.7
SI yes+ 11.5 13.1 11.5 13.3 −5.0 0.0 −5.6
SI no+ 12.5 23.2 12.5 12.9 −28.0 0.0 −1.0
SI missing+ 0.2 0.4 0.2 0.1 −4.2 −0.5 1.3

N 1,278 2,976

Notes: EB=entropy balancing; PSM=propensity score matching; SW=searching for work; FJ=finding a job; SI=starting
job immediately; CC=childcare. Summary statistics for treated, all controls and matched controls (indicators for state,
year and SOEP sample not shown). The first two columns present the variable means before matching for treated and
controls. The third and fourth column show the means for the re-weighted control group according to entropy balancing
(EB) and kernel matching, a propensity score method. The last three columns display a measure for the quality of the
matching process. The standardized bias is defined for each conditioning variable s as SBs = 100 · s1−s0√

1
2 (σ2

s1+σ2
s0)

, where s1

and s0 are the means of treated and controls, respectively, and σ2
s1 and σ2

s0 the corresponding variances. + indicates that
the mean represents a percentage share.
Source: SOEP v31.
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Table A.2: Tobit and hurdle regression

Main Tobit Hurdle
Working 0.075*** 0.074**

(0.024) (0.036)
N 4254 4254
Hours 2.779*** 2.894*** 2.841***

(0.836) (0.894) (1.074)
N 4254 4254 4254

Notes: The table presents marginal effects
from the main model (column 1), Tobit
regression (column 2), and Cragg hurdle
regression (column 3) for the full sample.
Source: SOEP v31. Robust standard errors
clustered at the mothers’ level in parentheses,
significance levels: * p<0.10, ** p<0.05, ***
p<0.01.
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