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We show that the widespread approach to estimate the career costs of motherhood – so-
called “child penalties” – is prone to produce biased results, as it pools first-time mothers
of all ages without accounting for their differences in characteristics and outcomes. We
propose a novel method building on the recent advances in the difference-in-differences
literature to address this issue. Applied to German administrative data, our method yields
30 percent larger post-birth earnings losses than the conventional approach. We document
meaningful effect heterogeneity by maternal age in both magnitude and interpretation,
highlighting its key role in understanding the impact of motherhood.
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I Introduction

The past century has been marked by major successes of the women’s rights movement. Especially in
developed countries, women gained – among other achievements – widespread and unrestricted access
to education and employment. Nevertheless, gender inequality remains prevalent in labor markets
around the world, and one particular reason persists to this day: motherhood is still costly for the
careers of women. A large body of work documents that gender differences in the costs of parenthood
are the major driver of the remaining gender inequality in labor market outcomes (see the reviews by
Blau and Kahn 2017; Petrongolo and Ronchi 2020; Andrew et al. 2021). Therefore, correctly tracking the
dynamics of the career costs of motherhood and studying the underlying mechanisms is crucial for
understanding gender inequality and giving informed policy advice. In this paper, we show that the
most popular approach to estimating the labor market impact of motherhood is likely to produce biased
results, as it does not account for differences in outcomes and characteristics of mothers by their age at
first childbirth. We propose a solution that addresses these biases and demonstrate that considering
heterogeneity is not only methodologically important but also offers an opportunity to gain a deeper
understanding of the impact of motherhood on women’s labor market outcomes.
The career costs of motherhood have been both subject of research and a recurring topic in public

debates for a long time. Recently, an approach based on event studies around the first childbirth –
estimating so called “child penalties” – received widespread attention as it provides a straightforward
and intuitive way to visualize the career impact of childbirth. The paper by Kleven, Landais, and Søgaard
(2019) popularized the method and gained more than 1,900 citations over six years. The authors crucially
contributed to an understanding of the challenges of combining motherhood and a career among a
wide range of audiences.

Researchers have been actively using this event study approach to estimate the labor market effects
of motherhood, to measure gender inequality within and across countries, and to evaluate family-
related policies. However, these conventional event studies – linear regression models with event-time
indicators and covariates – pool together younger and older first-time mothers to estimate average
effects of motherhood. They implicitly assume that mothers of different ages are comparable and that
the effects of childbirth are uniform for them. We demonstrate that these assumptions are unlikely to
hold. First, mothers are very different depending on their age at birth and the effects of motherhood
vary across women who give birth at different stages of life and career development. As the literature
shows and as we systematically review, the age at which a woman gives birth to her first child is strongly
correlated with both pre- and post-birth outcomes as well as human capital, her family’s socio-economic
status and other characteristics that are relevant in the labor market. Second, the impact of motherhood
is prone to change over time after birth as mothers adjust their labor supply in response to changing
childcare duties and constraints set by policies.

This heterogeneity by age at birth is not a problem per se. It rather becomes a source of biases once
event studies are used to estimate the effects of motherhood and mothers of different ages are pooled
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together. Applying the insights from the recent literature on difference-in-differences (DiD) models
with staggered treatment adoption and heterogeneous treatment effects (see the summaries by Roth
et al. 2023; de Chaisemartin and D’Haultfoeuille 2023), we show that conventional event studies around
childbirth are prone to produce substantially biased estimates of the effects of motherhood. This is the
case because of two issues, typically coined as forbidden comparisons and contamination, that both
arise in settings where multiple groups have heterogeneous treatment effects and are treated at different
points in time. Forbidden comparisons are made because an event study cannot properly align relative
time around treatment with the time dimension that determines effect heterogeneity, which leads to
already-treated units entering the control group. In the context of childbirth forbidden comparisons
mean that mothers who have already given birth end up as part of the control group. Contamination
happens since an event study contains a set of event time dummies such that the estimate of the average
treatment effect for each relative time period is conditional on the average effects from all other periods.
Since one average is not sufficient to account for heterogeneous effects across several groups, each
estimate for a relative time period can be contaminated by the treatment effects from all other periods.
With childbirth, contamination means that estimates for post-birth periods can include effects from
periods prior to birth and vice versa. The consequence of both problems for conventional event studies
around the first childbirth is that estimates are likely to be biased and that pre-trends might not be
informative about the plausibility of the key identifying assumption of parallel trends. We illustrate
how both issues materialize and lead to substantial biases when estimating the effects of motherhood
using conventional event studies.
The problems caused by heterogeneous treatment effects in settings with staggered adoption have

been addressed by newly developed approaches that allow for heterogeneous effects and include only
non-treated units in the control groups (see, among others, de Chaisemartin and D’Haultfoeuille 2020;
Sun and Abraham 2021; Callaway and Sant’Anna 2021; Borusyak, Jaravel, and Spiess 2024). However,
the key decision in an event study design is the choice of a control group that satisfies the identifying
assumption of parallel trends – that in the post-treatment period, the control and treated groups would
have followed the same outcome trajectories in the absence of treatment. In the case of childbirth, the
potentially available control groups are mothers who have not-yet given birth, childless women, and
men. Given the systematic differences between mothers and non-mothers as well as men, the differential
experiences of women and men in the labor market and the selection into having children, the validity
of the latter two as control groups hinges on assumptions that are unlikely to hold. The heterogeneity
of mothers by their age at birth, in turn, implies that not all of the not-yet treated mothers can serve as
a suitable control group, as much older mothers are not comparable to younger ones.
Therefore, we propose to use a stacked DiD design (Wing, Freedman, and Hollingsworth 2024)

combined with a rolling window of control groups by age at birth. In the stacked DiD design, the
effects of childbirth are estimated separately for each age-at-birth group of mothers. It thus allows for
heterogeneous effects and avoids forbidden comparisons and contamination. To ensure that treated and
control units are comparable, we extend the standard stacked DiD approach and impose an additional
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restriction on age at birth in the control group. For each group of mothers who give birth at a given
age, we construct a specific control group exclusively from pre-birth observations of not-yet-treated
mothers who give birth at slightly older ages. With this approach, we use the strong correlation between
age at first birth and labor market outcomes to our advantage and bring together the most comparable
mothers in the treatment and control groups. This combination of a stacked DiD with a rolling window
of control groups enables us to eliminate the issues present in conventional event studies and estimate
the age-at-birth-specific effects of childbirth on post-birth labor market outcomes.

We apply our approach to administrative data from Germany to assess the bias in conventional event
studies and to provide new insights on the heterogeneous labor market costs of motherhood. First, we
document that the average negative impact of motherhood on earnings (almost € -30,000 in the fourth
year after birth) is substantially larger than the one estimated by the conventional estimation approach.
The difference between the estimates is around € 10,000 or 30 percent of the unbiased estimate from
our approach; in relative terms the difference amounts to 24 percentage points or 30 percent. We show
that the underestimation of the negative impact in conventional event studies primarily comes from
their inability to accurately capture the unrealized growth in earnings that would have happened absent
childbirth. Since the control group in conventional event studies includes already-treated mothers,
who experience income losses or a slowdown in career progression, the counterfactual trend is biased
downwards.

We further provide new evidence on how the costs of motherhood and their interpretation differ in
maternal age at birth. Estimating the age-at-birth-specific effects, we find that the absolute negative
impact of motherhood on earnings increases in age at first birth. We identify twomajor opposing factors
as the sources of this pattern. On the one hand, the pre-birth earnings levels increase almost linearly
until age 30 and flatten out thereafter, following the well-documented earnings path over the life cycle.
This implies that leaving the labor market or reducing working hours becomes increasingly costly for
older first-time mothers. On the other hand, younger first-time mothers face steeper counterfactual
trends since the not-yet-mothers of close ages who make up their control groups are still at relatively
early career stages and make active progression in the labor market. In relative terms, older first-time
mothers lose a much smaller share of their pre-birth earnings. The negative impact of motherhood for
them is composed to a large extent from losses in levels after birth rather than due to foregone growth.
Younger mothers, in comparison, face the relatively larger career costs of motherhood as they miss out
on the career phase with the most rapid progression. This pattern is consistent with the recent work by
Gallen et al. (2023) who find a more pronounced negative impact of unplanned pregnancies for younger
first-time mothers, pointing to a disruption in human capital accumulation at the beginning of the
career as the main mechanism. The substantially different interpretations of the effects of motherhood
by age underscore the importance to consider heterogeneity by age at the first birth. While negative
effects are commonly viewed just as actual losses that women experience, we point out that the negative
impact of motherhood is a combination of both losses relative to the pre-birth levels and foregone
earnings and career progression.
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Our paper contributes to several strands of literature. First, we make a methodological contribution
to the vast literature on howmotherhood affects women’s labormarket outcomes.We start by explaining
how not addressing heterogeneity by age at the first birth leads to substantially biased estimates of the
effects of motherhood if event studies or related methods are used (Angelov, Johansson, and Lindahl
2016; Kuziemko et al. 2018; Bütikhofer, S. Jensen, and Salvanes 2018; Fitzenberger, Sommerfeld, and
Steffes 2013; Kleven, Landais, Posch, et al. 2019; Bruns 2019; Andresen and Nix 2022; Fitzenberger and
Seidlitz 2023; Kleven, Landais, and Leite-Mariante 2024; Adams-Prassl, M. Jensen, and Petrongolo 2024).
Building on the existing solutions to account for different treatment timing and effect heterogeneity,
especially the technique to treat groups who receive treatment at different points in time as sub-events
(Wing, Freedman, and Hollingsworth 2024), we propose a new approach to estimate the labor market
costs of motherhood. This approach yields substantially different results compared to a conventional
event study, both in terms of magnitude of the effects and their development. It is flexible and can
be extended to study additional dimensions of effect heterogeneity or other research questions with
similar settings.
We make further methodological contribution to the emerging body of literature on issues in DiD

models and event studies with staggered adoption and heterogeneous treatment effects (de Chaisemartin
and D’Haultfoeuille 2020; Goodman-Bacon 2021; Sun and Abraham 2021; Callaway and Sant’Anna 2021;
Borusyak, Jaravel, and Spiess 2024; summarized by Roth et al. 2023; de Chaisemartin and D’Hault-
foeuille 2023). The career costs of having children and the resulting gender inequality is a common
subject of empirical work and of high relevance in public debates, but also an application where – as we
demonstrate – substantial biases due to heterogeneous treatment effects are likely to be present. We
follow the methods proposed by Goodman-Bacon (2021) and Sun and Abraham (2021) to illustrate in
detail how the heterogeneous effects of motherhood across age at birth enter an average estimate with
different weights and cause biases. Moreover, we show that the heterogeneity in our application is not
just a source of biases but rather provides additional information that is economically meaningful and
valuable for policymaking.

Furthermore, in our application of the new method, we make an empirical contribution to the large
literature on the career costs of motherhood (see, among others, Adda, Dustmann, and Stevens 2017;
Lundborg, Plug, and Rassmussen 2017; Blundell et al. 2021; Goldin 2021). Our results emphasize that the
importance of analyzing the effects of motherhood by age at first birth goes beyond just methodological
concerns. We decompose the negative effects of motherhood on earnings into realized losses in earnings
levels and foregone earnings progression.We show that these two components have different importance
for younger and older mothers, meaning the impact of motherhood for them is different in nature.
Analyzing the effects by age at birth creates an opportunity to understand the differential responses to
childbirth, which can be particularly useful when evaluating the impact of policy reforms.

The paper is organized as follows. Section II describes the heterogeneity in outcomes and character-
istics among mothers of different ages, which is a source of the problems in the conventional estimation
approach as we discuss in Section III. In Section IV, we propose a new approach to estimate the impact
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of motherhood that accounts for heterogeneity by age at birth. We apply this approach in Section V
to estimate the heterogeneity-robust impact of childbirth and show how it differs in magnitudes and
interpretations by age at birth. Section VI concludes.

II The Source of Problems: Heterogeneity by Age at Birth

Several papers have documented heterogeneity of maternal labor market outcomes across different
ages at birth (Wilde, Batchelder, and Ellwood 2010; Adda, Dustmann, and Stevens 2017; Goldin, Kerr,
and Olivetti 2022). As our paper largely builds on the observation that the characteristics and outcomes
of mothers show significant differences by age at the first childbirth, this section provides a systematic
overview.
Our analysis in this and the following sections relies on administrative labor market data from

Germany, precisely the Sample of Integrated Labor Market Biographies (SIAB, Schmucker, Seth, and
vom Berge 2023; Graf et al. 2023) for the period 1975 to 2021. We complement this dataset with survey
data from the German Socio-Economic Panel (SOEP, Goebel et al. 2019) as they provide a wider range
of characteristics. Section A.1 in the Appendix describes the SIAB data and the sample restrictions we
apply in more detail, Section A.2 describes the SOEP data. Even though we focus on the SIAB data
for their large sample size, which allows us to analyze outcomes by age at birth, this paper’s findings
are not specific to either dataset. They are rather driven by the fact that mothers exhibit substantial
differences in various characteristics depending on their age at the first childbirth.
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Figure 1: Heterogeneity in earnings and education among mothers by their age at the first childbirth.

Notes: Figure 1a plots the development of annual labor earnings of mothers by age at birth for the age range 20 to 40. Figure 1b
shows years of education of mothers by their age at the first childbirth as a binned scatter plot with an added quadratic fit.
Source: Own calculations based on the SIAB (Figure 1a) and SOEP (Figure 1b) data (see Appendix A for a description).
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Figure 1a plots the development of our main outcome, annual labor earnings, over age by age at the
first childbirth. It documents substantial differences in multiple aspects of mothers’ earnings before as
well as after birth. First, older mothers reach a higher career stage and, accordingly, higher levels of
earnings before they give birth. On average, giving birth one year later relates to additional € 1,300 in
annual earnings in the year prior to childbirth (see also Table B.1 in the Appendix). Second, we observe
across all ages at birth that the earnings trajectories after childbirth are not constant but dynamic over
time. Most apparent is the large drop in earnings right in the year of childbirth, which is substantially
larger for older mothers. This is followed by continued, but smaller, losses in the first post-birth year, an
uptick of earnings in the second year, and steady, but small, growth thereafter. Third, the figure shows
that post-birth earnings trajectories differ substantially across age-at-birth groups. Young mothers
experience little immediate recovery, while the increase in earnings between the first and second post-
birth year becomes more pronounced with increasing age at birth. In addition, the growth of earnings
in the longer run after birth is more pronounced for older mothers. Taken together, these patterns in
labor earnings around childbirth suggest that motherhood effects are likely to be heterogeneous, i.e.
different across ages at birth and dynamic over time since the event.

Among the multiple drivers of earnings, education is of particular importance. It is usually decided
on already in the early stages of life and is correlated with desired fertility (Adda, Dustmann, and
Stevens 2017; Doepke et al. 2023). In Figure 1b, we confirm the positive correlation between years of
completed education and the age at the first childbirth. We further observe that giving birth one year
later is associated with a 1.7 percentage points lower likelihood to be in the lowest education category
(no vocational degree), but a 2 percentage points larger likelihood to have completed tertiary education
(Table B.1 in the Appendix).

We observe similar patterns for other characteristics that describe a mother’s position in the labor
market. In the year prior to the first childbirth, older first-time mothers have accumulated more labor
market experience (around half a year per additional year of age at the first birth) and work in firms that
are larger and pay higher average wages (Table B.1 in the Appendix). They, further, earn higher hourly
wages prior to the first childbirth as well as five years later, are less likely to work in part-time, and
work in occupations that rank higher in terms of occupational prestige (see Figure B.1 in the Appendix).

For maternal characteristics that are related closely to fertility, the correlation with the age at the first
childbirth holds as well. Older mothers spend a shorter time on parental leave (around 1.6months per
additional year of age at the first birth, see Table B.1 and Figure B.2a in the Appendix) suggesting they
have retained more human capital when they re-enter the labor market. They also have fewer children
in total (Figure B.2b). Both of these aspects likely play an important role in explaining the development
of earnings after birth where older mothers show the steeper recovery right after birth.
We further document that older mothers have parents that are more likely to have completed high

school and college education (Figure B.3 in the Appendix), which points to an inter-generational
persistence of the correlation between age at the first childbirth and, on average, a more positive
selection of mothers. This difference in family background also suggests that mothers of different ages
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at birth face different environments and barriers when it comes to receiving education and progressing
in the labor market. In others words, it means that if younger mothers delay fertility by many years, it
will not necessarily translate into joining the career trajectory of older first-time mothers.

Overall, age at birth incorporates information across several dimensions such as human capital
investments, realized career outcomes, family-related decisions, and socio-economic background.
These results provide descriptive evidence that younger and older first-time mothers differ significantly,
as do their labor market outcomes and trajectories both before and after childbirth.

III The Problem: Child Penalty Estimation under Heterogeneity

To assess the effects of the first childbirth on labor market outcomes, event studies – linear regressions
that include a series of indicators for the time around childbirth, along with further covariates – are a
common tool. In this section, we explain the implications of heterogeneity by age at birth for event
studies and show that it causes problems if left unaccounted for. First, mechanical biases emerge as
conventional event studies fail to account for the fact that mothers in each age-at-birth group are treated
at different points in time and that their treatment effects are heterogeneous. Second, the heterogeneity
of maternal characteristics by age at birth imposes crucial limitations on which individuals can serve as
a control group.

III.A Biases Due to Effect Heterogeneity and Staggered Adoption

Women give birth at different ages. Thus, an event study around childbirth is an example of a research
design with staggered treatment adoption. Compared to a setting where everybody receives treatment
at the same time, there are two time dimensions in this staggered adoption setting – time relative to
treatment and age. Importantly, these two time dimensions are aligned differently for each age-at-birth
group. At each level of age, one observes mothers at different distances from their first childbirth.
Some already have given birth – are already-treated – while others are still before the first birth – are
not-yet treated. A binary treatment status indicator, however, pools all the age-at-birth groups together
over one event time dimension. The consequence of this aggregation is that an event study estimates
an average effect that is a weighted average of all possible group-by-group comparisons of a treated
group with groups that are not-yet treated and groups that are already-treated (de Chaisemartin and
D’Haultfoeuille 2020; Goodman-Bacon 2021; Sun and Abraham 2021; Borusyak, Jaravel, and Spiess 2024).
Those comparisons to groups that already have received treatment such that their outcomes do not
represent an appropriate counterfactual are typically called forbidden comparisons.

Illustration of Forbidden Comparisons To illustrate how forbidden comparisons impact the
estimation of the effects of motherhood with event studies, we apply the decomposition proposed by
Goodman-Bacon (2021) to a stylized example. For simplicity, we take a step back from the dynamic
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setting and instead consider a static one with only two periods. We focus on a single treated group,
women who give birth at age 29. Our aim is to estimate the effect of childbirth on annual earnings for
this group in the year of childbirth (age 29, event time 0) relative to the pre-birth year (age 28, event
time −1). For illustration purposes, we include three other groups: one much earlier-treated group that
gave birth at age 24, one group that gave birth in the previous year at age 28, and one not-yet-treated
group that will give birth at age 30. The average earnings of these four groups over the age range 20 to
40 are plotted in Figure 2a. The figure shows that all groups exhibit similar earnings trajectories around
childbirth: steady growth before birth, a sharp and large drop in period 0, smaller additional losses in
period 1, some recovery in period 2, and slow growth thereafter.
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Figure 2: Average earnings in levels and changes by age at birth over age.

Notes: The figure plots the average annual labor earnings of different groups by age at birth. The top part of the figure plots
earnings in levels; its bottom part plots the change in earnings between age levels 28 and 29. Panels 2a to 2c focus on the subset
of mothers who give birth at the age levels 24, 28, 29 and 30, panel 2d includes all groups from 20 to 38.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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Formally, we estimate the motherhood effect in period 0 for the chosen treated group (giving birth at
age 29) by fitting the following regression model to the restricted sample (age-at-birth groups 24, 28, 29,
30) and age window (ages 28 and 29):

𝑌𝑖𝑎 = 𝛽 × 𝟙[𝑎 − 𝐴𝑖 ≥ 0] + 𝛾𝑖 + 𝜆𝑎 + 𝜈𝑖𝑎. (1)

Here, 𝑌𝑖𝑎 indicates annual earnings for mother 𝑖 at age 𝑎. 𝟙[𝑎 − 𝐴𝑖 ≥ 0] is a treatment status indicator
for mother 𝑖 with age at birth 𝐴𝑖, which takes the value of 0 if the individual is not treated yet, switches
to 1 at childbirth and stays 1 thereafter. Fixed effects for individuals (𝛾𝑖) and age (𝜆𝑎) represent the time-
invariant level-differences across individuals and the general trend associated with age. Conditional on
these fixed effects, the coefficient 𝛽 captures the difference in the earnings trends between the treated
group and the control group, as classified by the treatment status variable. In this setup, the control
group’s earnings trend serves as the counterfactual for how the treated group’s earnings would have
evolved over age in the absence of childbirth.
To better understand the dynamics of the outcome, we first look at the average annual earnings of

these four age-at-birth groups over the age window of interest in Figure 2b. The only group that does
not receive treatment during the observation period, women who will give birth at age 30 (dashed
yellow line), continues on a smooth upward earnings trajectory over the age range from 27 to 29. The
treated group – those giving birth at age 29 – is represented by a solid green line. This group shows
steady earnings growth up to age 28, followed by a sharp decline in the year of childbirth (age 29). The
one-year-earlier-treated group, who gave birth at age 28 (dashed green line), experiences losses in both
periods, although they become smaller in magnitude in the year after birth. The much earlier-treated
group, who gave birth at age 24 (dashed purple line), exhibits only minimal earnings growth between
ages 27 and 29, reflecting a persistent post-birth slowdown in earnings progression.

In Figure 2c, we plot the changes in earnings for these four groups from age 28 to age 29, subtracting
their levels in the pre-birth period (age 28), which in Equation 1 are captured by the individual fixed
effects. This adjustment isolates the changes in the outcome from pre- to post-treatment periods, so
that 𝛽 in Equation 1 captures the difference in the trends of treated and control units. The comparison
that researchers typically intend to make is between the treated and the non-treated groups – in this
case, between the solid green and dashed yellow line – since the other two groups have already been
exposed to treatment. However, this is not the only comparison being made.
Estimating Equation 1 yields an average estimate of € -12,731 (see column (1) of Table 1). However,

this average estimate does not represent the difference between the trends of the treated group and
the only untreated group that gives birth at 30, which equals € -17,259 (see column (2) of Table 1). The
discrepancy arises, because in this staggered adoption setting the alignment of time the dimensions –
time relative to treatment and age – varies across the age-at-birth groups. For those giving birth at 29,
ages 28 and 29 represent one pre- and one post-birth period. At the same time, they are pre-treatment
periods for the group who gives birth at 30, but post-treatment periods for groups who give birth at 24
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Table 1: Decomposition of the average DiD estimate: Clean and forbidden comparisons.

(1) (2) (3) (4) (5)
Average Clean All forbidden Forbidden Forbidden

(to 30) (to 24 and 28) (to 24) (to 28)

Treatment status −12,731 −17,259 −10,288 −15,081 −6,800
(116) (135) (128) (136) (156)

Age FE (Age=29) −2,032 2,496 −4,475 318 −7,963
Person FEs Yes Yes Yes Yes Yes

Included cohorts 24, 28, 29, 30 29, 30 24, 28, 29 24, 29 28, 29
Estimation window 28–29 28–29 28–29 28–29 28–29

Weight in the 35.0 % 65.0 % 27.4 % 37.6 %
estimate from (1)
Weight in the 42.1 % 57.9 %
estimate from (3)

Notes: The table reports the results from estimating the effect of childbirth on average annual labor earnings in
the year after birth for the group that gives birth at age 29 following Equation (1). Column (1) reports results for
the estimated average effect using a sample that includes the four groups that give birth at ages 24, 28, 29 and 30.
Column (2) reports the results from clean comparisons, when only the groups 29 and 30 – treated and not-yet-
treated – are included in the sample. Column (3) reports the result from forbidden comparisons, when only the
groups 24, 28, and 29 – already-treated and treated – are included in the sample. Columns (4) and (5) report the
coefficients separately for each of the two forbidden comparisons. Standard errors are reported in parentheses.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).

and 28. This means that the treatment status of the three groups giving birth at 24, 28, and 30 remains
unchanged throughout the estimation window. Crucially, the coefficient 𝛽 captures the response in
the outcome to a change in treatment status by one unit, which at the age of 29 happens only for the
group that gives birth at 29.1 The other three age-at-birth groups, for whom the treatment status does
not change, then serve as control groups. Another way to see this is by noting that using individual
fixed effects is equivalent to demeaning all variables by their individual pre-birth values (in this case, the
value at age 28). For the already-treated groups, this results in a treatment status of 0 in both periods –
just as if they were control units.

Therefore, in our example, the average estimate includes three comparisons. The clean comparison
is the one where the changes in earnings of the treated group (29) and the not-yet-treated (30) one are
compared. The the other two use already-treated mothers (24 and 28) as control units and, therefore,
are forbidden ones, as their trends are already affected by motherhood. The group that gave birth
right in the previous year (at age 28) is still experiencing substantial losses in its first post-birth year,

1 This is similar to the intuition that only the effects for compliers and defiers – those who change their treatment status
in response to an instrument – are identified in an instrumental variable design. As Imbens and Angrist (1994, p. 470)
write: “The local average treatment effect is analogous to a regression coefficient estimated in linear models with indi-
vidual effects using panel data. In models with fixed effects, the data are only informative about the impact of binary
regressors on individuals for whom the value of the regressor changes over the period of observation.”
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while the group that gave birth at 24 exhibits a mostly flat trend. If the post-birth losses were constant
over time and matched the losses of the group giving birth at 29, then the comparisons to already-
treated mothers would yield a difference of zero and, hence, would not introduce a bias. However, since
the losses differ across age-at-birth groups and decrease between the post-birth periods 0 and 1, the
comparison to mothers who gave birth at 28 yields an estimate of €−6,800 (see column (5) of Table 1),
which substantially understates the earnings losses for the treated group. The mostly flat earnings trend
of mothers treated at age 24 leads to an underestimation as well (we estimate €−15,081, see column (4)).
Using both already-treated groups as controls leads to an estimated effect of €−10,288 (column (3)),
which receives a weight of almost two thirds (65 percent) in the average estimate of €−12,731 (column
(1)). In contrast, the clean comparison to the not-yet-treated mothers (who give birth at 30) yields a much
larger effect of€−17,259 (column 2) but receives a weight of only 35 percent in the average estimate. The
resulting bias is large, €−4,528 or nearly 36 percent of the average estimate. The direction of the bias is
caused by the fact that childbirth leads to earnings losses in levels and a slower earnings growth. This
can be observed directly in the estimated age fixed effects, that represent the counterfactual earnings
progression that would have happened from age 28 to age 29 absent children. While the clean estimate of
the growth absent children is positive at € 2,496 (column (2) of Table 1), the average estimate is negative
and amounts to €−2,032 (see column (1)). The difference in the age fixed effects captures the bias in the
average estimate, representing the bias in the assumed counterfactual trend.

In Figure 2d, we extend the example to include all groups of mothers that give birth between the ages
of 20 and 38. As before, the solid green line indicates the group treated at age 29, while the dashed green
line depicts the earnings losses of the previously treated group (at age 28). A set of almost flat trends
comes from the groups already treated earlier, while most of the upward sloping trends come from
mothers who are not-yet treated. One additional upward trend (depicted as solid light blue line with
round markers) comes from the group that was treated at age 27. In the second year after giving birth, a
substantial fraction of mothers returns to the labor market, which leads to a steep uptick in the average
earnings (a dynamic that is common across all groups as shown in Figure 1a). Generally, the estimate
for a given age-at-birth group in a given period is composed of comparisons of the treated group’s
changes in earnings to mostly flat post-birth trends of the earlier already-treated groups, to a downward
trend from the group treated just before, and to upward sloping trends from a recovery period and
not-yet treated women. At the same time, only the group of not-yet-mothers is suitable to serve as a
control one, as every other group has already received treatment. Repeating the Goodman-Bacon (2021)
decomposition for this example with all age-at-birth groups shows that forbidden comparisons receive
56 percent of the weights.
Importantly, forbidden comparisons have a substantial impact on the counterfactual trend only if

they receive large weights. Understanding why this is the case is insightful, as it sheds light on how
widespread the problem of forbidden comparisons is when estimating the effects of motherhood. The
weight that a difference-in-differences model as in Equation 1 assigns to each pairwise comparison
generally depends on three components: the relative and absolute size of the compared groups as well
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as the timing of treatment, i.e. the position of each treated group within the time window (Goodman-
Bacon 2021). The weight assigned to a comparison tends to be larger if the two compared groups are
more similar in size, if the absolute size of the groups is larger, and if treatment occurs closer to the
middle of the time window. The distribution of age at the first childbirth is typically bell-shaped around
the average age at birth (see Figure B.6 in the Appendix for the case of Germany). With this shape,
comparisons of age-at-birth groups close to the middle of the distribution, i.e. at age levels when most
mothers give birth, have the largest values for all three components of the weight. Additionally, the
relative size component is large for age-at-birth groups that are close to each other, since these groups
are very similar in their absolute sizes. This means that comparisons to the group treated just one year
earlier – who are still experiencing losses and thus provide the least suitable counterfactual scenario –
tend to receive a larger weight. We confirm this in Table 1, where the comparison of the weights of the
already-treated groups in columns (4) and (5) shows that mothers who gave birth one year earlier (at age
28) receive a larger weight of 37.6 percent in the average estimate (compared to 27.4 percent for those
treated much earlier at age 24). Since the bell-shaped distribution of age at first childbirth is common,
forbidden comparisons are prone to receive large weights in estimations of the effects of motherhood in
different settings and countries. The direction of the bias depends on the outcome trajectories around
childbirth. For example, steep recoveries of earnings for already-treated mothers could lead to an
overestimation of the motherhood effect, while continued earnings losses or a slow-down in career
progression could lead to an underestimation of the impact of motherhood.

Generalization to Conventional Event Studies and Contamination In the previous example, we
simplified the analysis by considering only two time periods. Usually, researchers observe women’s
outcomes over a longer period of time and are interested in understanding the dynamic impact of
motherhood around the event of childbirth. Allowing the effects of motherhood to vary over time
formally means replacing the single treatment status indicator in Equation (1) with a set of indicators
for an event time window from 𝐿𝑚𝑖𝑛 to 𝐿𝑚𝑎𝑥 :

𝑌𝑖𝑎 =

𝐿𝑚𝑎𝑥∑︁
𝑙=𝐿𝑚𝑖𝑛 ,
𝑙≠−1

𝛽𝑙 × 𝟙[𝑎 − 𝐴𝑖 = 𝑙] + 𝛾𝑖 + 𝜆𝑎 + 𝜀𝑖𝑎. (2)

Here, each of the dynamic treatment status indicators in
∑𝐿𝑚𝑎𝑥

𝑙=𝐿𝑚𝑖𝑛

𝑙≠−1
𝟙[𝑎 − 𝐴𝑖 = 𝑙] takes the value 1 if a

mother 𝑖, who gives her first childbirth at age 𝐴𝑖, is 𝑙 years away from 𝐴𝑖. For all other relative time
periods 𝑙′ ∈ [𝐿𝑚𝑖𝑛, 𝑙) ∪ (𝑙, 𝐿𝑚𝑎𝑥] , it takes the value 0.

In this dynamic setup, commonly referred to as an event study, the problem of forbidden comparisons
persists. The two time dimensions – time relative to treatment and age – remain aligned differently
across the age-at-birth groups. At each age, there are mothers who have already given birth (𝑙 > 0),
mothers who give birth at this exact age (𝑙 = 0), and those who have not yet become mothers (𝑙 < 0). At
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each age, an event time indicator takes the value of 1 for mothers who are exactly 𝑙 years away from their
first birth. For those mothers who are not 𝑙, but 𝑙′ ≠ 𝑙 years away from their first birth, the respective
indicator takes the value of 0. Importantly, the indicator equals 0 not only for women who have not
yet become mothers (𝑙′ ∈ [𝐿𝑚𝑖𝑛,−1]), but also for those who have already given birth (𝑙′ ∈ [1, 𝐿𝑚𝑎𝑥]),
resulting in forbidden comparisons.

In addition to forbidden comparisons, a second issue can introduce a bias into event studies estimates
– contamination (Sun and Abraham 2021). When replacing the binary treatment indicator with a set
of indicators for each relative time period around treatment, the effect for a given period is estimated
conditional on the effects from all other periods. In other words, the estimated average effect of being in
a specific period relative to childbirth is subtracted from the outcomes of each age-at-birth group at that
period. If the treatment effects of motherhood are homogeneous – that is, constant across relative time
periods and age-at-birth groups – then this subtraction will correctly account for the effect of being
treated a number of periods away. However, with heterogeneous treatment effects, a single average
is not sufficient to account for the heterogeneous effects across the age-at-birth groups. The result
of this conditional estimation of heterogeneous effects over multiple relative time periods is that the
differences in effects from the other periods 𝑙′ enter the estimate of the effect in 𝑙 and contaminate
it. In Figure B.4 in Appendix B, we use the decomposition proposed by Sun and Abraham (2021) to
illustrate contamination when estimating the effects of motherhood. It confirms that the estimates of
the treatment effects in a given relative time period contain the effects from other periods, leading to a
contamination of the estimates.
The results discussed above have important implications for the commonly applied event studies

around childbirth that follow the model proposed by Kleven, Landais, and Søgaard (2019):

𝑌𝑖𝑎𝑡 =

𝐿𝑚𝑎𝑥∑︁
𝑙=𝐿𝑚𝑖𝑛 ,
𝑙≠−1

𝛽𝑙 × 𝟙[𝑎 − 𝐴𝑖 = 𝑙] + 𝜆𝑎 + 𝛿𝑡 + 𝑢𝑖𝑎𝑡 . (3)

This specification includes fixed effects for age and calendar year (𝜆𝑎 and 𝛿𝑡). Often, researchers include
additional individual fixed effects to account for the time-invariant differences across individuals as in
Equations 1 and 22. As we have demonstrated above, this conventional event study setup is susceptible
to both forbidden comparisons and contamination. Therefore, its results are prone to being neither
a numerically correct representation of the actual average effect of motherhood nor an interpretable
weighted average of the effects of motherhood across multiple age-at-birth groups.

Biases in Re-scaled Estimates Additionally, many applications follow the approach by Kleven,
Landais, and Søgaard (2019) to re-scale the event study estimates to relative terms. As a re-scaling

2 Notably, in any event study model that includes treatment status indicators, these indicators automatically classify
individuals into treated and control groups. Therefore, including unit fixed effects is necessary to account for the pre-
treatment level differences between the groups, which would otherwise be mistakenly attributed to the treatment effect.
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benchmark, they use a counterfactual outcome that is obtained by predicting the outcomes using only
the fixed effects from Equation (3). The goal of this re-scaling is to capture the ratio between the effect
of childbirth and the predicted outcome without children, allowing to interpret the absolute losses in
terms of counterfactual earnings. However, the counterfactual outcome itself is prone to be biased, as it
is derived from an estimation that includes already-treated units in the control group.
Table 1 provides an illustration of this issue. The coefficient of the age fixed effect represents the

estimated earnings progression for the control group. The clean estimate of the age fixed effect in
column (2) amounts to € 2,496, whereas the average estimate in column (1) is negative at €−2,032, even
though both aim to capture the progression of annual earnings for women without children. The reason
for the diverging age fixed effects between the clean and the average estimate is that the latter additionally
includes the downward and flat trends of already-treated mothers. Therefore, this conventional re-
scaling approach is prone to including biases in both the numerator and the denominator. We further
analyze this issue in Appendix C, where we show how the composition of the denominator changes
over relative event time.

III.B Control Group Choice Under Heterogeneity

The problems discussed above can be considered mechanical ones, in the sense that already-treated
individuals enter the control groupwhile, in fact, it should include only non-treated ones. However, at the
core of an event study research design lies the choice of a valid control group composed of non-treated
individuals. Event studies recover unbiased treatment effects under two assumptions which are typically
referred to as no anticipation and parallel trends (Sun and Abraham 2021). Assuming no anticipation
means that no one should be affected by treatment before the event of treatment. Assuming parallel
trends means that the trend of the control group should represent the counterfactual development
that the treated group would have had absent treatment. Especially the second assumption is crucial
for the choice of a control group as it requires general comparability of outcome trajectories between
the treatment and the control group in the untreated state. Therefore, the pronounced differences in
maternal outcomes by age at birth have important implications for choosing a control group, as they
threaten the comparability of mothers across age-at-birth groups. In the following, we discuss the
validity of the most common and available control groups with respect to the heterogeneity in maternal
characteristics by age at birth.

Men If men are used as control units, event studies capture the effect of having a child on the outcomes
of mothers under the assumptions that men are unaffected by childbirth and that, absent children,
women would have the same outcome trajectories as men. In practice, these assumptions are unlikely
to hold. First, there are gender differences in career paths because of various kinds of discrimination
and different experiences and decisions that can have an effect already prior to birth, for instance
when choosing a college major or an occupation (Blau and Kahn 2017). Moreover, after childbirth,
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being a father can have both positive and negative effects on outcomes of men. Negative ones can arise
in societies that are more gender-equal where the burden of raising children is shared more equally
between both parents. Positive effects for fathers are possible as well, for example, if specialization
within couples re-distributes incentives to further invest in the labor market career to husbands. Goldin,
Kerr, and Olivetti (2022), for instance, conclude the existence of a “fatherhood premium” that is larger
for more time-intensive occupations which points towards an increase in productivity due to a focus
on market work (similar to the findings on male marital wage premiums that is documented, among
others, by Antonovics and Town 2004).

In Figure B.5 in Appendix B, we plot the average earnings trajectories of fathers by age-at-parenthood
groups and document no visible impact of childbirth in the German setting. However, we observe that
there is a positive correlation between the levels and the growth of labor market outcomes of fathers
and age at birth. This suggests that heterogeneity by age at parenthood should be taken into account as
well when estimating the impact of fatherhood using event studies. Consequently, this also holds if the
gap in the effect of parenthood is of interest or if the analysis makes comparisons within couples (as for
instance in Angelov, Johansson, and Lindahl 2016; Andresen and Nix 2022).

Childless Women Using childless women as control units requires to assume comparability and
common trends for mothers and non-mothers, as well as no anticipation of not receiving treatment.
Both assumptions are unlikely to hold given the endogeneity of fertility decisions. Lundborg, Plug,
and Rassmussen (2017) utilize the special case of in vitro fertilization success to estimate the career
effects of childbirth conditional on receiving IVF treatment, and Gallen et al. (2023) use failing oral
contraception to identify the effects of unplanned pregnancy and childbirth on labor market outcomes.
However, in a general sample of mothers, it is challenging to distinguish a random component from
selection into fertility. Employing childless women as control group does not account for the voluntary
decision of being childless for career reasons, while Steinhauer (2018) documents interrelations between
gender roles, childlessness, and choices in the labor market. Moreover, it neglects the heterogeneity
among the childless individuals, some of whom decide to not have children, whereas others tried to
but could not have them. Outcome trajectories of childless women, who might know they will remain
childless (for instance, due to medical reasons) or explicitly plan to do so, are very unlikely to represent
the counterfactual trajectories of mothers in the absence of children.

Not-Yet-Mothers Restricting the control group to not-yet-treated women allows to account for
the selection of women into having children instead of remaining childless. This group is used in the
dynamic matching approaches by Fitzenberger, Sommerfeld, and Steffes (2013) and Fitzenberger and
Seidlitz (2023). Yet, all not-yet-treated women include much older first-time mothers. As we show in
Section II, the timing of childbirth is correlated with some important characteristics of mothers and
their labor market outcomes, both before and after birth. On average, older first-time mothers have a
higher socio-economic status, reflected in higher earnings, educational levels, occupational ranks, and
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other labor market outcomes. Therefore, the outcomes of much older first-time mothers cannot serve
as a counterfactual for younger mothers, such that, in their entirety, not-yet-treated units are unsuitable
as a control group.
However, the group of not-yet-treated women also includes those mothers whose age at first birth

is close to that of each treated group. In Section II, we show that age at childbirth and characteristics
relevant for labor market outcomes are strongly correlated with and, importantly, change smoothly in
age at birth. Therefore, bringing together women of close ages at birth in the treatment and control
groups can establish a basis for the comparability of their outcome trajectories. We use this feature to
construct the control groups in the next section.

IV The Solution: Stacked DiD with Rolling-Window Control Groups

Having analyzed the issues that can arise in conventional event studies, we now develop a new approach
that solves them. After a description of the approach, we present the model along with the necessary
assumptions and the estimation procedure.

Overview Based on the results of our previous analysis, a new approach should satisfy two key
conditions. First, it has to account for the staggered adoption of treatment and for the effect heterogeneity
by age at first birth. Second, it has to ensure that the control group includes only women who are not-yet
treated and comparable. To meet these criteria, we propose a stacked DiD design (Wing, Freedman,
and Hollingsworth 2024) combined with a rolling window of group-specific control groups over age at
birth. It treats each group of women becoming mothers at a certain age as a separate sub-event and
estimates group-specific effects that can be aggregated to obtain an average estimate. This approach
eliminates forbidden comparisons and contamination by focusing on a single group becoming treated
at a given age, rather than pooling all age-at-birth groups together. It solves the misalignment of event
time and age across age-at-birth groups by aligning – stacking – them by event time. Furthermore, the
stacked DiD design allows a flexible definition of control groups. For each age-at-birth group, we define
a specific control group in which we include only the pre-birth observations of not-yet-treated mothers
who are the closest in terms of age at the first childbirth. This leverages the strong correlation between
age at birth and labor market outcomes (see Section II) to bring the most comparable treated and control
mothers together. Overall, this approach accounts for heterogeneity by estimating age-at-birth-specific
effects and ensures that the control groups are free of already-treated units and comparable to the
treated ones.

Model To allow the effects of motherhood to be heterogeneous by age at the first childbirth, we model
the outcomes at the level of groups of women who become mothers at a certain age. We index groups
as 𝑠, ranging from the smallest to the largest age at first childbirth such that 𝑠 ∈ {𝑠𝑚𝑖𝑛, ..., 𝑠𝑚𝑎𝑥}. With age
as the timing dimension, we index time periods as 𝑎, ranging from the smallest to the largest observed
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age level 𝑎 ∈ {𝑎𝑚𝑖𝑛, ..., 𝑎𝑚𝑎𝑥}. Following the potential outcome model for a staggered adoption design
by Wing, Freedman, and Hollingsworth (2024), we define 𝑌𝑠𝑎(𝐴) as the potential outcome that group 𝑠
experiences at age 𝑎 when it gives the first birth at age 𝐴, with 𝐴 ∈ {𝐴𝑚𝑖𝑛, ..., 𝐴𝑚𝑎𝑥}. We define 𝑌𝑠𝑎(0) as
the counterfactual potential outcome the group 𝑠 would have experienced at age 𝑎 had they not given
birth. For the group 𝑠 at age 𝑎, the causal effect of giving birth at age 𝐴 compared to the scenario of not
giving birth is defined as 𝛽𝑠𝑎(𝐴) = 𝑌𝑠𝑎(𝐴) − 𝑌𝑠𝑎(0).

We define the age at which the group 𝑠 is observed to give birth as 𝐴𝑠. The realized outcome for each
group is the sum of the counterfactual outcome and the effect of giving birth at age 𝐴𝑠, formally defined
as 𝑌𝑠𝑎 = 𝑌𝑠𝑎(0) +

∑𝐴𝑚𝑎𝑥

𝐴𝑚𝑖𝑛
𝛽𝑠𝑎(𝐴) × 𝟙[𝐴𝑠 = 𝐴]. Our target parameter is the average treatment effect on

the treated (ATT), specific to each group and period 𝑙 = 𝑎 − 𝐴 after treatment, i.e. the average causal
effect of becoming a mother at age 𝐴 for the group that gives birth at age 𝐴𝑠 = 𝐴 on outcomes in the
post-birth periods 𝐴 + 𝑙:

𝐴𝑇𝑇𝐴,𝐴+𝑙 = 𝔼[𝛽𝑠,𝐴+𝑙 (𝐴) |𝐴𝑠 = 𝐴] = 𝔼[𝑌𝑠,𝐴+𝑙 (𝐴) − 𝑌𝑠,𝐴+𝑙 (0) |𝐴𝑠 = 𝐴].

To identify the 𝐴𝑇𝑇𝐴,𝐴+𝑙 of motherhood, we employ a staggered adoption DiD design. We model the
counterfactual outcome as 𝑌𝑠𝑎(0) = 𝛾𝑠 + 𝜆𝑠𝑎 + 𝜈𝑠𝑎. It represents a baseline DiD model that is specific for
each age-at-birth group, where absent treatment outcomes are composed of the group’s initial level
(𝛾𝑠), the group-specific outcome trend over age (𝜆𝑠𝑎), and an error term 𝜈𝑠𝑎. That means we model the
realized outcome as

𝑌𝑠𝑎(𝐴) =
𝐴𝑚𝑎𝑥∑︁
𝐴𝑚𝑖𝑛

𝛽𝑠𝑎(𝐴) × 𝟙[𝐴𝑠 = 𝐴] + 𝛾𝑠 + 𝜆𝑠𝑎 + 𝜀𝑠𝑎.

Identifying Assumptions The staggered adoption DiD design identifies the parameter 𝐴𝑇𝑇𝐴,𝐴+𝑙

specific for age-at-birth groups and time periods under two key assumptions: parallel trends and no
anticipation (Sun and Abraham 2021; Wing, Freedman, and Hollingsworth 2024).
First, we need to assume that, absent childbirth, the outcomes of the treated and control groups

would have evolved in parallel. This assumption requires choosing a suitable control group for each age-
at-birth group, such that their outcome trajectory (captured by 𝜆𝑠𝑎) indeed represents the counterfactual
development for treated mothers who give birth at age 𝐴. To make this choice, we leverage the strong
correlation between age at birth and relevant outcomes and decisions, as well as their smooth change
in age at birth, documented in Section II. This correlation suggests the comparability of the outcome
trajectories conditional on having close ages at birth. Therefore, we specify the age-at-birth-specific
control groups as those mothers who give birth at slightly older ages. For each group that gives birth at
age 𝐴, we include only a few next groups of mothers, 𝐺, in each age-at-birth-specific control group
such that it consists only of mothers with close ages at birth 𝐴𝑠 ∈ {𝐴 + 1, 𝐴 + 𝐺}. Formally, parallel
trends mean assuming that in the post-birth periods (𝑙 ≥ 0), the average change in outcomes of the
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treated group with 𝐴𝑠 = 𝐴 and of their respective control group with 𝐴𝑠 ∈ {𝐴 + 1, 𝐴 + 𝐺} would have
been the same in the absence of children:

𝔼[𝑌𝑠,𝐴+𝑙 (0) − 𝑌𝑠,𝐴−1(0) |𝐴𝑠 = 𝐴] = 𝔼[𝑌𝑠,𝐴+𝑙 (0) − 𝑌𝑠,𝐴−1(0) |𝐴 + 1 ≤ 𝐴𝑠 ≤ 𝐴 + 𝐺].

Intuitively, we assume that women, who give birth at a certain age, absent children would have followed
the outcome trajectory of the women who give birth at slightly older ages. Compared to a conventional
event study setting, we allow the counterfactual trajectories to differ by age at birth and assume parallel
trends only for groups within a narrow window of age at birth. This accounts for the fact that mothers
with different ages at birth give birth at different life and career stages.

Second, we need to assume that there is no anticipation of treatment, i.e. that no effect of motherhood
materializes in the pre-birth periods 𝑎 < 𝐴:

𝐴𝑇𝑇𝐴,𝑎 = 𝔼
[
𝑌𝑠,𝑎(𝐴) − 𝑌𝑠,𝑎(0) |𝐴𝑠 = 𝐴

]
= 0.

This is a strong assumption in the context of motherhood effects where we can expect two types of
potential anticipation – long-term and short-term one. Long-term anticipation can arise from plans for
future fertility that influence women’s decisions earlier in life – for instance human capital investments
or occupation choices – well in advance of childbirth (Adda, Dustmann, and Stevens 2017). Short-term
anticipation can emerge when women make fertility decisions based on their current career outcomes
or adjust labor market choices in response to pregnancy. Our choice to include only women with
close ages at birth in the control group mitigates long-term anticipation by grouping together only
women who are similar in terms of fertility timing and the associated early-life decisions earlier. As for
short-term anticipation, Callaway and Sant’Anna (2021) discuss the possibility to adjust this assumption
if researchers want to allow for anticipation within a fixed number of periods before childbirth. For
example, this adjustment can be useful if there is the suspicion that women tend to give birth following
a promotion or a slow-down in their career progression. In this case, with 𝑝 pre-treatment periods
where anticipation is suspected, no anticipation should be assumed for the periods {𝑎 < 𝐴 − 𝑝} instead
of {𝑎 < 𝐴}.

Estimation Procedure To identify the 𝐴𝑇𝑇𝐴,𝐴+𝑙 of motherhood allowing different control groups
and heterogeneous effects by age at birth, we employ a stacked DiD estimator with a rolling window
of control groups over age at birth. We treat each group of women becoming mothers as a separate
sub-event 𝑠 and construct according sub-datasets that only include the treated group (who gives birth
at age 𝐴𝑠 = 𝐴) and their assigned control observations (pre-birth observations of those who give birth
at later ages 𝐴𝑠 ∈ {𝐴 + 1, 𝐴 +𝐺}). Appending the sub-datasets vertically by event time creates a stacked
dataset over all sub-events, in which all age-at-birth groups are aligned by event time.
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We fit a saturated linear regression, where a standard two-way fixed effects (TWFE) regression is
interacted with sub-event indicators, to the stacked dataset:

𝑌𝑖𝑠𝑎 =

𝑠𝑚𝑎𝑥∑︁
𝑠=𝑠𝑚𝑖𝑛

𝐿𝑚𝑎𝑥∑︁
𝑙=𝐿𝑚𝑖𝑛 ,
𝑙≠−1

𝛽𝑠𝑙
(
𝐷𝑖𝑠 × 𝟙[𝑎 − 𝐴𝑖 = 𝑙] × 𝟙[𝑆𝑖𝑠 = 𝑠]

)
+ 𝛾𝑖𝑠 + 𝜆𝑠𝑎 + 𝜀𝑖𝑠𝑎. (4)

In the equation, 𝑌𝑖𝑠𝑎 indicates the outcome of mother 𝑖 who belongs to sub-event 𝑠 at age 𝑎. Accordingly,
the model includes a set of event-time indicators 𝟙[𝑎 − 𝐴𝑖 = 𝑙] that identify when a mother is 𝑙 years
away from her first childbirth at age 𝐴𝑖. 𝐷𝑖𝑠 identifies the treated units within a sub-event 𝑠. It is a
dummy variable that takes the value of one if unit 𝑖 belongs to the treated group in sub-event 𝑠 (if 𝐴𝑖

equals 𝑠) and takes a value of zero if unit 𝑖 belongs to the control group in sub-event 𝑠. The indicator
function 𝟙[𝑆𝑖𝑠 = 𝑠] identifies each treated group of mothers (with 𝐴𝑖 = 𝑠) along with the pre-birth
observations of the assigned control units (with 𝐴𝑖 ∈ {𝐴+1, 𝐴+𝐺} and 𝑎 < 𝐴𝑖), allowing the coefficient
𝛽𝑠𝑙 to vary by sub-event. The fixed effects for individual and age, 𝛾𝑖𝑠 and 𝜆𝑠𝑎, are allowed to vary by
sub-event as well (we omit additional indicator functions in the equation for readability). This fully
interacted regression estimates the coefficients as if we ran separate TWFE regressions for each group
of women becoming mothers at a certain age using the stacked dataset. We cluster the standard errors
at the individual level to account for correlation of the error term over time.

Even though the age-at-birth-specific estimates discussed so far provide additional information, it is
often of interest to calculate an average effect across all groups. To this end, we follow Wing, Freedman,
and Hollingsworth (2024) and Sun and Abraham (2021) and weight the age-at-birth-specific estimates
by the sample shares of each group:

𝛽𝑙 =

𝑆𝑚𝑎𝑥∑︁
𝑠=𝑆𝑚𝑖𝑛

𝑁𝑠

𝑁
× 𝛽𝑠𝑙 , (5)

where 𝑁𝑠 indicates the number of observations per group and 𝑁 the total number of observations. The
result is a weighted average estimate over all age-at-birth groups.
To be able to recover a correctly weighted average 𝐴𝑇𝑇𝑙 , where 𝛽𝑙 in each time period is informed

by the full set of age-at-birth-specific estimates, it is crucial to ensure that each group in the stacked
dataset is observed over all pre- and post-birth periods (Wing, Freedman, and Hollingsworth 2024),
i.e. that the panel is balanced. This additional restriction has implications for the estimation window.
The time horizon for which our approach allows to estimate the effects of motherhood is defined
by the ranges of age at the first birth and observed age available in the data as well as the number of
age-at-birth groups included in the control group (𝐺). The number of not-yet-treated age-at-birth
groups which the researcher is willing to include in the control group (𝐺) defines the upper limit
of the time horizon the estimation can cover (𝐿𝑚𝑎𝑥 = 𝐺 − 1), since for 𝑙 > 𝐺 − 1 there are no not-
yet-treated observations left to serve as control units. The requirement to construct a balanced panel
implies that 𝐺 also defines the oldest age-at-birth group, for which it is possible to estimate the effects,
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(𝑠𝑚𝑎𝑥 = 𝐴𝑚𝑎𝑥 − 𝐺). Depending on how many pre-birth periods (𝐿𝑚𝑖𝑛) the researcher wants to include
to test the parallel trends assumption, the youngest group in a balanced panel is defined by the first
observed age level (𝑠𝑚𝑖𝑛 = 𝐴𝑚𝑖𝑛 − 𝐿𝑚𝑖𝑛).

A common last step when estimating the effects of motherhood is to re-scale the estimates to relative
terms. The outcome 𝑌 is usually in absolute terms which allows to keep values of zero during times of
non-participation in the sample. At the same time, researchers often report the effects of motherhood
in percentage terms to give a measure of the effects’ magnitude and to improve the comparability
across different settings, for instance across countries. To allow comparisons across studies and settings,
the re-scaling benchmark should be unbiased, consistent, and transparent. We propose to re-scale
the age-at-birth-specific estimates with the age-at-birth-specific pre-birth levels. In contrast to the
conventional re-scaling method that we discuss in Section III.A, this approach correctly accounts for
the different relative magnitudes of losses that depend on the initial levels, remains constant over time,
and has the clear interpretation of indicating losses with respect to the pre-birth levels.

Flexibility The estimation approach we present here does not require additional information com-
pared to a conventional event study. Thus, it can be used with the data from existing applications, for
instance, to make comparisons of the labor market costs of motherhood across countries. Moreover,
the stacked DiD design is flexible and can be adjusted to study further heterogeneity in the effects of
motherhood. Effect heterogeneity for certain groups of mothers – for instance, by completed education,
pre-birth occupation or skill-level – can be investigated by interacting the model with indicators for the
respective group. The effects of having consecutive children and their timing, highlighted as important
factor by Adams-Prassl, M. Jensen, and Petrongolo (2024), can be studied if the the second birth is
set as an event of interest. Dynamics by calendar time can be explored using multi-way stacking, i.e.
by additionally considering sub-events by the calendar time dimension for each age-at-birth group.
Our approach can also be used to study other research questions in staggered adoption settings with
similar heterogeneity patterns by age at the event: for instance, the impact of migration, health shocks,
unemployment, marriage, and divorce.

V New Insights: Heterogeneous Effects of Motherhood

Our approach to estimate the effects of motherhood by age at birth presented in Section IV not only
helps to correct potential biases but also allows to study effect heterogeneity. In this section, we illustrate
this key advantage of our stacked DiD design by applying it to administrative German labor market
data (see Section A.1 in the Appendix for details about the SIAB data). Our findings confirm substantial
heterogeneity in the effects of motherhood across ages at birth, both in levels and trends. Importantly,
we show that this heterogeneity has a meaningful and policy-relevant interpretation – one that is
lost if only an average estimate is shown. Furthermore, we highlight the importance to account for
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heterogeneity by age at birth when estimating the average motherhood effect, as our approach yields
estimates that differ substantially from those obtained using a conventional event study.

In our application, we include five not-yet-treated age-at-birth groups in each control group (𝐺 = 5)
to exclude much older, and therefore less comparable, first-time mothers from the control groups (we
also provide a test for the sensitivity of the results to the choice of 𝐺). This allows us to estimate effects
for up to four years after childbirth (𝐿𝑚𝑎𝑥 = 4). With three included pre-birth periods (𝐿𝑚𝑖𝑛 = −3)
and data on the age-at-birth groups 20 to 38 (𝐴𝑠 ∈ {20, ..., 38}), this means we estimate the effects of
motherhood for women who give the first birth between ages 23 and 33 (𝑠 ∈ {23, ..., 33}).

V.A Effects of Motherhood by Age at Birth and on Average

Figure 3a presents our main results on the impact of motherhood on annual labor earnings by age
at first childbirth. We document substantial variation in the effects across age-at-birth groups, with
differences that emerge already in the year of childbirth and widen over time after childbirth. By the
fourth year after birth, the estimated earnings losses range from € 23,795 for the youngest mothers in
the sample to € 31,586 for those who gave birth at age 31 (see Table B.2 in Appendix B for all numerical
results and standard errors). Earnings losses increase with age at birth up to age 31, after which they
decline slightly for the oldest groups, € 30,626 at age 32 and € 28,693 at age 33. These findings confirm
the substantial heterogeneity in the effects of motherhood by age at birth and highlight the importance
of accounting for it. Besides the large differences in the post-birth periods, we document flat pre-trends
for all age-at-birth groups. This provides supporting evidence for the key identifying assumption
of parallel trends, as defined in Section IV, that the earnings growth is similar for each age-at-birth
group of mothers and the associated control groups absent treatment. We also find no evidence of
short-term anticipation in the pre-birth periods, which is in line with the descriptive analysis of the
average age-at-birth-specific outcomes before birth in Figure 1a.

Aggregating the age-at-birth-specific results to an average estimate (following Equation 5 and using
the sample shares of each age-at-birth group, documented in Figure B.6, as weights) allows a comparison
with the results from a conventional event study (see Equation 3). Figure 3b presents the estimated
motherhood effects from both approaches. Compared to the conventional method, our stacked DiD
approach yields effects that are larger in absolute terms starting from the year of childbirth, with the
gap between the estimates widening over time. By the fourth year after childbirth, the estimate from
the stacked DiD approach indicates an average negative impact of around € 29,539, which is around
€ 10,000 (or 30 percent) larger than the corresponding estimate from the conventional event study.

In this comparison, the different dynamics of the estimates are particularly important. Aggregating
the age-at-birth-specific estimates from our approach results in flat average pre-trends and a downward
sloping post-birth average trajectory. In contrast, the conventional event study estimates exhibit a
clear upward-sloping pre-trend followed by a flat post-birth trend. These patterns are in line with the
expectations from our analysis in Section III.A, which concludes that conventional event studies are
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(a) Age-at-birth-specific estimates.
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Figure 3: Motherhood effects in annual earnings after the first childbirth.

Notes: The figure plots the estimated effects of motherhood (along with 95 percent confidence intervals) on annual labor
earnings of women after the first childbirth following Equation (4). Figure 3a reports the age-at-birth-specific estimates,
Figure 3b reports the weighted average of the age-at-birth-specific estimates following Equation (5) and compares that to
the results of a conventional event study as in Equation (3). Table B.2 in Appendix B reports the corresponding coefficient
estimates.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).

prone to biases since they include already-treated mothers in the control group. Since mothers typically
experience either earnings losses or a slowdown in earnings growth following childbirth, this translates
into a downward bias in the counterfactual earnings growth and generates both an upward-sloping
pre-trend and a flat post-birth trend. Our approach avoids these forbidden comparisons by constructing
clean control groups composed of women who have not yet given birth and continue to experience
earnings growth in the absence of children. Combined with the slowdown in earnings from having
a child that mothers experience, this results in a downward-sloping post-birth trend in the average
estimates. As the control group earnings continue to accumulate over time, the difference between
the two approaches widens accordingly, driven by the conventional method’s underestimation of the
counterfactual earnings growth.
We perform two robustness checks to assess the sensitivity of the average estimates. Figure B.7 in

Appendix B plots the results. The estimates in Figure B.7a are obtained after dropping observations that
have very high earnings above the 99th percentile from the sample. They show slightly smaller earnings
losses, which is the expected direction, since we primarily exclude mothers who lose substantially more
when reducing employment or leaving the labor market. Further, in Figure B.7b, we report several
estimates for different numbers of included not-yet-treated groups (𝐺) in each age-at-birth-specific
control group. Notably, changing 𝐺 implies that the included age-at-birth groups and the event-time
window change as well (see Section IV). For example, with𝐺 = 8 the time window includes 7 post-birth
periods and the sample includes the age-at-birth groups up to age 30. The resulting differences in
estimates for alternative specifications with 𝐺 ∈ {4, 6, 7, 8} and 4 pre-birth periods are, compared to
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the main specification with 𝐺 = 5, very small. This indicates that our results are robust to including
slightly larger or smaller numbers of not-yet-treated age-at-birth groups in the control groups.3

V.B Sources of Effect Heterogeneity by Age at Birth

Beyond addressing methodological issues, the heterogeneous effects documented above reflect system-
atic differences across women and in their reaction to childbirth. Thus, they offer an opportunity to
gain a better understanding of the differential impacts of motherhood.
Ex ante, the pattern shown in Figure 3a is ambiguous. Older first-time mothers, who are at a later

career stage, may have stronger incentives to return to work and can be expected to earn more if they
do. At the same time, they mechanically lose more than younger mothers if they reduce their working
hours or (temporarily) leave the labor force. In the figure, we observe that earnings losses in levels
increase almost linearly for mothers who give the first birth in their twenties, which reverses at age 31,
with absolute losses slightly decreasing for older mothers. Moreover, examining the trajectories over
time, we observe downward-sloping earnings trends for younger mothers that flatten with higher age
at birth. To better understand these patterns, we decompose the age-at-birth-specific estimates into
level losses and growth losses and show the implications for interpreting the effects.

Starting with losses in levels, Figure 4a plots pre-birth annual labor earnings by age at first childbirth.
It shows steep increases over the twenties, followed by a flattening during the thirties. This pattern
reflects the well-documented life-cycle earnings path, with a first decade that is marked by rapid
progression and diminishing returns to tenure afterwards (see, among others, Bagger et al. 2014). The
most substantial earnings progression typically happens during the twenties, corresponding to the
first post-education career stage. As a result, older first-time mothers – having already completed this
high-growth career stage – have more to lose when they leave the labor force or reduce working hours.
The resulting incentive to return to work earlier for older mothers is reflected in Figure 4b, which plots
the average employment rates by age-at-birth groups around childbirth. While older first-time mothers
are more likely to return to the labor market, the differences in post-birth participation across ages at
birth are relatively small (around 10 percentage points with a mean of slightly below 60 percent). Thus,
the share of older mothers who leave the labor market is still substantial, such that we observe levels of
earnings losses that increase in age at the first birth.

As a second step, we study the heterogeneity of losses in earnings growth by age at birth. In contrast
to the losses in levels, foregone earnings progression stems from the different outcome trajectories of
mothers and control women and accumulates over time. In Figure 4c, we start by plotting the earnings
of working mothers across ages at birth, isolating the intensive margin. Although we find that older first-
time mothers have higher levels of earnings if they return to work, there are no substantial differences in
the realized post-birth growth rates across ages at birth. Therefore, the differential dynamics of earnings

3 Notably, any formal test of the comparability of mothers across ages at birth would require to model the selection into
fertility timing (as, for instance, done in Adda, Dustmann, and Stevens 2017), which is outside of the scope of this paper.
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(b) Average employment rates by age at birth.
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(c) Average annual labor earnings (conditional on work-
ing) by age at birth.
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(d) Growth in annual labor earnings of the age-at-birth-
specific control groups.

Figure 4: Decomposition of heterogeneity in absolute motherhood effects by age at birth.

Notes: The figure decomposes the heterogeneity of effects of childbirth on annual earnings by age at birth. Figure 4a plots the
pre-birth levels of annual earnings. Figures 4b and 4c plot how labor market participation and earnings for participating
mothers develop around the first birth. Figure 4d plots the counterfactual post-birth earnings growth (i.e. the age-at-birth-
specific age fixed effects from the Equation 4).
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).

losses that we document in Figure 3a can be caused by the differences in participation rates documented
above and by different counterfactual earnings growth. In Figure 4d, we plot the earnings trends of the
age-at-birth-specific control groups, i.e. the age fixed effects estimated with Equation 4. They depict
the development of earnings that would have happened absent childbirth for each age-at-birth group.
We observe steeper counterfactual earnings growth for younger mothers than for older ones, those
who give birth at ages 27 to 29 forego the largest growth. This pattern is explained by the earnings
path discussed above, which our rolling window of control groups over age at birth is able to capture.
For younger first-time mothers the control groups consist of younger not-yet-mothers, who are in the
earlier career phase with more rapid progression. The older control individuals for the older first-time
mothers are at a later career stage, where we observe a slow-down in progression. In contrast to our
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findings for levels, where older mothers lose more, foregone progression plays a larger role for younger
first-time mothers, for whom childbirth disrupts climbing a concave career ladder at its beginning.
This further highlights that it is important to construct the control groups by age at the first birth to
account for the different career stages when children are born and the resulting heterogeneous losses in
earnings growth.

Both patterns – larger losses in levels for older first-time mothers and larger forgone progression for
younger ones – can only be observed if the analysis is conducted by age at childbirth. Providing solely
an average estimate hides these important differences. Importantly, these different interpretations of the
negative effects of childbirth by age have meaningful implications for policy analysis. Losses in levels
for older mothers point to difficulties with keeping up and advancing a previously built career, while
younger mothers miss out on the opportunity to accumulate human capital and build a career in the
first place. Therefore, reducing the labor market costs of motherhood for mothers of different ages may
require different policies, which has to be taken into account when designing effective institutions and
interventions.

V.C Effects of Motherhood in Relative Terms

Understanding the two components of the negative impact ofmotherhood – losses in levels and foregone
growth – is particularly important when re-scaling the estimates to relative terms. This is a common
step in the literature as it helps to compare the impact of motherhood across countries or policy settings.
The conventional approach, that is usually applied to the estimates from Equation (3), is to divide
the coefficients on the relative event-time dummies by a counterfactual outcome, i.e. the predicted
value from the regression based only on the included fixed effects. As discussed in Section III.A, effect
heterogeneity introduces biases not only to the estimated treatment effects, but also to the estimate
of the counterfactual outcome. However, even if effect heterogeneity is correctly accounted for, the
counterfactual outcome, by construction, is not constant over event time since it includes both the static
pre-birth outcome level and foregone progression as a dynamic component. Consequently, dividing
the treatment coefficients by this counterfactual removes the dynamic component, which potentially
leads to a misinterpretation of the relative magnitude and the dynamics of the effects of motherhood.
We demonstrate this in Figure 5a, which shows the results of applying the conventional re-scaling
method to our estimates from Figure 3a. As expected, this approach removes much of the observed
heterogeneity across the age-at-birth groups, as it eliminates both differences in pre-birth levels and in
counterfactual growth. The result of removing the dynamic component – foregone progression – is
that the re-scaled estimates display a flat trend over time.
As an alternative, we propose in Section IV to re-scale the estimates using the pre-birth outcome

levels specific to each age-at-birth group. This allows to account for the level differences across age-
at-birth groups, recognizing that a fixed earnings loss has a relatively greater impact for younger
mothers with lower pre-birth earnings. It also reflects the common earnings path over the life cycle, is
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easy to report and, as a pre-birth measure, remains constant over time, allowing for a consistent and
transparent interpretation. Figure 5b presents the corresponding results where we divide the estimates
from Figure 3a by the age-at-birth-specific pre-birth earnings levels. Consistent with our previous
analysis, the heterogeneity in relative losses now follows a distinctly different pattern compared to the
absolute losses. Relative to their pre-birth earnings, older first-time mothers experience substantially
smaller losses than younger mothers. This pattern is only partly driven by differential losses in the levels
of earnings, but to a large extent stems from the different dynamics in the progression of earnings. The
latter drives a fast divergence of the relative losses across the age-at-birth groups, where the trajectories
for mothers below the age of 30 show steeper downward slopes and, in year four after childbirth, even
exceed a value of one. This result underlines our earlier finding that, for younger mothers, the foregone
growth component is particularly pronounced in the negative impact of motherhood and accumulates
over time.
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(a) Re-scaled with counterfactual outcomes.
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(b) Re-scaled with pre-birth levels.

Figure 5: Effects of motherhood on annual earnings in relative terms.

Notes: The figure plots the estimated losses in annual earnings after the first childbirth (following Equation (4) and reported
in Figure 3a and Table B.2), re-scaled to percentages. Figure 5a re-scales by dividing with the counterfactual outcomes,
Figure 5b re-scales by dividing with the age-at-birth-specific earnings levels in the pre-birth year. Both figures contrast the
age-at-birth-specific results with results from a conventional event study (following Equation (3)) that are re-scaled according
to the respective method in each figure. Table B.3 in Appendix B reports the corresponding numerical values.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).

Our estimation approach yields results that are significantly different from the conventional event
study for both re-scaling methods. The re-scaled effects estimated with a conventional event study
either lie on the upper bound (for the conventional re-scaling) or even outside (when re-scaling with
the pre-birth levels) the range of our age-at-birth-specific estimates. As we predicted in Section III and
have documented for the effects in absolute terms, our approach corrects the downward bias and yields
substantially larger estimates. Comparing the impacts of motherhood in year four after childbirth,
the conventional event study re-scaled with the pre-birth levels yields an average loss of −79 percent,
whereas our stacked DiD approach re-scaled similarly yields estimates between −86 and −109 percent
with an average over all age-at-birth groups of −103 percent. The resulting average difference between
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the approaches is thus 24 percentage points or 30 percent of the conventional estimate. Given that the
effects of family-related policies are often found to be small in magnitude (Olivetti and Petrongolo 2017),
a discrepancy of this size can substantially change the results of policy evaluations.

VI Conclusion

Estimating motherhood effects with event studies has quickly become a widely used and valuable tool
to assess the labor market effects of childbirth on mothers. In this paper, we show that the considerable
amount of heterogeneity, both in maternal outcomes and characteristics, by age at first childbirth
leads to these event studies producing substantially biased estimates. Applying the insights from the
recent literature on difference-in-difference models, we show that event studies with childbirth as
treatment are likely to make forbidden comparisons, i.e. to compare just-treated mothers to mothers
who already had their child. Moreover, they can suffer from contamination, i.e. the estimates of the
effect of motherhood in one relative time period can contain the motherhood effect from other time
periods. Since heterogeneity by age is common among mothers across different countries and settings,
such biases are likely widespread across many existing applications.

Instead of relying on conventional event studies, we propose a novel approach to estimate the labor
market impact of motherhood. We use a stacked DiD design to estimate the impact of motherhood
specifically for each age at birth. We also construct the control groups specifically for each age at birth,
using observations only from those not-yet mothers who are the closest ones in age. This rolling window
of control groups ensures that treatment and control groups are comparable which is crucial to justify
the plausibility of the parallel trends assumption. The flexibility of our estimation approach allows to
adapt it to other research questions with similar settings, for instance the impact of migration or health
shocks at different stages of the life cycle.

Our application revisits the estimation of motherhood effects in the German labor market. It shows
that a conventional event study substantially underestimates the negative impact of motherhood on
earnings after the first childbirth. Furthermore, we demonstrate that recognizing the heterogeneity by
the age at which mothers give birth is not only important to eliminate biases, but also allows to gain
a more complete understanding of the career costs associated with motherhood. Younger first-time
mothers experience larger relative labor market costs of children, that primarily stem from unrealized
progression in the crucial early career stage, whereas losses in levels play the larger role for older
mothers.
Being at a different stage of life and career and selecting into giving birth earlier or later are likely

correlated with differential responses to policies. Our results, therefore, highlight that it is important to
analyze the effects of motherhood and the policies that address them by age at childbirth.
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Appendix

A Data

A.1 Sample of Integrated Labor Market Biographies (SIAB)

The Sample of Integrated LaborMarket Biographies (SIAB, Schmucker, Seth, and vom Berge 2023; Graf
et al. 2023) is provided by the Institute for Employment Research (IAB). It is a two percent sample drawn
from the universe of German workers who are subject to social security contributions (i.e. individuals
in self-employment and civil servants are not covered). It includes administrative records of individual
labor market biographies of around 186,000 mothers for the period 1975 to 2021 providing information
on employers, occupations and wages. We use the latter to construct annual earnings. All monetary are
given in Euro and deflated to the base year 2015. For periods where no participation in the labor market
and wage are observed, we assume earnings of zero. Since the data are taken from employers’ reports
to the social security system they have some shortcomings. The main two of them are that, first, wages
are only recorded up to the threshold for social security contributions. For wages above that ceiling
we apply an imputation method that follows Dauth and Eppelsheimer (2020) who build on work by
Dustmann, Ludsteck, and Schönberg (2009) and Card, Heining, and Kline (2013). Second, births cannot
be observed directly but have to be imputed following Müller, Filser, and Frodermann (2022). This
imputation utilizes the maternity protection period around childbirth that mandates an employment
break of at least 14 weeks. Müller, Filser, and Frodermann show that their method identifies around
60 percent of all births in Germany. Since our population of interest is the subset of women who are in
employment when giving birth, the share of identified births in our sample will be larger. As suggested
by Müller, Filser, and Frodermann, we restrict the sample to mothers who are at most of age 38 when
giving their first childbirth to avoid false-positive identification of motherhood as the probability of
labor market absence due to long-term illness increases in age.
On average, mothers in the SIAB data give their first childbirth at age 28.5. In the year before,

they have earned € 26,906 and have accumulated 6 years of employment experience. The majority of
68 percent owns a vocational degree, 11 percent have completed tertiary education while 15 percent have
no vocational education (see Table B.1).

A.2 German Socio-Economic Panel (SOEP)

We complement the main analyses that use administrative data from the SIAB with survey data from
the German Socio-Economic Panel (SOEP, Goebel et al. 2019). The SOEP is a well-established panel
study that started in 1984 and surveys around 12,000 households and their members each year. Along
with detailed socio-demographic information it provides data on labor force status, labor earnings,
working hours, occupations as well as on the household context of mothers. Importantly, it also records
the full birth histories that allow to identify mothers and when they have given birth. We apply similar

33



Table A.1: Comparison of summary statistics for mothers in the year prior to their first childbirth:
SOEP and SIAB.

Mean SD Min. p25 p50 p75 Max.

Socio-Economic Panel

Labor earnings 27,382 17,246 337 16,160 26,148 35,393 182,917
Education
Share below high shool 0.08 0.28 0 0 0 0 1
Share high school 0.58 0.49 0 0 1 1 1
Share above high school 0.31 0.46 0 0 0 1 1

Total years of education 12.87 2.76 7 11 12 15 18
Years in employment
Full-time 6.17 4.52 0 2.5 5.42 9.08 25
Part-time 0.93 1.99 0 0 0 1 18

Age at first birth 28.81 4.82 20 25 29 32 44
𝑁 2,585

Sample of Integrated Labor Market Biographies

Labor earnings 26,906 16,595 0 17,294 25,952 34,382 376,882
Education
Share no vocational degree 0.15 0.36 0 0 0 0 1
Share vocational degree 0.68 0.47 0 0 1 1 1
Share university degree 0.11 0.32 0 0 0 0 1

Years in employment 6.01 3.98 0 2.90 5.45 8.58 22.22
Age at first birth 28.53 4.47 20 25 28 32 38
𝑁 186,229

Notes: The table collects summary statistics of mothers who gave their first childbirth in West Germany while being
employed. The SIAB data covers the period 1975–2021, the SOEP 1984–2020. Labor earnings are measured in Euro,
deflated to the base year 2015.
Source: Own calculations based on the SOEP and SIAB.

selection criteria as for the SIAB data, i.e. we restrict to mothers who give their first childbirth in West
Germany while being employed. We allow a higher maximum age at the first childbirth of 44 to capture
the upper tail of its distribution. With these restrictions, our SOEP sample consists of data on 2,585
mothers for the period 1984 to 2020. As for the SIAB data, all monetary values are in real terms for the
base year 2015.

Despite the different data sources and collection procedures, mothers in our samples from the SIAB
and SOEP data show similar characteristics with respect to their age at the first childbirth and their
labor market experience (Table A.1 provides a comparison). Mothers from the SOEP earn slightly more
in the year prior to the first birth (€ 27,400 vs. € 26,900), which is in line with expectations as the SOEP
includes individuals who are civil servants or self-employed, i.e. two groups who are typically higher
up in the earnings distribution.
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B Additional Tables and Figures

Table B.1: Correlation of mothers’ characteristics with their age at the first child-
birth along with summary statistics.

Coefficient Standard Error Mean SD

Pre-birth outcomes

Annual labor earnings 1,340 9 26,906 16,595
Education
No vocational degree −0.017 0.000 0.154 0.361
Vocational degree −0.001 0.000 0.682 0.466
University degree 0.020 0.000 0.112 0.316

Years in employment 0.552 0.002 6.010 3.978
Occupational rank 1.774 0.016 80.180 28.979
Complex tasks 0.019 0.000 0.161 0.368
Firm size 28 2 802 3,508
Firm-level mean daily wage 2.677 0.021 98.245 39.405
Post-birth outcomes

Months on parental leave −1.569 0.029 38.183 55.177

Notes: The table lists results from linear regressions of mothers’ characteristics on their age at the
first childbirth along with standard errors as well as means and standard deviations of the respective
outcome. 𝑁 = 186,229; the average age at the first childbirth is 28.53 (SD = 4.47). All characteristics
except for parental leave taking are measured in the year prior to the first childbirth. Occupational
rank is measured as the median wage by occupation at the 4-digit level (defined in the KldB 2010 by
Bundesagentur für Arbeit 2021), including observations from both women and men, irrespective of
parenthood. Task complexity is measured as an indicator that takes the value 1 for occupations that
require complex or highly complex tasks as recorded in the fifth digit of the KldB 2010. Firm-level
mean wages and firm size are provided in the SIAB data.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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(a) Real hourly wage in the pre-birth year.
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(b) Real hourly wage five years after the first birth.
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(c) Employment in part-time five years after the first
birth.
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(d) Standard International Occupational Prestige Scale
(range from 6 to 78) in the pre-birth year.

Figure B.1: Labor market outcomes of mothers by age at first childbirth.

Notes: The figure plots several labor market outcomes of mothers by their age at the first childbirth as binned scatter plots
with an added quadratic fit.
Source: Own calculations based on the SOEP (see Appendix A.2 for a description).
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(a) Employment break duration after the first childbirth
(SIAB).
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(b) Total number of children (SOEP).

Figure B.2: Employment break duration and total number of children by age at the first childbirth.

Notes: The figure plots the average duration in months of the employment break after the first childbirth and the total number
of children by mothers’ age at the first childbirth as binned scatter plots with an added quadratic fit.
Source: Own calculations based on the SIAB and SOEP data (see Appendix A for a description).
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(a) Probability of mother having a high school degree.
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(b) Probability of mother having a college degree.
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(c) Probability of father having a high school degree.
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(d) Probability of father having a college degree.

Figure B.3: Educational attainment of mothers’ parents by age at first childbirth.

Notes: The figure plots the probability of mothers’ parents to own a high school (German “Abitur”) and tertiary-level education
degree by their age at the first childbirth as binned scatter plots with an added quadratic fit.
Source: Own calculations based on the SOEP (see Appendix A.2 for a description).
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(a) Weights for the period −5 coefficient.
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(b) Weights for the period +5 coefficient.

Figure B.4: Sun and Abraham (2021) decomposition of weights: Contamination from other periods.

Notes: The figure plots the weights each other relative time period (on the x-axis) receives in a conventional child penalty
estimation (as in Equation (3)) of the effects for the relative time periods −5 (left-hand panel) and +5 (right-hand panel). The
weights are calculated with the eventstudyweights Stata module provided by Sun and Abraham (2021).
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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(a) Real annual earnings in the pre-birth year.
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(b) Real annual earnings around childbirth.

Figure B.5: Average earnings of fathers by age at parenthood.

Notes: The left figure plots annual earnings of fathers in the year prior to their first childbirth against their age at the first
childbirth as a binned scatter plot with an added quadratic fit. The right figure plots average annual earnings of fathers by
years relative to their first birth for the four quartiles of the distribution of age at first birth. The first quartile includes fathers
aged 20-27 at first birth, the second those age 28-31, the third those aged 32–34 and the fourth those from 35-54. All monetary
values are in Euro, deflated to the base year 2015.
Source: Own calculations based on the SOEP data (see Appendix A.2 for a description).
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Table B.2: Average and age-at-birth-specific effects on annual earnings of mothers.

Time relative to 1st birth Observations

−3 −2 0 1 2 3 4

Average 361 203 −16,057 −26,210 −26,050 −27,737 −29,539 3,474,019
(125) (93) (130) (156) (173) (191) (226)

Age-at-birth groups
23 −122 −127 −11,441 −19,434 −20,022 −21,785 −23,795 72,855

(104) (78) (104) (128) (142) (151) (168)
24 101 101 −12,497 −21,132 −21,839 −23,832 −26,031 130,661

(98) (70) (101) (121) (135) (146) (167)
25 155 131 −13,480 −22,963 −23,540 −25,685 −27,975 213,458

(93) (68) (98) (118) (131) (145) (167)
26 241 137 −14,397 −24,351 −25,010 −27,087 −29,407 307,146

(93) (68) (99) (121) (135) (150) (178)
27 493 352 −15,332 −25,809 −26,133 −28,118 −30,177 388,898

(101) (74) (105) (128) (145) (161) (188)
28 636 364 −16,514 −27,342 −27,569 −29,276 −31,353 461,580

(112) (81) (115) (139) (156) (173) (209)
29 805 319 −17,249 −28,267 −28,075 −29,699 −31,436 447,857

(127) (91) (128) (155) (172) (192) (242)
30 529 300 −18,106 −29,477 −28,697 −30,058 −31,414 430,319

(142) (105) (142) (172) (192) (215) (250)
31 336 246 −19,039 −29,875 −28,664 −29,975 −31,586 388,130

(160) (124) (167) (200) (219) (241) (298)
32 301 233 −19,247 −29,631 −28,025 −29,379 −30,626 343,893

(179) (144) (189) (230) (247) (273) (328)
33 171 −44 −19,915 −29,567 −27,630 −28,451 −28,693 289,222

(204) (162) (226) (262) (283) (312) (351)

Notes: The table reports estimated average and age-at-birth-specific effects of motherhood on annual labor earnings of women. The
estimation follows Equation (4). Standard errors clustered at the individual level are reported in parenthesis. The upper part of the
table gives the average over all age-at-birth groups which is obtained by aggregating the age-at-birth-specific estimates in the lower
part using each group’s sample share as weights (as in Equation (5)). The estimates tabulated here are plotted in Figure 3.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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Figure B.6: Sample shares of age-at-birth groups (used as weights to calculate weighted-average esti-
mates).

Notes: The figure plots the age-at-birth groups weights used to calculate the weighted-average effects after the first childbirth
following Equation (5). They correspond to the share of each age-at-birth group in the sample, thus also indicate how the age
at the first childbirth is distributed. The group-specific estimates are plotted in Figure 3a, the resulting average in Figure 3b.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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Figure B.7: Robustness checks for the estimates of the average motherhood effect.

Notes: The figure plots robustness checks for the main results that are plotted in Figure 3b. Figure B.7a plots the results when
observations with annual earnings above the 99th percentile are dropped from the sample. Figure B.7b reports the results when
varying the number of not-yet-treated age-at-birth groups in the control group and, accordingly, the event-time window. The
main specification yields results for mothers from 23 to 33 over an event-time from −3 to +4; the other specifications include
an additional pre-birth period, i.e. the lowest age level is 24; for 3 post-birth periods the oldest age level is 34, this decreases to
30 for 7 post-birth periods).
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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Table B.3: Average and age-at-birth-specific effects on annual earnings of mothers in relative
terms.

Time relative to 1st birth

−3 −2 0 1 2 3 4

Re-scaled with counterfactual

Age-at-birth group
23 −0.010 −0.008 −0.535 −0.819 −0.772 −0.771 −0.777
24 0.007 0.006 −0.538 −0.831 −0.787 −0.790 −0.795
25 0.009 0.006 −0.544 −0.845 −0.795 −0.796 −0.803
26 0.012 0.006 −0.546 −0.845 −0.793 −0.792 −0.797
27 0.024 0.015 −0.554 −0.849 −0.791 −0.788 −0.792
28 0.029 0.015 −0.558 −0.847 −0.790 −0.784 −0.787
29 0.035 0.012 −0.558 −0.843 −0.779 −0.773 −0.773
30 0.022 0.011 −0.558 −0.843 −0.771 −0.764 −0.760
31 0.013 0.009 −0.561 −0.826 −0.748 −0.745 −0.743
32 0.011 0.008 −0.558 −0.810 −0.728 −0.724 −0.720
33 0.006 −0.001 −0.562 −0.792 −0.703 −0.694 −0.680
Average 0.016 0.008 −0.552 −0.835 −0.773 −0.769 −0.770
Conventional estimate −0.097 −0.048 −0.532 −0.789 −0.700 −0.689 −0.683
Re-scaled with pre-birth levels

Age-at-birth group
23 −0.005 −0.006 −0.495 −0.840 −0.865 −0.942 −1.028
24 0.004 0.004 −0.510 −0.862 −0.891 −0.973 −1.062
25 0.006 0.005 −0.522 −0.889 −0.911 −0.994 −1.083
26 0.009 0.005 −0.531 −0.898 −0.922 −0.999 −1.085
27 0.017 0.012 −0.541 −0.911 −0.923 −0.993 −1.065
28 0.021 0.012 −0.558 −0.923 −0.931 −0.988 −1.059
29 0.026 0.010 −0.568 −0.930 −0.924 −0.977 −1.034
30 0.017 0.010 −0.580 −0.945 −0.920 −0.963 −1.007
31 0.010 0.008 −0.594 −0.932 −0.895 −0.936 −0.986
32 0.009 0.007 −0.592 −0.911 −0.862 −0.903 −0.942
33 0.005 −0.001 −0.598 −0.888 −0.830 −0.855 −0.862
Average 0.012 0.007 −0.553 −0.906 −0.903 −0.963 −1.028
Conventional estimate −0.092 −0.047 −0.554 −0.847 −0.771 −0.776 −0.785

Notes: The table reports estimated average and age-at-birth-specific effects of motherhood on annual labor earnings
of women in relative terms. The underlying estimation follows Equation (4), its results are tabulated in Table B.2.
Estimates that are re-scaled with a counterfactual are divided by the prediction from the regression that omits the
event time indicators; estimates that are re-scaled with the pre-birth outcome levels are divided by the earnings
levels of each respective age-at-birth group at event time −1. Averages over all age-at-birth groups are obtained by
aggregating the age-at-birth-specific estimates using each group’s sample share as weights (as in Equation (5)). The
conventional estimate is obtained following Equation (3). The estimates tabulated here are plotted in Figure 5.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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C Analysis of the Conventional Re-Scaling Approach

A common step when estimating child penalties is to re-scale the event study estimates from levels to
changes in percentages. Percentage changes are easier to interpret and allow straightforward compar-
isons of child penalties across different settings such as countries, points in time or policy regimes. The
conventional approach introduced by Kleven, Landais, and Søgaard (2019) re-scales by calculating

𝑃𝑙 =
𝛽𝑙

E
[
�̃�𝑖𝑎𝑡 |𝑙

] , (C.1)

where �̃�𝑖𝑎𝑡 is the prediction from the previous regression (as in Equation (3)) when omitting the relative
event-time dummies. E

[
�̃�𝑖𝑎𝑡 |𝑙

]
, the earnings levels that only depend on fixed effects for age and calendar

year, are intended to proxy for earnings in a counterfactual state in which a woman does not have
children. The child penalty 𝑃𝑙 then gives the percentage difference between the earnings of mothers
and counterfactual earnings of women without children.

This re-scaling step introduces an additional source of potential biases as it still contains treatment
effects and makes comparisons between units that have been treated at different points in time. When
predicting counterfactual earnings based on age and year fixed effects alone, the resulting �̃�𝑖𝑎𝑡 is not
restricted to only use specific observations and, therefore, consists of observations both from the pre-
and the post-birth period. Since the share of women who already had their first child increases in age,
the composition of the counterfactual in terms of including pre- or post-birth observations changes in
age at childbirth as well. Figure C.1 illustrates this by plotting the share of pre-birth observations that is
used in each relative time period from −5 to +10 to construct the counterfactual when estimating and
re-scaling child penalties following Equations (3) and (C.1). Table C.1 provides the according numbers
for five selected age-at-birth groups. It shows how substantial and quickly the composition of the
counterfactual changes when moving from younger to older ages at first birth and further away from
the year of the first birth. In the majority of the sample, the counterfactual for post-birth earnings is
constructed from post-birth earnings which do not give an adequate depiction for a situation without
having children. At the median age at first birth, 28, already the counterfactual for the last pre-birth
year consists of more post- than pre-birth observations of other mothers. For mothers of age 35 (the
90th percentile of age at first birth) the counterfactuals for the third and all following post-birth years
include no pre-birth observations.

Abstracting from our example in Figure C.1 that is estimated using SIAB data, it is straightforward
to formalize the relationship between age at first birth and the composition of counterfactual earnings.
Assume, age at first birth 𝐴 is distributed on some interval

[
¯
𝐴, �̄�

]
. The – dataset specific – distribution

function is 𝐹𝐴 (𝑎) = 𝑃 (𝐴 ≤ 𝑎) and gives the share of observations that have given birth at or before age
𝑎. For any age at first birth 𝑎 and any post-birth year 𝑡, 𝜎pre = 1− 𝐹𝐴 (𝑎 + 𝑡) gives the share of remaining
pre-birth observations in the sample that is not influenced by effects of previous childbirth. 𝜎pre is
decreasing in age, such that that fewer and fewer suitable observations to construct counterfactual
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Figure C.1: Composition of counterfactual earnings E
[
�̃�𝑖𝑎𝑡 |𝑡

]
.

Notes: The figure plots the share of pre-birth observations in the counterfactual when estimating child penalties following
Equations (3) and (C.1) by time around first childbirth and for each age-at-birth group.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).

earnings are available when we look at older mothers. Therefore, this way to construct a counterfactual
is not suitable to give an adequate depiction for a situation without treatment.
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Table C.1: Share of pre-birth observations used to construct counterfactual
earnings by relative time and age at first childbirth.

Years relative to first childbirth Age at first childbirth

23 25 28 32 35

−5 1 0.907 0.704 0.452 0.285
−4 1 0.833 0.641 0.392 0.244
−3 0.907 0.766 0.579 0.337 0.210
−2 0.833 0.704 0.514 0.285 0.182
−1 0.766 0.641 0.452 0.244 0.142
0 0.704 0.579 0.392 0.210 0.105
1 0.641 0.514 0.337 0.182 0.071
2 0.579 0.452 0.285 0.142 0.037
3 0.514 0.392 0.244 0.105 0
4 0.452 0.337 0.210 0.071 0
5 0.392 0.285 0.182 0.037 0
6 0.337 0.244 0.142 0 0
7 0.285 0.210 0.105 0 0
8 0.244 0.182 0.071 0 0
9 0.210 0.142 0.037 0 0
10 0.182 0.105 0 0 0

Notes: The table reports the share of pre-birth observations that are available to construct
counterfactual earnings as in Equation (C.1) by relative time around childbirth and for 5
levels of age at first childbirth. The age levels correspond to the 10th, 25th, 50th, 75th and 90th

percentiles of the distribution of age at first childbirth.
Source: Own calculations based on the SIAB (see Appendix A.1 for a description).
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