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Abstract

To obtain a more complete understanding of the

persisting gender earnings gap in Germany, this paper

investigates both the cross-sectional and lifetime dimen-

sion of gender inequalities. Based on a dynamic micro-

simulation model, we analyse how gender differences

accumulate over work lives to examine the lifetime

dimension of the gender gap. We estimate an average

gender gap in lifetime earnings of 51.5 per cent for birth

cohorts 1964–72. We show that this unadjusted gender

lifetime earnings gap increases strongly with the number

of children, ranging from 17.3 per cent for childless

women to 68.0 per cent for women with three or more

children. Results from a counterfactual analysis approach

show an adjusted gender gap in lifetime earnings of

around 10 per cent, suggesting that the gender gap in life-

time earnings is rather driven by gender differences in

observable characteristics than by differences in rewards.

J E L C LA S S I F I CA T I ON

D15, D31, J16, J22, J31

1 | INTRODUCTION

As most research on the gender pay gap has focused on differences in monthly or annual earn-
ings data, evidence on how gender inequalities add up over the life course is still limited. In
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contrast to cross-sectional analysis, which generally only focuses on a snapshot of an individ-
ual's employment career, a life cycle perspective acknowledges that earnings are transient
across individuals' careers. For example, earnings can be temporarily low during educational
training or even zero during times of unemployment or labour market inactivity. The analysis
of accumulated earnings over the entire career (‘lifetime earnings’) offers more comprehensive
insights into individuals' long-term position in the earnings distribution and is more closely
linked to individuals' life chances (see, e.g., Corneo, 2015; Tamborini et al., 2015). Therefore,
the concept of lifetime earnings is suitable to examine the extent to which gender inequalities
accumulate over the life cycle. However, due to high data requirements, there is only scarce
empirical evidence on gender lifetime earnings gaps (e.g., Boll et al., 2017; Guvenen et al., 2021,
2022). In addition, these studies are often limited by their use of administrative data and subse-
quent lack of family-related information (e.g., number of children, marital status). Because the
average labour market participation of women is lower than that of men at both the intensive
and extensive margin due to, e.g., different effects of parenthood (see, e.g., Goldin, 2014; Kleven
et al., 2019), an analysis of the household context is necessary for a more comprehensive under-
standing of the underlying drivers of gender differentials in lifetime earnings.

This study uses the Socio-Economic Panel (SOEP) to shed light on the role of women's fam-
ily backgrounds in gender differences, from both a cross-sectional and a lifetime perspective.
Using an Oaxaca–Blinder decomposition, we find that the gaps can largely be explained by both
the extensive and intensive margins of labour. On average, women have less work experience
and work fewer hours than men, explaining a large part of women's lower earnings.

To further take advantage of the detailed socioeconomic and family background informa-
tion in the SOEP survey compared with administrative data sources, we use a dynamic micro-
simulation model to obtain full employment biographies, and subsequently lifetime earnings
data. In contrast to the existing studies using administrative data, this allows us to analyse the
extent to which gender gaps in lifetime earnings vary by family background (number of chil-
dren). Furthermore, this approach also leads to a more comprehensive sample than the ones of
earlier studies for Germany (Boll et al., 2017; Bönke et al., 2015) as we are, for the first time,
able to include self-employed individuals, civil servants and women with longer unemploy-
ment/inactivity spells. We find that women earn on average 51.5 per cent less than men over
their work life. This unadjusted gender gap in lifetime earnings correlates largely with the num-
ber of children and ranges from 17.3 per cent for childless women to 68.0 per cent for women
with three children or more.

To investigate which part of the observed gender gap in lifetime earnings can be explained
by the observable differences in the distribution of characteristics (e.g., work experience, level
of education) across gender and which part is due to differences in labour market returns to
characteristics, we estimate women's counterfactual lifetime earnings. We find that around
80 per cent of the observed lifetime earnings gap can be explained by different characteristics
across men and women, leading to an adjusted gender lifetime earnings gap of 10 per cent.

Our paper is related to three different strands of literature. First and most generally, it con-
tributes to the extensive literature on the gender gap in pay and its drivers. Existing studies
show that a large extent of the pay gap can be attributed to fewer hours worked and higher dis-
continuity of female employment biographies (e.g., Bertrand et al., 2010; Blau & Kahn, 2017).1

The persistence of this gender earnings inequality is mainly due to different effects of parent-
hood on men's and women's labour market behaviour, and consequently their earnings (see, e.
g., Angelov et al., 2016; Bütikofer et al., 2018; Kleven et al., 2021; Kleven & Landais, 2017;
Waldfogel, 1998). In line with previous studies (e.g., Gallen et al., 2019; Goldin, 2014; Juhn &
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McCue, 2017), we confirm that gender differences in annual earnings increase during the
period of family formation, peak around age 40 and slowly decrease until retirement, leading to
an inverse U shape of the gender annual earnings gap over the work life.

Studies for Germany show that the cross-sectional earnings gap between mothers and non-
mothers are largely driven by domestic work and childcare duties (e.g., Beblo & Wolf, 2002;
Ejrnæs & Kunze, 2013). Strikingly, child penalties on women's pay are high in Germany com-
pared with other countries (see, e.g., Kleven et al., 2019). This is often attributed to longer
maternal leave entitlement and a higher rate of part-time work for women in Germany (see, e.
g., Gangl & Ziefle, 2009; Harkness & Waldfogel, 2003). However, more recent studies also stress
the influence of relative conservative gender norms in Germany in this context (e.g., Kleven
et al., 2019, 2020).

Second, our study adds to the scarce literature on lifetime earnings and specifically to what
extent these differ by gender. Due to the high data requirements, the literature on the gender
pay gap and its evolution has primarily focused on cross-sectional hourly wages, annual earn-
ings or earnings over a short time period. Using administrative data for the United States,
Guvenen et al. (2021) show that the fraction of women among lifetime top earners is signifi-
cantly lower than that of men for birth cohorts 1956–58. On average, lifetime top earners in the
United States tend to be individuals who experience high earnings growth over the first half of
their life cycle—the period when the gender gap increases the most, likely due to family-related
reasons. In a later study, Guvenen et al. (2022) provide evidence that the large gender lifetime
earnings gap is narrowing over time, with women's median lifetime earnings increasing while
men's median lifetime earnings decreases for younger birth cohorts.

Using administrative data from the German Pension Register (VSKT), Bönke et al. (2015)
find evidence that intragenerational lifetime earnings inequality for West German men born
between 1935 and 1969 has increased, largely due to losses in the bottom of the lifetime earn-
ings distribution. They also supplement their work with additional results on West German
women. However, due to data restrictions, their data only includes women with stable employ-
ment biographies. Therefore, the VSKT data is not representative for most women mainly due
to the high rate of inactivity among women of older cohorts and should not be used for estimat-
ing the gender lifetime earnings gap in Germany. Closest to our paper is the study by Boll et al.
(2017) analysing the gender lifetime earnings gap in Germany. Using the administrative Sample
of Integrated Labour Market Biographies (SIAB), they estimate an unadjusted gender lifetime
earnings gap of 46 per cent for West German birth cohorts 1950–64. They show that the gender
gap widens significantly during the age of family formation and that gender differences in work
experience and hours worked explains around two-thirds of this overall gender lifetime earn-
ings gap. However, SIAB data does not offer any information about individuals' family back-
ground. Hence, to the best of our knowledge, our study is the first to extensively examine the
influence of parenthood in the context of gender differentials in lifetime earnings.

Third, our study contributes from a methodological point of view to the literature on the
implementation of dynamic microsimulation models for the simulation of missing information
(e.g., Levell & Shaw, 2016; Li & O'Donoghue, 2013; Zucchelli et al., 2012). A dynamic micro-
simulation approach refers to a regression-based simulation which predicts the transition prob-
abilities of different units (e.g. individuals or households) for moving from one state to another
between two different points in time. Therefore, in contrast to studies using a splicing approach
(e.g., Grabka & Goebel, 2017; Westermeier et al., 2012) where sequences of existing biographies
are stitched together to construct full life-cycle data, the microsimulation approach typically
‘ages’ the data year by year (Li & O'Donoghue, 2013). We apply a dynamic microsimulation
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model to SOEP survey data to obtain complete earnings biographies, which facilitates lifetime
earnings analyses. Combining simulation models with survey data is a well-established method
to deal with missing observations and panel attrition, which often impede using survey data to
conduct long-term analyses (see, e.g., Brown et al., 2009; Coronado et al., 2011). For Germany,
e.g., there are existing studies simulating employment biographies using SOEP data (e.g., Bonin
et al., 2015; Geyer & Steiner, 2014; Hänisch & Klos, 2016).

The next section introduces our dataset and starts by analysing cross-sectional gender differ-
ences in hourly wages and annual earnings over the work life by using an Oaxaca–Blinder
decomposition. Section 3 describes our microsimulation approach to obtain full work biogra-
phies and presents our estimates for the unadjusted and adjusted gender lifetime earnings gap.
Section 4 concludes.

2 | CROSS-SECTIONAL ANALYSIS

The cross-sectional analysis explores how gender gaps in hourly wages and annual earnings
develop with increasing age and to investigate if short-term differences already follow certain
patterns across gender. This first step is crucial to subsequently better understand how gender
inequalities in labour market characteristics and earnings add up or equalize over the entire
work life.

2.1 | Data and methodology

Our study is based on the German SOEP. The SOEP is a representative annual panel survey
questioning about 30,000 individuals across 15,000 households since 1984. In contrast to admin-
istrative data, the SOEP includes a rich set of socioeconomic variables, detailed labour market
information and household background including information on the partner and children.2

Specifically, we use the 35th wave of the SOEP comprising data for the years 1984–2018.
We restrict our cross-sectional analysis to birth cohorts 1940–79. These are the same birth

cohorts used for the underlying regressions of our microsimulation model in Section 3. We
observe these cohorts at least once between the ages of 38 and 44 in the SOEP. This age restric-
tion is crucial as it is the age frame when individuals' cross-sectional earnings show the highest
correlation with lifetime earnings (Björklund, 1993; Bönke et al., 2015) and is therefore needed
to successfully simulate life-cycle profiles in Section 3. Furthermore, we focus on West German
individuals because those born in East Germany were only included in the SOEP after
German reunification in 1990. The poor comparability of the Federal Republic of Germany and
the German Democratic Republic with respect to labour market institutions and economic sys-
tems does not allow us to simulate missing information for East Germans before 1990. It is
important to note that, by focusing only on employed individuals, we are solely analysing the
observed distribution of earnings and not the counterfactual distribution that would be
observed if everyone were in employment and had positive earnings.

Section 2 focuses on the evolution of cross-sectional hourly wages and annual earnings with
increasing age over the work life. This approach sheds light on two main components of the
gender gap in lifetime earnings; the gender gap in hourly wages shows the differences in
the compensation between women and men for 1 h of their work, while the gap in annual earn-
ings reveals dissimilarities driven by the variation in working hours.
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We use an Oaxaca–Blinder decomposition (see Blinder, 1973; Oaxaca, 1973) to investigate
how much of the difference in the observed gender gap is driven by different observable charac-
teristics between men and women and how much can be attributed to different returns to char-
acteristics within the labour market.3 Using this decomposition approach the gender gap G in
the labour market outcome variable L (here, logarithmic hourly wage and logarithmic annual
earnings) is defined as:

Gx ¼E Lmxð Þ�E Lfx
� �

: ð1Þ

Therefore, G is the gender differential between the means of outcome L for men mð Þ and
women fð Þ at age x. We can then divide the gender gap into two parts. First, the endowment
part, which is the component of the gender gap which is due to differences in the distribution
of observable characteristics between men and women. And second, the coefficient part, which
accounts for differences in returns to characteristics. Hence, the coefficient part shows the gen-
der driven difference of the labour market's willingness to pay for the same characteristics
obtained by either men or women. However, note that the coefficient part may also include
gender differences that remain unexplained in our model due to data and model restrictions.
We run the following regression model separately by sex sð Þ and age xð Þ for the labour out-
come L4:

Ls,i,x ¼ αs,i,x þβs,i,xZs,i,x þϵs,i,x , E εs,xð Þ¼ 0, s� F,Mf g,x � 20,60½ �, ð2Þ

where Z is a vector of control variables including work experience measured as number of
working years, full-time or part-time work, work sector, highest education level, marital status
and number of children. In addition, we control for cohort and time effects.5

2.2 | Hourly wage

Overall, employed men have significantly higher hourly wages than employed women (see
Table A1). At the beginning of their work life at age 20, men earn on average €9.37 per hour
while women's average wage is only €7.97 per hour. In line with results found by the Federal
Statistical Office (Statistisches Bundesamt, 2017), the average hourly wages of men in our sam-
ple then almost triples over the work life to €26.13 per hour at age 60. In contrast, women's
hourly wages only increase to €17.48, already showing significant gender differences in wage
growth over the work life.

The solid line in Figure 1 shows the evolution of the gender gap in hourly wages in log
points from age 20 to 60. Notably, the gender gap remains stable over the early years of work
life. At age 25, men's hourly wages are only 0.059 log points higher than women's and the differ-
ence is still insignificant (see also Table 1). However, during the time of family formation and
childcare, this gap drastically widens up to a highly significant difference of 0.378 log points at
age 45.6 Afterwards, the growth of the gender gap in hourly wages slows down and remains rel-
atively stable with a peak at age 55. This finding is consistent for all cohorts (see Figure A2). In
line with our findings, previous studies also documented a widening of the gender wage gap
over the life cycle (e.g., Anderson et al., 2002; Angelov et al., 2016; Tyrowicz et al., 2018).
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The results of the Oaxaca–Blinder decomposition are displayed by the grey lines in Figure 1
and also in Table 1. Visibly, the widening of the gender gap in hourly wages over the work life
can be explained by the increase in the endowment part, while the coefficient part of the gender
gap shapes its overall trend. At younger ages, the different distribution of characteristics does
not play a role yet. Therefore, at the beginning of work life all wage differences between men
and women are due to different returns to labour market characteristics. Main differences in
characteristics such as work experience or family background widen only later in life; after age
25, the high and significant coefficients for work experience in Table 1 show that the increase
of the endowment part can largely be explained by women's lower gain of work experience with
increasing age. By the age of 60, men have accumulated on average 37.32 years of full-time and
1.09 years of part-time work experience, whereas women have accumulated on average only
19.65 years of full-time and 13.32 years of part-time work experience (see Table A1). Our results
show that these large differences in work experience are crucial in explaining the gender gap in
hourly wages. By the end of work life, differences in work experience account for 0.309 log
points of the overall gender wage gap of 0.340 log points. Hence, around 90 per cent of the over-
all gender gap of 40.5 per cent in hourly wages can be explained by differences in work
experience.

In contrast to the stable growth of the endowment part, the evolution of the coefficient part
follows a slight inverse U-shape. At age 20, the gender gap cannot be explained through differ-
ences of characteristics across genders, but the coefficient part amounts to 0.126 log points. This
means that even if we observed the same labour market characteristics in women and men,
men's wages would be 0.126 log points (13.4 per cent) higher than women's wages at this age.
The coefficient part of the gender gap peaks at 0.247 log points (28.0 per cent) at age 45 and
then declines again to a difference of 0.042 log points (4.3 per cent) just before retirement.7 In
contrast to the endowment part, none of the variable groups have a constant significant influ-
ence on the overall gender gap, including the constant itself.8 Therefore, not one individual

FIGURE 1 Gender gap in hourly wages. Only employed individuals are considered. Cohorts 1940–79,
weighted sample. Source: Own calculations based on SOEP v35.
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effect dominates the coefficient part of the overall gender gap, but the coefficient part is instead
a combination of many individual influences including those not controlled for in this regres-
sion model.

In summary, the gender gap in hourly wages is determined by two factors: first, women
have in sum less favourable labour market characteristics compared with men, and second,
even if they have the same observable characteristics, the labour market rewards women worse
than men. The influence of differences in characteristics grows significantly with age, mainly
through increasing differences in accumulated work experience across gender. Of the observed
gender gap of 40.5 per cent (0.340 log points) at age 60, different characteristics account for
87 per cent (0.297 log points). This leads to an adjusted gender gap in hourly wages of 5.3
per cent.

2.3 | Annual earnings

In addition to earning less per hour, women also work on average fewer hours than men
do. Therefore, the gender gap in annual earnings might be even wider than the gap in hourly
wages due to gender differences in the intensive margin of work.

Figure 2 shows the overall gender gap in annual earnings, the part of the gap due to differ-
ent characteristic across gender (endowment part) and the part of the gender gap due to
differences in coefficients (coefficient part). Visibly, the gender gap in annual earnings is signifi-
cantly higher than the gender gap in hourly wages. At the peak of the gap at age 40 (0.829 log
points corresponding to 129.1 per cent), men's average annual earnings are more than twice as
high than women's. Similar to the gender gap in hourly wages, the gender gap in annual

FIGURE 2 Gender gap in annual earnings. Only employed individuals are considered. Does not include

values of zero annual earnings. Cohorts 1940–79, weighted sample. Source: Own calculations based on

SOEP v35.
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earnings increases rapidly until age 35 and remains on a constant high level during the years of
child rearing. Afterward, it only declines slightly until retirement. This finding is in line with
earlier studies for the United States providing evidence for a similar course of the cross-sec-
tional gender gap in annual earnings over the work life (Goldin, 2014; Juhn & McCue, 2017).

When decomposing the overall gender gap in annual earnings, we find that the larger gap
(in comparison to the gap in hourly wages) can be explained by the significantly higher endow-
ment part. While the gender gap due to differences in coefficients is only slightly higher than in
the model for hourly wages, the endowment part has more than tripled.9 This result underlines
the importance of differences in the intensive labour margin across gender.

Table 2 shows that the endowment part of the gender gap in annual earnings also includes
the lesser work experience that women have accumulated over their life cycle. Moreover, the
lower number of hours worked by women per year at all ages influences the gender gap to an
even greater extent. These findings are in line with previous studies (e.g., Bertrand et al., 2010;
Gallen et al., 2019).

At age 35, women's annual earnings are on average 0.327 log points lower than men's due
to their lower number of work hours.10 In addition, women's earnings are on average 0.203 log
points lower than men's due to the lesser work experience they have accumulated up to this
age. This means that at this point around half of the overall gap can be explained by the distri-
bution of working hours and around a quarter can be explained by the different distribution of
work experience. The influence of work experience steadily increases over the life cycle and
peaks at age 60 with 0.351 log points. In contrast, differences in the level of education or family
background play a smaller role.

The coefficient part of the gender gap in annual earnings is positive throughout the life
cycle. This means that, besides worse characteristics, women also face less beneficial coeffi-
cients in their wage regression (see Tables 2, A4, and A5). This is especially pronounced
between ages 30 and 45. Potential explanations may include employers' fear of women's higher
risk of work absence due to pregnancy and child rearing (see, e.g., Correll et al., 2007) and more
women opting for less financially rewarding positions in return for higher work flexibility after
having children (see, e.g., Goldin, 2014). However, interestingly, for individuals aged 60 the
coefficient part of the gender gap is very small in magnitude and no longer statistically signifi-
cant, indicating that at this point the gender gap in annual earnings can almost be entirely
explained by observable differences in endowments.

3 | MICROSIMULATION AND LIFETIME ANALYSIS

The previous section gave an analysis of the cross-sectional gender gaps in hourly wages and
annual earnings, their development with increasing age and drivers. In this section, we investi-
gate how gender earnings differentials might accumulate or balance out over the complete work
life by looking at lifetime earnings. This allows us to shed light on the lifetime dimension of the
gender earnings gap.

3.1 | Data and methodology

We continue to use the SOEP as it offers panel data containing not only detailed labour market
but also family background information, which administrative data cannot offer. However, the
SOEP suffers from panel mortality. Only around 10 per cent of the participants have been
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observed for at least 20 years or more, with an average participation period of 9.36 years (see
Figure A3). To investigate lifetime earnings for a larger sample, we implement a dynamic
microsimulation approach to fill in the missing data of non-observed years during an individ-
ual's work live. This approach yields complete earnings data for the observation period which
we can combine with the rich set of socioeconomic characteristics and family information in
the SOEP.

To implement our dynamic microsimulation model successfully, we need to add the follow-
ing restrictions to our cross-sectional sample: First, our lifetime earnings investigation focuses
on birth cohorts 1964–72 only. This approach gives us the opportunity to observe the cohorts
starting at age 20 until at least age 45. This restriction is important as we know in the German
context that only lifetime earnings up to age 45 and older are sufficient proxies for complete
lifetime earnings up to age 60 (Bönke et al., 2015). Second, we exclude individuals who were
only observed prior to turning 30 because labour market patterns of individuals in their
twenties are very unstable and could yield a life-cycle bias (see, e.g., Bönke et al., 2015; Bren-
ner, 2010; Haider & Solon, 2006). Furthermore, the probability of observing the highest educa-
tional attainment accurately increases significantly with age 30 and older (Autorengruppe
Bildungsberichterstattung, 2018) and observing the true educational attainment is crucial as
education levels and earnings patterns over the work life are highly correlated (see, e.g., Bhuller
et al., 2011; Bönke et al., 2015; Brunello et al., 2017). Third, we also exclude individuals without
at least two consecutive observation years in the SOEP. Otherwise, no panel information is
available and a distinction between individual short- and long-term labour shocks would not be
possible. After eliminating those observations, we are left with a sample of 3315 women and
3212 men across birth cohorts 1964–72 (see Table A6) for the dynamic microsimulation.

3.1.1 | Dynamic microsimulation model

We apply a dynamic microsimulation model to fill in missing information in non-observed
years based on the individual's employment biography and socioeconomic characteristics. The
general idea and structure of our microsimulation approach follows the approach proposed by
Levell and Shaw (2016). To exploit our data to its fullest extent, we use both forward- and back-
ward-looking simulations. The simulation starts either at an individual's first or last observed
year in the data. As shown in Figure 3, we impute the missing variables in time tþ1 or t�1 by

FIGURE 3 Dynamic microsimulation model. Source: Own diagram.
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running the regressions for our dynamic microsimulation in two consecutive steps: First, miss-
ing observations of marital status, fertility (i.e. number of children) and partners are simulated
in the Family Module (Module 1). Second, the obtained information from Module 1 is used in
addition to other provided data to simulate individuals' labour market information in the
Labour Market Module (Module 2). Completing both modules yields the successful imputation
of all relevant information in time tþ1 or t�1. Afterwards, the process moves forward to the
simulation of the next years, i.e., tþ2 or t�2, tþ3 or t�3 and so on. The simulation ends after
reaching 1984 in the backward looking and 2017 in the forward-looking process. We obtain a
full dataset without any missing earnings or family information between 1984 and 2017.

In addition, investigating complete lifetime patterns for our sample requires us to extend
our simulation for 15 additional years until 2032, when the youngest birth cohort 1972 turns 60.
The prediction of employment biographies after 2017 is based on regression parameters of
observed individuals from older cohorts, while we assume that general labour market charac-
teristics (e.g., unemployment rate) remain stable after 2017. We also account for differences in
trends using cohort and age fixed effects in our regressions. Nevertheless, this prediction comes
naturally with a certain level of uncertainty due to the assumption that trends remain stable—
an assumption that neglects, e.g., labour market effects related to the COVID-19 pandemic. The
simulation ends when all missing information between 1984 and 2032 is simulated.

Within each module, the simulation of variables is based on estimating transition probabili-
ties between 2 years, e.g., if marital status changes from year t to tþ1. The estimation of a
change of a variable j between two periods is then implemented by using a random process
(see, e.g., Neufeld, 2000; Plümper & Troeger, 2007; Zucchelli et al., 2012). For each individual
observation i we simulate the transition probability from time t to tþ1 or t�1 and then draw a
random number Nit from a uniform 0,1½ � distribution. If the calculated transition probability Pit

is larger than the drawn random number Nit Pit >Nitð Þ, a transition occurs. In contrast, no tran-
sition takes place if Pit ≤Nit . Therefore, high transition likelihoods do not always induce actual
transitions and even low transition probabilities may still lead to transitions. This approach
helps to account for the uncertainty that comes with a simulation. In addition, we use a Monte
Carlo simulation approach to test the robustness of our results (see Figures A5 and A6). The
results of the Monte Carlo simulation confirm the high robustness of our simulation outcomes.

Next, we will give brief summaries about both simulation modules. Detailed information on
all the regression models of every simulation step can be found in Table A7.

3.1.2 | Module 1: Family Module

Empirical evidence shows that family background strongly influences women's labour market
behaviour (e.g., Kleven & Landais, 2017). Therefore, we need information on individual's family
background before simulating earnings for non-observed years. Naturally, simulation of family
background comes with a certain level of uncertainty. However, all individuals in our sample
completed entry questionnaires including questions on marital status and, if applicable, birth
years of children before entering the survey. This allows us to reconstruct full family histories
which eliminates the necessity of the backward looking simulation component in this module.
Consequently, missing data occurs exclusively after individuals left the survey and is therefore
less of a problem for individuals observed at an older age. Around 80 per cent of the women in
our sample are observed at age 40 or older, which means that the number of simulated child
births is limited.
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The Family Module then consists of two steps: predicting marital status, including a par-
tnering module when necessary, and predicting births of children for individuals with missing
information. First, we run logistic regressions separately by gender s (female or male) and mari-
tal status m (single or partnered) in year t to predict the individual transition probability pmarried

to change the marital status from year t to the missing year tþ1:

pmarried
m,s,tþ1 ¼ β0þβ1Xm,s,tþϵm,s,t, E ϵm,s,tð Þ¼ 0,m� S,Pf g,s� F,Mf g, t � 1984,2017½ �: ð3Þ

The regression consists of a set of explanatory variables Xt including socioeconomic charac-
teristics (e.g., education, age, migration background) and labour market behaviour (e.
g., employment status). In addition, we control for the number of years that an individual's
marital status has remained unchanged until year t. Table A7 gives a detailed overview about
all covariates included in each regression-based simulation step.

Recall that if Pit ≤Nit , the marital status stays the same and if Pit >Nit, the marital status
changes. Therefore, this simulation step has four possible outcomes: First, a person who is sin-
gle in year t can remain single in tþ1. Second, married individuals can stay married. Here we
assume that their partners remain the same. Third, married individuals in period t can get
divorced and become single in tþ1.11 And fourth, singles in year t can get married in tþ1. In
this last case, we run a Partner Module to assign a partner.12 This allows us to account for part-
ners' characteristics when simulating family and labour market decisions. Using Mahalanobis
distance matching (Mahalanobis, 1936) we identify five ‘best’ partners based on age, education
and region for each observation. We then randomly assign one of the five potential partners to
the individual. Our matching procedure is not unique, i.e., one individual can serve multiple
times as a ‘donor’ for partner characteristics. In this way, we ensure a sufficient pool of poten-
tial partners.

Next, we simulate whether a woman will give birth to a child in the next non-observed
period tþ1 by marital status m:

pbirthm,tþ1 ¼ β0þβ1Xm,tþϵm,t, E ϵm,tð Þ¼ 0,m� S,Pf g, t � 1984,2017½ �: ð4Þ

Again, Xt represents a set of explanatory variables including socioeconomic characteristics
like information on existing children and labour market information. The simulation is similar
to the approach described in the simulation of the marital status. Afterwards, the information
on an individual's number of children is updated accordingly. In contrast to our marriage simu-
lation, births are only simulated for women. Children are then attached to men depending on
women's family background.

Because we estimate transition likelihoods for tþ1 by using information available in period
t, the likelihood of a change of the marital status or a childbirth in tþ1 do not influence the
transition probability of one another. Therefore, the order in which we implement fertility and
marital transitions is irrelevant and does not alter our results.

Completing the Family Module for years 1984–2032 results in a sample with full informa-
tion on family characteristics. Figure 4 shows that our simulated data (dashed line) replicates
the initial distributions before the simulation (solid line) very accurately. In Panel A, the
women's average number of children increases strongly until age 35. Then, the growth rate
slows down and comes to a natural stop between ages 40 and 45 due to biological reasons.
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Panel B displays the percentage change in marital status by age. Obviously, both men and
women follow the same trend over the life cycle. Most changes in marital status happen in the
beginning of life.

3.1.3 | Module 2: Labour Market Module

The Labour Market Module generates complete information on an individual's employment
biography through five stages: labour market participation, employment status, type of work
arrangement (full-time or part-time), annual working hours and annual earnings. In this mod-
ule, we use both forward and backward simulation as the introductory survey questionnaires
do not allow us to construct sufficient work histories. Our model description will focus on the
forward-looking simulation component. However, the backward-looking part of the simulation
follows the same methodology.

In general, the logic and structure of this module is very similar to our approach in the Fam-
ily Module. We start with the estimation of plmp

m,tþ1ð Þ, the probability for an individual of marital
status m to change the labour market participation lmp from year t to year tþ1. The labour
market participation dummy variable is equal to 1 if individuals are unemployed or employed
and equal to 0 if they are not attached to the labour market (e.g., due to parental or sick leave).
We run the estimation separately by gender s and marital status m:
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FIGURE 4 Family information before and after simulation. Panel A shows the average number of children

of women by age before and after the simulation. Panel B demonstrates the share of individuals in our sample

changing their marital status before and after the simulation. Source: Own calculations based on SOEP v35.
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plmp
s,m,tþ1 ¼ β0þβ1p

lmp
s,m,tþβ2p

lmp
s,m,t�1þβ3Xs,m,tþϵs,m,t,

E ϵs,m,tð Þ¼ 0, s� F,Mf g, m� S,Pf g, t � 1984,2017½ �:
ð5Þ

X s,m,tð Þ is again a vector of control variables with socioeconomic characteristics like marital
status, partner's earnings and their own labour market information. Furthermore, we include
lagged dependent variables to account for path dependencies over the work life while still
modelling a dynamic data generating process.13 If individuals are recorded as not participating
in year tþ1, we directly record their earnings as zero for tþ1 and do not include them in the
subsequent steps. For individuals who are active in the labour market, we next run a regression
to estimate the probability to change their employment status pemp

s,m,e,tþ1ð Þ (employed/unem-
ployed) from year t to year tþ1. The following model is run separately by gender s, marital sta-
tus m and employment status e:

pemp
s,m,e,tþ1 ¼ β0þβ1p

emp
s,m,e,tþβ2p

emp
s,m,e,t�1þβ3Xs,m,e,tþϵs,m,e,t,

E ϵs,m,e,tð Þ¼ 0, s� F,Mf g, m� S,Pf g, e� 0,1f g, t � 1984,2017½ �: ð6Þ

Once more, the regression contains a set of explanatory variables X s,m,e,tð Þ including informa-
tion on family and the socioeconomic background. Also included in the control vector is the
work history of individuals. To this end, we measure work experience by years of full-time
work, part-time work and years without any work until year t to account for the different levels
of labour market experience.

Individuals recorded as unemployed in year tþ1 after this first regression step receive zero
earnings in tþ1 and are excluded from further estimations. For all employed individuals, the
dynamic microsimulation moves forward with a logistic regression simulating if individuals
worked full- or part-time in year tþ1. In the next step, we estimate the probability of changing
full-time or part-time arrangements from year t to year tþ1:

pwts,m,tþ1ð Þ ¼ β0þβ1p
wt
s,m,tþβ2p

wt
s,m,t�1þβ3Xs,m,tþϵs,m,t,

E ϵs,m,tð Þ¼ 0, s� F,Mf g, m� S,Pf g, t � 1984,2017½ �: ð7Þ

Again, X s,m,tð Þ includes the usual control variables in addition to the labour market history.
We can now move on to estimate the precise number of annual working hours in tþ1 sepa-
rately for part-time and full-time workers. We use an OLS regression model following the same
logic as the earnings regression model as introduced in Equation (2.8).14

Finally, we use an earnings regression to estimate the annual earnings y s,m,tþ1ð Þ by gender s
and marital status m:

y s,m,tþ1ð Þ ¼ β0þβ1ys,m,tþβ2ys,m,t�1þβ3Xs,m,tþϵs,m,t,

E ϵs,m,tð Þ¼ 0, s� F,Mf g, m� S,Pf g, t � 1984,2017½ �: ð8Þ

X s,m,tð Þ now includes information about the work history in years of full-time work, part-
time work or unemployment, working hours in t and, if applicable, partner and child informa-
tion. All earnings are price-adjusted and presented in 2015 Euro. The simulation then moves to
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the next year, e.g., tþ2 or t�2. After completing all five steps of the Labour Market Module
between 1984 and 2017, all individuals have complete employment and earnings information
for previously unobserved years. Afterwards, we continue the simulation until 2032 to obtain
complete biographical data up to age 60.

Figure 5 shows that our simulated data (dashed line) replicates the original SOEP data (solid
line) well, particularly for Panel D (Full-time work), Panel E (Working hours) and Panel F
(Earnings). Panel A (Labour Market Participation), Panel B (Employment) and Panel C
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FIGURE 5 Labour market information before and after simulation. Only employed individuals are

considered. Does not include values of zero annual earnings. Cohorts 1940–79, weighted sample. Source: Own

calculations based on SOEP v35.

442 GLAUBITZ ET AL.



(Unemployment) show small deviations. Most of these differences occur in the beginning of the
work life. These differences do not necessarily diminish the quality of our microsimulation for
the following two reasons: First, our sample restriction to individuals observed at least once at
age 30 or older leads to fewer observations in individuals' early twenties. As a result, our SOEP
sample before the simulation is not very reliable for this age range due to a small sample size,
and therefore comparisons may be misleading. Second, as depicted in Figure 5, earnings are on
average relatively low at the beginning of an individual's work life and they increase over their
careers. Consequently, earnings at young age only account for a small share of lifetime earn-
ings. Generally, lifetime earnings estimates might be more reliable for individuals whom we
observe in their mid-30s to mid-40s as existing studies provide evidence that during this period
the (rank) correlation between cross-sectional and lifetime earnings is particularly high (see,
e.g., Björklund, 1993; Bönke et al., 2015; Haider & Solon, 2006).15

After the completion of both modules of our dynamic microsimulation model, we obtain all
relevant labour market and household information for birth cohorts 1964–72 from age 20 to
60 to proceed with our lifetime analysis.16 Overall, the simulated data mirrors the data patterns
before simulation and our simulation results are robust. Additional robustness checks based on
a Monte Carlo simulation approach (Figure A5 and Figure A6) and the simulation of pseudo-
missings (Figure A4) can be found in the Appendix.

3.2 | Lifetime analysis

Although we have already shown that women face lower hourly wages and annual earnings,
and are less active on the labour market, the cross-sectional analysis only shows a snapshot of
an individual's employment biography. A cross-sectional analysis does not reveal how these dif-
ferent factors add up over the life cycle. For a better understanding of when and how in life the
gender gap develops, we investigate differences in accumulated earnings over the life cycle for
birth cohorts 1964–72 using their complete biography data from age 20 to 60 obtained from our
microsimulation. To analyse the accumulation of earnings over the work life we follow Bönke
et al. (2015) and use the ‘up-to-age-X’ (UAX) concept. UAX earnings refer to accumulated
price-adjusted (in 2015 Euro) gross annual earnings up to a certain age X. In line with the study
by Bönke et al. (2015), we define lifetime earnings as UA60 earnings.

3.2.1 | Gender gap in lifetime earnings

To analyse the gender gap in lifetime earnings, we now focus on non-logarithmic incomes
rather than logarithmic incomes as used in the Oaxaca–Blinder decomposition in Section 2.17

Using logarithmic incomes would lead to the exclusion of zero earnings and, thus, periods of
inactivity.18 Because especially women accumulate periods of inactivity over life through moth-
erhood and child rearing, those parts of their employment biographies without any earnings
play a crucial role for the gender lifetime earnings gap and need to be included in this analysis.

The gender gap G in the labour market outcome variable L (here, hourly wages, annual
earnings, UAX earnings) in percent for men m and women f at age x is now defined as:

Gx ¼ Lm,x �Lf ,x
� �

=Lm,x
� ��100: ð9Þ
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Based on our new sample obtained from the microsimulation, Figure 6 shows the gender
gaps in hourly wages, annual earnings and UAX earnings for ages 20–60 for birth cohorts 1964–
72. As expected, despite the same trend, we see several differences when we compare the gender
gaps in hourly wages and annual earnings using this microsimulation sample to our results
based on the cross-sectional sample discussed in Section 2.

At early ages, the gender gap in hourly wages rather low but then increases steadily until
retirement. However, we can observe differences in levels, which are driven by the more con-
fined cohort restriction in our microsimulation sample and the varying definition of the gender
gap (logarithmic vs. non-logarithmic income). Comparing the gender gaps in annual earnings
reveals more pronounced differences between the cross-sectional and lifetime approach. First,
the inversely U-shaped gender gap in annual earnings in Figure 6 is significantly larger than
the gender gap shown in Figure 2. This difference is largely driven by the inclusion of inactive
labour periods with zero earnings in this lifetime analysis, while we excluded those in our
cross-sectional analysis in Section 2.19 Including periods with zero earnings leads to a decline in
women's average earnings, and thus to an increase in the gender gap. Naturally, this difference
is especially pronounced in the years of family formation when women, on average, have longer
spells of labour market inactivity due to child rearing. Second, in contrast to the gender gap we
observe in our cross-sectional data, Figure 6 shows a pronounced decline of the gender gap in
annual earnings between ages 40 and 60. Again, these different results are driven by the differ-
ent composition of our two samples. While the cross-sectional sample includes all birth cohorts
1940–79, the lifetime sample is restricted to younger cohorts. Due to the higher labour market
participation rates for women of younger cohorts, the gender gap in annual earnings declines
again before retirement once we restrict our sample to younger cohorts, because more women
reentered the labour market after times of inactivity during family formation.

FIGURE 6 Gender gaps in wages, annual earnings and UAX earnings over the life cycle. Individuals with

zero UAX earnings are included in the calculation. For annual earnings, employed and unemployed individuals

are considered. For hourly wages, only employed individuals are considered. Cohorts 1964–72. Source: Own
calculations based on SOEP v35.

444 GLAUBITZ ET AL.



Finally, the solid line in Figure 6 shows the gender gap in UAX earnings as the sum of the
annual earnings up to age X. Ultimately, the UA60 earnings coincide with our definition of life-
time earnings. Hence, the higher the age X, the closer UAX earnings are to lifetime earnings. At
the beginning of the work life, women earn on average 20 per cent less than men do. The differ-
ence in earnings accumulates over the life course and increases to a gender gap in UA40 earn-
ings of 52.7 per cent. After that, the gap remains stable, which results in a gender gap in
lifetime earnings of 51.5 per cent (UA60). At this point in life, women have earned on average
around €732,000—slightly less than half of the average income that men were able to accumu-
late (€1,510,000).20

The evolution of the gender gap in UAX earnings is by construction following the shape of
the annual earnings gender gap curve. UAX earnings are less volatile because the marginal
effect of adding an additional year of annual earnings to the UAX earnings decreases with
increasing age. Hence, the gender gaps in annual and UAX earnings both experience large
growth until age 40, but when the gender gap in annual earnings declines again, the UAX gen-
der gap remains at its high level.

The profound difference in lifetime earnings is largely the result of differences in the exten-
sive and intensive margin of labour supply of women over their lives. One can discuss how
labour supply is influenced by own decisions or forced by personal and social circumstances.
Previous studies have shown a strong relationship between gender gaps in income and children
(e.g., Adda et al., 2017; Angelov et al., 2016; Kleven & Landais, 2017). This can be partially
explained by the close connection between women's labour market decisions and the number
of children they have (Ejrnæs & Kunze, 2013; Kühhirt & Ludwig, 2012). In line with these stud-
ies, we also find that mothers face higher earning losses with every additional child, while
fatherhood does not seem to affect men's earnings. Hence, observed earnings differences
between childless women and men are smallest and grow wider with every additional child (see
Figure A8). This observation also holds true when we analyse the evolution of UAX earnings by
number of children (Figure A9).

Figure 7 shows the gender gap in hourly wages (Panel A), the gender gap in hours worked
(Panel B), the gender gap in annual earnings (Panel C) and the gender gap in UAX earnings
(Panel D) over the life cycle by number of children. In the beginning, the gender gap in hourly
wages shows only small gender differences for men and women with and without children but
widens over the life cycle. In Section 2, we have shown that this can be largely explained by the
lesser work experience women with children gain over their life courses. The gender gap in
annual earnings clearly differs by the number of children throughout the entire life cycle (see
Figure 7, Panel C), exacerbating the gap in hourly wages associated with mother's lower inten-
sive margin of work (see Figure 7, Panel B).

The gender gap in lifetime earnings also increases with the number of children. While child-
less men and women experience a gender gap of 17.3 per cent, the gap is significantly higher
for men and women with three or more children (68.0 per cent at age 60). The significant wid-
ening of the gender gap between UA20 and UA35 earnings thereby coincides with the increase
in the cross-sectional gender gaps in annual hours worked, and consequently annual earnings.
These results are in line with existing studies finding evidence for motherhood penalties and
fatherhood premiums (e.g., Budig & England, 2001; Killewald & Garca-Manglano, 2016;
Killewald & Gough, 2013). Therefore, descriptive evidence clearly hints that motherhood might
be a key driver of gender earnings inequality over the life cycle.
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3.2.2 | Counterfactual analysis

In the last step, we want to estimate, which part of the observed gender gap in lifetime earnings
can be associated with differences in the distribution of observable characteristics across gender
and which part is associated with differences in returns to characteristics. To investigate this
issue further, we will predict counterfactual lifetime earnings for women in the following two
steps.21

First, we use a slightly modified version of the earnings regression results from our micro-
simulation model, estimated for male M and female F individuals separately22:

ŷs,t ¼ β̂0,sþþβ̂1,sXs,t, s� F,Mf g and t � 1984,2017½ �: ð10Þ

Second, we then set all annual earnings for men and women to missing and re-estimate
women's counterfactual annual earnings ŷCf by using the coefficients obtained from the male
regression model in the women's Mincer earnings regression:

ŷf ,t ¼ β̂0,mþ β̂1,mXf ,t, t� 1984,2017½ �: ð11Þ

For the estimation of male earnings, we use coefficients from the male regression model.
Women's counterfactual annual earnings in year t then represent the salary women would have
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FIGURE 7 Gender gaps over the life cycle by children. Number of children refers to the total number at age

60. Gender gaps in accumulated earnings are earnings up to a given age. Individuals with zero annual and UAX

earnings are included in the calculation. Source: Own calculations based on SOEP v35.
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earned if their characteristics were rewarded the same as men's. Adding up the counterfactual
annual earnings for each woman over the life course then yields women's counterfactual UAX
earnings. Furthermore, we also calculate women's UAX earnings for a baseline scenario where
we use the coefficients from the female earnings regression model (Equation 10). We then cal-
culate the baseline UAX earnings gap for which men's and women's respective coefficients are
used and the counterfactual UAX earnings gap where women's earnings are estimated using
male coefficients.23 The counterfactual gender UAX gap is therefore solely based on different
characteristics for men and women and not by different returns to characteristics.

Figure 8 depicts both the baseline (solid line) and counterfactual (dashed line) gender gap
in UAX earnings. The difference between those two concepts can be interpreted as the
unexplained part of the gender gap in UAX earnings (adjusted gender gap). In the beginning of
the work life, the difference between both gaps shown in Figure 8 is 14.9 pp. Therefore, in early
years, approximately one-third of the gender gap in UAX earnings is due to a different alloca-
tion of characteristics and two-thirds is due to a different reward or payment of characteristics.
The adjusted gender gap then increases to about 20.8 per cent for UA30 earnings and declines
afterwards to 10.0 per cent for lifetime earnings (UA60). Thus, until the years of family forma-
tion, the unexplained difference between women's and men's pay grows, whereas it declines
towards retirement. Overall, 80 per cent of the (re-estimated) baseline gender lifetime earnings
gap at age 60 can be explained by a different distribution of labour market characteristics of
men and women. Consequently, one-fifth of the (re-estimated) baseline gender lifetime earn-
ings gap at age 60 can be explained by less favourable rewards for women's labour market char-
acteristics, leading to an overall adjusted gender lifetime earnings gap of around 10 per cent.

FIGURE 8 Counterfactual estimation of the lifetime earnings gap. Baseline and counterfactual gender gap

in UAX earnings. Gender gaps in accumulated earnings are earnings up to a given age. Individuals with zero

UAX earnings are included in the calculation. Source: Own calculations based on SOEP v35.
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The evolution of the adjusted gender gap indicates that rewards are least favourable for women
in the first half of their work life.

Next, we want to investigate how parenthood influences the adjusted gender gap in lifetime
earnings. Hence, Figure 9 compares the baseline and counterfactual gender gaps by the number
of children. As already shown in Figure 7 (Panel D), the baseline gender gap in lifetime earn-
ings is lowest for childless women and increases strongly with the number of children women
have. But how much of the gender gap in lifetime earnings of women with and without chil-
dren can be explained by a different distribution of characteristics, and what is the influence of
the role of motherhood on the adjusted gender gap in lifetime earnings?

In stark contrast to the baseline UA60 gender gap, the adjusted UA60 gender gap only
slightly differs between men and women with different numbers of children. The adjusted gen-
der gap estimates are 7.7 per cent for one child and slightly higher for men and women with
two children (7.3 per cent) and three or more children and women with three or more children
(9.9 per cent). Hence, the large differences in the observed gender gaps of women with
children are mainly driven by the different accumulation of characteristics rather than an addi-
tional unexplained penalty of motherhood. Our results in Section 2 and Figure 7 (Panel B) indi-
cated that these differences might be mainly due to fewer working hours and less work
experience, which women with children accumulate over their work life. However, our results
suggest the opposite for childless individuals, for which the entire (re-estimated) gender gap in
lifetime earnings (around 20 per cent) appears to be driven by differences in rewards.
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4 | CONCLUSION

This paper underlines the importance of accounting for the lifetime dimension when analysing
gender inequalities. First, our results show that cross-sectional gender differences are persistent
over the work life. Comparing multiple dimensions of cross-sectional gender differences, we
find that the gender gap in hourly wages is substantially smaller (less than half the size) than
the gender gap in annual earnings. Using an Oaxaca–Blinder decomposition, we show that the
gender gap in annual earnings can largely be explained by the extensive and intensive margin
of labour, with women accumulating less work experience and working fewer hours.

We then applied a dynamic microsimulation model to obtain full lifetime earnings data
including family background information. Using our simulated data, we observe a gender gap
in lifetime earnings of 51.5 per cent. Furthermore, we show that the unadjusted gender gap in
lifetime earnings increases with the number of children women have. While childless women
face an average gender gap in lifetime earnings of 17.3 per cent, mothers with three or more
children experience a gap of 68.0 per cent. Furthermore, we used the coefficients from the
(modified) male earnings regression simulation model to estimate women's counterfactual earn-
ings. As a result, all differences remaining were solely based on different characteristics of men
and women and not by different returns to characteristics. The difference between the esti-
mated baseline gender gap and the counterfactual gap then yielded the adjusted gender gap in
lifetime earnings of 10 per cent. This means that women earn on average 10 per cent less than
men over their lifetime due to different rewards for their observable characteristics in compari-
son to men. We find that in stark contrast to the observed gender gap in UAX earnings, the
adjusted gender gap only differs slightly by the number of children mothers and fathers have.
However, for childless men and women the adjusted gender gap is considerably higher and dif-
ferences in rewards are the main driver of the gender gap in lifetime earnings.

The documented gender inequalities in lifetime earnings are high and therefore concerning
for a variety of social and economic reasons. For example, fewer financial opportunities for
women, and especially mothers, might create unhealthy dependency structures within house-
holds (see, e.g., Kalmuss & Straus, 1982). Furthermore, lower lifetime earnings result in signifi-
cantly lower pensions and consequently a higher risk of poverty among elderly women (see, e.
g., Fasang et al., 2013; Grabka et al., 2017). Against this background, it is of high importance to
create the right conditions for women to have the opportunity and incentive to increase their
labour market participation. One promising suggestion on how to increase work incentives for
women in Germany is, e.g., a reform of Ehegattensplitting, the joint taxation of married couples
or civil partners (see, e.g., Bach et al., 2017). Furthermore, the influential study by Olivetti and
Petrongolo (2017) stresses the importance of the availability of childcare in this context. For
Germany specifically, there is evidence that more extensive provision of adequate childcare
would potentially positively influence mothers' labour market participation (e.g.,
Bauernschuster & Schlotter, 2015; Müller & Wrohlich, 2020). More broadly, fundamental
changes in norms regarding the household division of labour are necessary as women still con-
duct the majority of housework and care-related tasks (see, e.g., Samtleben, 2019). In addition,
employers should offer more flexible work arrangements in order to foster the compatibility of
work and family. Indeed, recent studies indicate that such factors might have the potential to
foster an increase in women's labour market participation as a considerable share of women
who are currently working part-time have the (unrealized) desire to increase their working
hours (e.g., Beckmannshagen & Schröder, 2022; Harnisch et al., 2018).
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ENDNOTES
1 Past studies in this field focused on gender differences in human capital accumulation and discrimination as
the main drivers of gender inequalities in labour markets. Altonji and Blank (1999) give an overview of the
early literature in this field.

2 See Goebel et al. (2019) for a detailed overview of the SOEP.
3 A more detailed description of this methodological approach can be found in Section A.1 (Appendix).
4 For comparability, we only control for variables that we can also use in our analysis of the lifetime gender gap
in Section 3.

5 Our pooled sample includes birth cohorts 1940–79. Therefore, we include cohort dummies into our estimation
model. We do not find any consistent cohort effects in our analysis. Figure A1 also shows that gender gaps in
labour market outcomes are generally stable over time in our sample of working women.

6 A gender gap of 0.059 log points corresponds to a wage differential of e0:059�1ð Þ�100¼ 6:08 per cent, while a
gap of 0.378 log points corresponds to a wage differential of e0:378�1ð Þ�100¼ 45:94 per cent.

7 Tables A2 and A3 display the separate regression results for men and women which provide the basis for the
difference in coefficients displayed in the Oaxaca–Blinder regression.

8 The constant of the coefficient part also includes the effects of gender differences in unobserved predictors
(Jann, 2008), e.g., different occupational choices or differences in employers.

9 Please note that since this subsection focuses on the intensive margin of work, we now include the total hours
worked per year for this model in contrast to the binary variable (part-time/full-time) used when we were ana-
lysing the gender gap in hourly wages. Consequently, this leads to an even more significant endowment part
for the analysis of annual earnings as the total number of work hours is a key driver in the earnings difference
across gender.

10 It is crucial to note that our model does not control for endogenous choice. Hence, we do not differentiate
whether women choose to work fewer hours or if they have trouble finding adequate employment. See, e.
g., Harnisch et al. (2018) and Beckmannshagen and Schröder (2022) for studies on working hours mismatches
in Germany.

11 In this case we assume that the children stay with the mother. Empirical evidence by the Statistisches
Bundesamt (2018) supports this assumption: The share of single fathers in the period since 1997 is only 10–13
per cent.

12 For a few married individuals in our data, we cannot observe partner information since the partner did not
participate in the survey, e.g., because they refused. In those cases, we also run the Partner Module as a prepa-
ration step before starting the Family Module.

13 For this estimation strategy, we are only able to include individuals that have at least two observation years in
the SOEP. Including additional lags would result in a reduced sample size since it would impose stricter sam-
ple restrictions (surveyed for at least 3 years in the SOEP).

14 Again, see Table A7 for more detailed information.
15 It is important to note that these studies only focus on men. For women, other patterns could emerge over the

life cycle.
16 Our sample after the microsimulation is significantly different from our original SOEP sample. Therefore, we

cannot use the longitudinal weights initially provided by the SOEP. To maintain representativeness, we there-
fore use census data (Mikrozensus) to reweight our sample with regard to cohort, age, family and labour

450 GLAUBITZ ET AL.



market information. The Mikrozensus is considered highly representative for Germany, covering about 1 per
cent of the entire German population through mandatory participation.

17 As stated in Section 2, the Oaxaca–Blinder decomposition is based on an OLS regression model using log
hourly wage and log annual earnings.

18 The inverse hyperbolic sign (ihs) transformation represents an alternative concept. In contrast to the logarith-
mic transformation, it is also defined for negative and zero values (see, e.g., Burbidge et al., 1988; Pence, 2006).
Due to these advantages, it is primarily used in the literature on wealth distributions (e.g., Grabka et al., 2015;
Pence, 2006; Sierminska et al., 2018). However, we refrain from using this transformation as it is not easily
interpretable and not a very commonly used concept in the literature on gender earnings gaps.

19 See Figure A7 for a direct comparison of the gender gap in annual earnings when including or excluding indi-
viduals with zero earnings.

20 Compare Figures A8 and A9 for the distribution of annual earnings and UAX earnings by men and women
over the work life.

21 Here, we refrain from using an Oaxaca–Blinder approach, which we applied in our cross-sectional analysis in
Section 2. The reason for this is that we want to avoid decomposing our complete life-cycle data (which itself
is the result of regression-based dynamic microsimulation) with a regression-based decomposition approach.

22 In contrast to the earnings regression model used for our main analysis (Equation 8), here we refrain from
including lagged earnings information since they include the lagged unexplained component. Including
lagged earnings would, therefore, potentially compromise our analysis and lead to biased results of our coun-
terfactual decomposition approach.

23 Note that due to the fact that we re-estimate all earnings for men and women (also the ones originally
observed in the SOEP) and modify the earnings regression, our baseline results here vary slightly from our
main results presented in Section 3.2.1. Here, the baseline UA60 earnings gap is 52.6 per cent while in
our main analysis we find an UA60 earnings gap of 51.5 per cent.
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APPENDIX A

A.1 | Oaxaca Blinder decomposition
The Oaxaca Blinder decomposition was simultaneously introduced by Oaxaca (1973) and
Blinder (1973) and divides the gender differential in labor market outcomes (here: hourly wage
or annual earnings) into an endowment part and a coefficient part. The endowment part of the
gender differential accounts for the part of the gap which can be attributed to differences in the
allocation of characteristics (e.g., working hours, highest level of education) between men and
women. In contrast, the coefficient part captures the gender differences in labor market returns
to characteristics, and therefore in their coefficients. In other words, it states the gender differ-
ences of what the labor market is willing to pay for the same characteristics. This part is also
called the raw or adjusted gender wage/earnings differential. This adjusted gap, however, also
contains the effects of gender differences in unobserved predictors (Jann, 2008). The Oaxaca-
Blinder decomposition approach enables us to analyze whether the gender gap in wages/earn-
ings is mainly driven by the different distributions of productivity characteristics or by different
rewards for these characteristics by gender.

The gender gap Gx is defined as the difference between the means of the labor market out-
comes L at age x of men m and women f :

Gx ¼E Lmxð Þ�E Lfx
� � ð12Þ

Ls for either sex sð Þ is based on the linear model

Lsx ¼Z0
sxβsx þϵsx , E ϵsxð Þ¼ 0, S� f ,mf g, ð13Þ

where the vector Z includes all relevant characteristics, β is the estimation vector and ϵ is the
error term. Inserting Equation (2.13) into Equation (2.12), the earnings differential can also be
written as:

Gx ¼E Zmxð Þ0βmx �E Zfx
� �0

βfx: ð14Þ

For the decomposition of the results, a non-discriminatory coefficient vector is needed,
called β�. Following Neumark (1988), the vector is determined as a pooled regression over both
sexes. The gender gap can then be rewritten as:

Gx ¼ E Zmxð Þ�E Zfx
� �� �0

β�x|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
Endowment part

þ E Zmxð Þ0 βmx �β�x
� �þE Zfx

� �0
β�x �βfx

� �h i
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

Coefficient part

ð15Þ

where the first part of Equation (2.15) is the endowment part and the second part is the coeffi-
cient component of the gender gap in the labor market outcome.
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A.2 | Robustness: Microsimulation
Pseudo missings To test the robustness of our simulation model further, we use the concept of
pseudo missings. To that end, we set truly observed information for some part of the sample
missing (pseudo missings) and predict their now missing observations again by using our
dynamic microsimulation and the regression coefficients previously obtained. As we need a
starting point of at least two observations for our models due to the lagged terms, we use the
first two truly observed years for everyone before starting to create pseudo missings. Figure A4
shows the differences between the simulated pseudo missings (dashed line) and the truly
observed information (solid line) for labor force status, employment status, annual working
hours and annual earnings. In most graphs, the level of accuracy of the model is so high that it
is hard to even tell the solid and dashed line apart. For labor market status, the model predicts
99.9% of all pseudo missings correctly. And even for employment status, where there appear to
be bigger differences between pseudo missing and observations at a first glance, overall 97.7% of
all cases are simulated correctly. These results further support the robustness of our simulation
model.

Monte Carlo simulation Another way to validate the robustness of our dynamic micro-
simulation model is to make use of the underlying random process described in Subsection
3.1.1. We implement a Monte Carlo simulation approach by simulating each individual's
employment biographies 100 times. By doing so, due to the underlying random process deter-
mining transitions in labor market outcome variables between t�1 and t, we simulate up to
100 different employment biographies for each individual. However, due to limited computa-
tional capacities we only simulate the employment variables (labor market status, employment
status, full-time/part-time work, annual working hours and annual earnings) and keep the fam-
ily information (number of children and marital status) constant for each of the 100 iterations.
In the next step, we calculate lifetime earnings for each of the 100 simulated career paths per
individual and compute the average lifetime earnings and the resulting UAX earnings gender
gap in the population for each of the 100 runs. By deriving the 95% confidence intervals we can
analyze whether average lifetime earnings vary significantly for different underlying random
processes or whether they are robust. The results are presented in Figures A5 and A6. Figure
A5 shows that lifetime earnings by cohorts are very robust. However, lifetime earnings of
women vary more strongly than men's. Figure A6 provides evidence for a very narrow 95% con-
fidence interval for the gender gap in UAX earnings. Consequently, the results of the Monte
Carlo simulation confirm the high robustness of our simulation outcomes.

456 GLAUBITZ ET AL.



T
A
B
L
E

A
1

D
es
cr
ip
ti
ve

st
at
is
ti
cs
—
m
ea
n
s
by

ag
e

A
ge

M
en

20
25

30
35

40
45

50
55

60

A
n
n
ua

le
ar
n
in
gs

15
74
8.
13

27
72
7.
89

37
92
5.
13

45
21
7.
80

51
61
5.
70

54
20
4.
14

54
74
7.
55

53
96
9.
63

51
53
5.
02

(1
09
72
.1
7)

(1
33
06
.9
9)

(1
85
71
.5
7)

(2
40
95
.0
7)

(3
11
82
.6
1)

(3
89
51
.2
7)

(3
53
80
.0
1)

(3
35
05
.9
0)

(5
04
96
.3
5)

H
ou

rl
y
w
ag
e

9.
37

15
.1
3

18
.1
2

20
.7
2

23
.0
6

23
.9
5

24
.2
4

25
.8
3

26
.1
3

(7
.7
2)

(1
8.
11
)

(2
0.
76
)

(1
6.
32
)

(1
6.
25
)

(1
7.
91
)

(1
4.
47
)

(3
1.
96
)

(2
8.
33
)

H
ou

rs
w
or
ke
d
pe
r
w
ee
k

34
.5
5

38
.2
9

42
.8
1

43
.4
9

44
.3
9

44
.1
0

43
.5
0

42
.6
5

39
.3
4

(1
3.
42
)

(1
4.
48
)

(1
2.
47
)

(1
1.
38
)

(1
1.
01
)

(1
0.
61
)

(1
1.
17
)

(1
2.
13
)

(1
4.
38
)

Y
ea
rs

in
fu
ll-
ti
m
e
w
or
k

1.
20

4.
75

8.
54

12
.9
7

17
.7
1

22
.5
8

27
.4
3

32
.6
9

37
.3
2

(1
.2
8)

(2
.6
0)

(3
.7
7)

(4
.3
7)

(4
.8
5)

(5
.3
1)

(5
.7
1)

(5
.8
1)

(5
.7
4)

Y
ea
rs

in
pa

rt
-t
im

e
w
or
k

0.
14

0.
33

0.
55

0.
56

0.
61

0.
65

0.
75

0.
68

1.
09

(0
.4
7)

(0
.9
8)

(1
.5
6)

(1
.6
4)

(1
.9
3)

(2
.1
0)

(2
.4
4)

(2
.4
6)

(2
.9
0)

Y
ea
rs

in
un

em
pl
oy
m
en

t
0.
13

0.
31

0.
39

0.
43

0.
45

0.
47

0.
51

0.
49

0.
45

(0
.3
8)

(0
.7
0)

(0
.9
8)

(1
.2
1)

(1
.3
7)

(1
.6
4)

(1
.8
5)

(1
.7
8)

(1
.6
5)

Y
ea
rs

of
ed
uc
at
io
n

8.
97

10
.6
1

11
.8
4

12
.4
4

12
.6
2

12
.6
5

12
.6
7

12
.5
7

12
.7
3

(3
.8
6)

(3
.0
3)

(3
.2
5)

(3
.1
7)

(3
.0
3)

(2
.9
6)

(2
.9
2)

(2
.8
4)

(2
.9
2)

A
ge

W
om

en
20

25
30

35
40

45
50

55
60

A
n
n
ua

le
ar
n
in
gs

12
77
3.
34

21
11
5.
69

22
97
5.
43

21
92
5.
18

22
94
4.
75

24
97
5.
61

26
70
5.
30

26
47
5.
69

24
65
9.
61

(8
68
3.
31
)

(1
23
32
.5
6)

(1
67
20
.7
5)

(1
95
12
.8
2)

(1
86
26
.6
5)

(2
04
97
.0
0)

(2
17
13
.5
6)

(2
55
59
.1
3)

(2
12
36
.7
7)

H
ou

rl
y
w
ag
e

7.
97

12
.8
7

15
.1
9

15
.6
3

16
.2
3

16
.2
3

16
.8
2

16
.5
4

17
.4
8

(6
.5
8)

(9
.5
9)

(1
2.
19
)

(1
3.
18
)

(1
2.
02
)

(1
0.
88
)

(1
2.
49
)

(1
3.
18
)

(1
4.
99
)

H
ou

rs
w
or
ke
d
pe
r
w
ee
k

31
.7
5

32
.2
8

29
.9
1

26
.6
8

27
.3
8

28
.8
7

30
.0
9

29
.4
2

26
.9
7

(1
3.
02
)

(1
4.
34
)

(1
5.
60
)

(1
5.
26
)

(1
4.
29
)

(1
3.
99
)

(1
3.
98
)

(1
3.
64
)

(1
4.
49
)

(C
on

ti
n
ue

s)

EARNINGS GENDER GAP: MICROSIMULATION APPROACH 457



T
A
B
L
E

A
1

(C
on

ti
n
u
ed
)

A
ge

W
om

en
20

25
30

35
40

45
50

55
60

Y
ea
rs

in
fu
ll-
ti
m
e
w
or
k

1.
20

4.
36

6.
73

8.
04

9.
63

11
.6
1

14
.0
0

16
.7
0

19
.6
5

(1
.2
3)

(2
.7
1)

(4
.1
2)

(5
.2
3)

(6
.4
6)

(7
.9
9)

(9
.6
9)

(1
1.
75
)

(1
3.
99
)

Y
ea
rs

in
pa

rt
-t
im

e
w
or
k

0.
21

0.
82

1.
91

3.
81

5.
69

7.
60

9.
45

11
.6
6

13
.3
2

(0
.5
5)

(1
.6
1)

(2
.6
0)

(3
.7
6)

(4
.8
7)

(6
.1
6)

(7
.7
5)

(9
.7
7)

(1
1.
79
)

Y
ea
rs

in
u
n
em

pl
oy
m
en

t
0.
17

0.
28

0.
40

0.
50

0.
56

0.
58

0.
64

0.
71

0.
57

(0
.4
0)

(0
.7
3)

(0
.9
5)

(1
.1
9)

(1
.5
2)

(1
.6
0)

(1
.7
7)

(1
.9
9)

(1
.8
6)

Y
ea
rs

of
ed
uc
at
io
n

9.
17

11
.1
7

12
.0
7

12
.4
2

12
.4
8

12
.3
9

12
.3
4

12
.1
1

12
.0
2

(3
.9
1)

(2
.9
8)

(3
.3
1)

(3
.0
0)

(2
.8
9)

(2
.9
1)

(2
.7
8)

(2
.5
9)

(2
.7
1)

N
ot
es
:O

n
ly

em
pl
oy
ed

in
di
vi
du

al
s
w
it
h
h
ou

rl
y
w
ag
es

an
d
an

n
ua

le
ar
n
in
gs

gr
ea
te
r
th
an

ze
ro

w
er
e
in
cl
ud

ed
.C

oh
or
ts
19
40
–1
97
9,

w
ei
gh

te
d
sa
m
pl
e.
A
n
n
u
al

ea
rn
in
gs

an
d
h
ou

rl
y
w
ag
es

ar
e
pr
ic
e-

ad
ju
st
ed

an
d
pr
es
en

te
d
in

20
15

E
ur
o.

St
an

da
rd

er
ro
rs

in
pa

re
n
th
es
es
.

So
ur
ce
:O

w
n
ca
lc
ul
at
io
n
s
ba
se
d
on

SO
E
P
v3
5.

458 GLAUBITZ ET AL.



T
A
B
L
E

A
2

R
eg
re
ss
io
n
re
su
lt
s
fo
r
h
ou

rl
y
w
ag
es

-
w
om

en

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

O
n
e
ch

ild
�0

.0
19

�0
.0
61

�0
.1
59
**
*

�0
.0
23

�0
.0
03

0.
07
5*
*

0.
06
8*

0.
10
4*
*

�0
.0
58

(0
.1
58
)

(0
.0
55
)

(0
.0
46
)

(0
.0
36
)

(0
.0
38
)

(0
.0
34
)

(0
.0
40
)

(0
.0
48
)

(0
.0
70
)

T
w
o
ch

ild
re
n

�0
.4
61

�0
.2
34
**

�0
.1
54
**
*

�0
.0
58

�0
.0
00

0.
07
3*
*

0.
13
8*
**

0.
08
8*

�0
.0
14

(0
.5
01
)

(0
.1
07
)

(0
.0
58
)

(0
.0
41
)

(0
.0
39
)

(0
.0
36
)

(0
.0
40
)

(0
.0
48
)

(0
.0
71
)

3
or

m
or
e
ch

ild
re
n

�0
.1
71

�0
.1
11

�0
.1
67
**
*

�0
.0
30

0.
03
6

0.
12
9*
**

0.
10
3*

�0
.0
51

(0
.1
95
)

(0
.0
93
)

(0
.0
55
)

(0
.0
50
)

(0
.0
43
)

(0
.0
48
)

(0
.0
58
)

(0
.0
83
)

M
ar
ri
ed

0.
03
3

�0
.0
38

0.
05
4

0.
00
8

0.
00
4

0.
06
8*
*

�0
.0
52
*

�0
.0
31

0.
05
5

(0
.1
00
)

(0
.0
36
)

(0
.0
34
)

(0
.0
30
)

(0
.0
29
)

(0
.0
27
)

(0
.0
29
)

(0
.0
35
)

(0
.0
48
)

Y
ea
rs

F
T

0.
44
5*
**

0.
05
5*
*

0.
05
9*
**

0.
02
8*
**

0.
03
5*
**

0.
02
6*
**

0.
02
7*
**

0.
01
4*
*

0.
03
0*
**

(0
.0
61
)

(0
.0
22
)

(0
.0
14
)

(0
.0
09
)

(0
.0
07
)

(0
.0
05
)

(0
.0
05
)

(0
.0
06
)

(0
.0
07
)

Y
ea
rs

F
T
(s
q)

�0
.0
54
**
*

�0
.0
03

�0
.0
02
**
*

0.
00
0

�0
.0
01
*

�0
.0
00

�0
.0
00

�0
.0
00

�0
.0
00
**

(0
.0
16
)

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

Y
ea
rs

PT
�0

.0
23

�0
.0
39

�0
.0
28

�0
.0
19
*

�0
.0
13

�0
.0
20
**
*

�0
.0
02

�0
.0
01

�0
.0
11

(0
.1
03
)

(0
.0
29
)

(0
.0
17
)

(0
.0
11
)

(0
.0
08
)

(0
.0
06
)

(0
.0
06
)

(0
.0
06
)

(0
.0
08
)

Y
ea
rs

PT
(s
q)

0.
01
2

0.
00
1

0.
00
3*

0.
00
2*
*

0.
00
1*
*

0.
00
1*
**

0.
00
0*

0.
00
0

0.
00
0*
*

(0
.0
28
)

(0
.0
04
)

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

Y
ea
rs

U
E

�0
.6
89
**
*

�0
.1
01
**

�0
.1
74
**
*

0.
01
3

�0
.0
62
**
*

�0
.0
96
**
*

�0
.0
76
**
*

�0
.0
58
**
*

�0
.0
44
*

(0
.2
09
)

(0
.0
43
)

(0
.0
39
)

(0
.0
21
)

(0
.0
18
)

(0
.0
18
)

(0
.0
18
)

(0
.0
17
)

(0
.0
24
)

Y
ea
rs

U
E
(s
q)

0.
23
6*

�0
.0
00

0.
03
4*
**

�0
.0
05
**

0.
00
4*
*

0.
00
7*
**

0.
00
4*
*

0.
00
1

0.
00
1

(0
.1
40
)

(0
.0
06
)

(0
.0
09
)

(0
.0
03
)

(0
.0
02
)

(0
.0
02
)

(0
.0
02
)

(0
.0
01
)

(0
.0
02
)

Pa
rt
-t
im

e
0.
24
4*
**

0.
27
2*
**

0.
11
0*
**

0.
18
2*
**

0.
16
1*
**

0.
10
2*
**

0.
02
3

�0
.0
68
*

0.
06
9

(0
.0
81
)

(0
.0
49
)

(0
.0
42
)

(0
.0
32
)

(0
.0
31
)

(0
.0
27
)

(0
.0
31
)

(0
.0
39
)

(0
.0
54
)

(C
on

ti
n
ue

s)

EARNINGS GENDER GAP: MICROSIMULATION APPROACH 459



T
A
B
L
E

A
2

(C
on

ti
n
u
ed
) (1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

E
du

ca
ti
on

�0
.0
68
**
*

0.
00
7

�0
.0
33
**

�0
.0
63
**
*

0.
01
8

0.
00
8

�0
.0
23

0.
01
2

�0
.0
52

(0
.0
24
)

(0
.0
17
)

(0
.0
15
)

(0
.0
15
)

(0
.0
23
)

(0
.0
15
)

(0
.0
21
)

(0
.0
29
)

(0
.0
36
)

E
du

ca
ti
on

(s
q)

0.
00
4*

0.
00
1

0.
00
3*
**

0.
00
6*
**

0.
00
2*
**

0.
00
3*
**

0.
00
4*
**

0.
00
2*
*

0.
00
5*
**

(0
.0
02
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

C
on

st
an

t
2.
24
1*
**

1.
71
4*
**

1.
23
3*
**

1.
70
0*
**

1.
82
5*
**

1.
50
8*
**

1.
03
3*
**

1.
61
4*
**

1.
89
8*
**

(0
.7
70
)

(0
.2
66
)

(0
.2
11
)

(0
.2
22
)

(0
.1
99
)

(0
.1
61
)

(0
.3
13
)

(0
.3
73
)

(0
.4
63
)

O
bs
.

38
2

88
2

13
07

18
59

24
93

26
53

20
43

13
20

77
8

R
-s
qu

ar
ed

0.
32
3

0.
12
7

0.
18
7

0.
24
0

0.
19
2

0.
21
9

0.
20
5

0.
21
3

0.
24
8

C
oh

or
t-
F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Se
ct
or
-F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

N
ot
es
:S

ta
n
da

rd
er
ro
rs

in
pa

re
n
th
es
es
;T

h
e
st
ar
s
re
fe
r
to

th
e
fo
llo

w
in
g
si
gn

if
ic
an

ce
le
ve
l:

*p
<
0.
1,

**
p
<
0.
05
,*
**
p
<
0.
01
.

So
ur
ce
:O

w
n
ca
lc
ul
at
io
n
s
ba
se
d
on

SO
E
P
v3
5.

460 GLAUBITZ ET AL.



T
A
B
L
E

A
3

R
eg
re
ss
io
n
re
su
lt
s
fo
r
h
ou

rl
y
w
ag
es
—
m
en

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

O
n
e
ch

ild
0.
16
0

0.
08
9

�0
.0
17

�0
.0
17

0.
00
7

0.
02
9

�0
.0
43

0.
02
6

0.
05
3

(0
.3
49
)

(0
.0
55
)

(0
.0
31
)

(0
.0
24
)

(0
.0
22
)

(0
.0
24
)

(0
.0
29
)

(0
.0
40
)

(0
.0
53
)

T
w
o
ch

ild
re
n

�0
.9
52

0.
13
4*

0.
06
5*

0.
06
9*
**

0.
03
3

0.
10
3*
**

�0
.0
00

0.
03
4

�0
.0
10

(0
.7
51
)

(0
.0
79
)

(0
.0
35
)

(0
.0
24
)

(0
.0
22
)

(0
.0
23
)

(0
.0
27
)

(0
.0
37
)

(0
.0
49
)

3
or

m
or
e
ch

ild
re
n

�0
.0
06

0.
13
9*

�0
.0
24

0.
01
5

0.
05
0*

0.
04
9*

�0
.0
13

0.
07
5

0.
20
3*
**

(0
.1
73
)

(0
.0
75
)

(0
.0
45
)

(0
.0
33
)

(0
.0
28
)

(0
.0
29
)

(0
.0
35
)

(0
.0
49
)

(0
.0
67
)

M
ar
ri
ed

�0
.0
26

0.
01
5

0.
16
4*
**

0.
08
5*
**

0.
10
1*
**

0.
06
9*
**

0.
08
4*
**

0.
02
0

0.
10
5*
*

(0
.1
66
)

(0
.0
41
)

(0
.0
27
)

(0
.0
23
)

(0
.0
21
)

(0
.0
23
)

(0
.0
26
)

(0
.0
35
)

(0
.0
48
)

Y
ea
rs

F
T

0.
73
7*
**

0.
16
4*
**

0.
10
5*
**

0.
05
8*
**

0.
05
3*
**

0.
04
5*
**

0.
03
2*
**

0.
04
0*
**

�0
.0
30

(0
.0
61
)

(0
.0
23
)

(0
.0
13
)

(0
.0
08
)

(0
.0
07
)

(0
.0
08
)

(0
.0
09
)

(0
.0
12
)

(0
.0
36
)

Y
ea
rs

F
T
(s
q)

�0
.1
08
**
*

�0
.0
12
**
*

�0
.0
06
**
*

�0
.0
02
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**

0.
00
1

(0
.0
15
)

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
01
)

Y
ea
rs

P
T

0.
22
5

�0
.1
97
**
*

�0
.0
74
**
*

�0
.0
20
*

�0
.0
56
**
*

�0
.0
38
**
*

�0
.0
69
**
*

�0
.0
70
**
*

�0
.0
57
**
*

(0
.1
81
)

(0
.0
36
)

(0
.0
18
)

(0
.0
12
)

(0
.0
10
)

(0
.0
11
)

(0
.0
10
)

(0
.0
14
)

(0
.0
17
)

Y
ea
rs

P
T
(s
q)

�0
.0
79

0.
02
1*
**

0.
00
6*
**

0.
00
1

0.
00
3*
**

0.
00
3*
**

0.
00
3*
**

0.
00
3*
**

0.
00
1*

(0
.0
71
)

(0
.0
05
)

(0
.0
02
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

Y
ea
rs

U
E

�0
.2
79

�0
.1
08
**

�0
.1
78
**
*

�0
.1
13
**
*

�0
.1
17
**
*

�0
.1
05
**
*

�0
.0
94
**
*

�0
.0
69
**
*

�0
.0
94
**
*

(0
.1
95
)

(0
.0
50
)

(0
.0
29
)

(0
.0
15
)

(0
.0
13
)

(0
.0
12
)

(0
.0
14
)

(0
.0
19
)

(0
.0
36
)

Y
ea
rs

U
E
(s
q)

0.
09
9

�0
.0
05

0.
02
3*
**

0.
00
4*
**

0.
00
6*
**

0.
00
6*
**

0.
00
4*
**

0.
00
2*
*

0.
00
6

(0
.1
01
)

(0
.0
14
)

(0
.0
06
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
04
)

Pa
rt
�t

im
e

0.
27
1*
**

0.
42
2*
**

0.
25
7*
**

0.
17
3*
**

0.
33
6*
**

0.
25
1*
**

0.
18
9*
**

0.
38
9*
**

0.
20
1*
**

(0
.0
75
)

(0
.0
54
)

(0
.0
43
)

(0
.0
34
)

(0
.0
31
)

(0
.0
31
)

(0
.0
39
)

(0
.0
45
)

(0
.0
54
)

(C
on

ti
n
ue

s)

EARNINGS GENDER GAP: MICROSIMULATION APPROACH 461



T
A
B
L
E

A
3

(C
on

ti
n
u
ed
) (1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

E
du

ca
ti
on

�0
.0
31

�0
.0
38
**
*

�0
.0
71
**
*

�0
.0
39
**
*

�0
.0
51
**
*

0.
04
0*

0.
06
0*
**

0.
00
2

0.
02
0

(0
.0
30
)

(0
.0
13
)

(0
.0
10
)

(0
.0
10
)

(0
.0
13
)

(0
.0
22
)

(0
.0
23
)

(0
.0
55
)

(0
.0
67
)

E
du

ca
ti
on

(s
q)

0.
00
3

0.
00
3*
**

0.
00
5*
**

0.
00
3*
**

0.
00
4*
**

0.
00
1*

0.
00
0

0.
00
2

0.
00
2

(0
.0
03
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
01
)

(0
.0
01
)

(0
.0
02
)

(0
.0
02
)

C
on

st
an

t
1.
99
6*
**

1.
59
1*
**

2.
26
3*
**

2.
33
1*
**

2.
51
9*
**

1.
70
3*
**

1.
67
3*
**

1.
87
5*
**

1.
31
8

(0
.5
04
)

(0
.1
63
)

(0
.1
83
)

(0
.1
72
)

(0
.1
73
)

(0
.1
87
)

(0
.2
31
)

(0
.4
37
)

(0
.9
26
)

O
bs
.

38
3

90
0

17
46

24
64

28
63

29
39

22
61

15
46

98
0

R
-s
qu

ar
ed

0.
44
9

0.
23
1

0.
18
5

0.
22
9

0.
27
7

0.
28
3

0.
25
2

0.
18
4

0.
20
8

C
oh

or
t-
F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Se
ct
or
-F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

N
ot
es
:S

ta
n
da

rd
er
ro
rs

in
pa

re
n
th
es
es
;T

h
e
st
ar
s
re
fe
r
to

th
e
fo
llo

w
in
g
si
gn

if
ic
an

ce
le
ve
l:

*p
<
0.
1,

**
p
<
0.
05
,*
**
p
<
0.
01
.

So
ur
ce
:O

w
n
ca
lc
ul
at
io
n
s
ba
se
d
on

SO
E
P
v3
5.

462 GLAUBITZ ET AL.



T
A
B
L
E

A
4

R
eg
re
ss
io
n
re
su
lt
s
fo
r
an

n
ua

le
ar
n
in
gs
—
w
om

en

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

O
n
e
ch

ild
0.
11
3

�0
.0
33

�0
.1
30
**
*

�0
.0
08

�0
.0
05

0.
10
1*
**

0.
05
9

�0
.0
86

�0
.0
44

(0
.1
50
)

(0
.0
51
)

(0
.0
45
)

(0
.0
36
)

(0
.0
37
)

(0
.0
34
)

(0
.0
39
)

(0
.0
47
)

(0
.0
71
)

T
w
o
ch

ild
re
n

�0
.4
85

�0
.2
34
**

�0
.2
05
**
**
*

�0
.0
44

0.
00
7

0.
09
2*
**

0.
13
1*
**

0.
06
6

�0
.0
24

(0
.4
86
)

(0
.1
00
)

(0
.0
59
)

(0
.0
41
)

(0
.0
39
)

(0
.0
35
)

(0
.0
39
)

(0
.0
48
)

(0
.0
71
)

3
or

m
or
e
ch

ild
re
n

�0
.0
56

0.
17
4*

�0
.1
60
**
*

�0
.0
11

0.
08
1*

0.
13
2*
**

0.
07
9

�0
.0
34

(0
.1
83
)

(0
.0
93
)

(0
.0
56
)

(0
.0
49
)

(0
.0
43
)

(0
.0
47
)

(0
.0
58
)

(0
.0
83
)

M
ar
ri
ed

0.
04
0

�0
.0
62
*

0.
03
8

0.
04
4

�0
.0
04

0.
10
2*
**

�0
.0
36
**
*

�0
.0
13

0.
04
8*
*

(0
.0
96
)

(0
.0
34
)

(0
.0
34
)

(0
.0
31
)

(0
.0
29
)

(0
.0
26
)

(0
.0
28
)

(0
.0
35
)

(0
.0
48
)

Y
ea
rs

F
T

0.
46
6*
**

0.
09
8*
**

0.
06
5*
**

0.
03
1*
**

0.
03
6*
**

0.
02
5*
**

0.
02
3*
**

0.
00
9*

0.
03
1*
**

(0
.0
60
)

(0
.0
21
)

(0
.0
14
)

(0
.0
09
)

(0
.0
07
)

(0
.0
05
)

(0
.0
05
)

(0
.0
06
)

(0
.0
07
)

Y
ea
rs

F
T
(s
q)

�0
.0
59
**
*

�0
.0
06
**
*

�0
.0
03
**
*

�0
.0
00

�0
.0
01
**

�0
.0
00

�0
.0
00

0.
00
0

�0
.0
00
**

(0
.0
15
)

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

Y
ea
rs

PT
�0

.0
99

�0
.0
33

�0
.0
05

�0
.0
01

�0
.0
02

�0
.0
10
*

0.
00
2

�0
.0
01

�0
.0
11

(0
.1
03
)

(0
.0
27
)

(0
.0
16
)

(0
.0
11
)

(0
.0
08
)

(0
.0
06
)

(0
.0
06
)

(0
.0
06
)

(0
.0
08
)

Y
ea
rs

PT
(s
q)

0.
03
4

0.
00
2

0.
00
1

0.
00
1

0.
00
1

0.
00
1*
**

0.
00
0

0.
00
0

0.
00
0*
*

(0
.0
28
)

(0
.0
04
)

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

Y
ea
rs

U
E

�0
.5
24
**
*

�0
.0
76
*

�0
.1
74
**
*

�0
.0
10

�0
.0
75
**
*

�0
.0
97
**
*

�0
.0
79
**
*

�0
.0
50
**
*

�0
.0
47
*

(0
.1
97
)

(0
.0
40
)

(0
.0
39
)

(0
.0
21
)

(0
.0
18
)

(0
.0
18
)

(0
.0
18
)

(0
.0
17
)

(0
.0
24
)

Y
ea
rs

U
E
(s
q)

0.
14
1

�0
.0
02

0.
03
3*
**

�0
.0
06
**

0.
00
5*
**

0.
00
7*
**

0.
00
4*
*

0.
00
1

0.
00
1

(0
.1
34
)

(0
.0
06
)

(0
.0
09
)

(0
.0
03
)

(0
.0
02
)

(0
.0
02
)

(0
.0
02
)

(0
.0
01
)

(0
.0
02
)

W
ee
kl
y
h
ou

rs
0.
06
6*
**

0.
05
4*
**

0.
08
1*
**

0.
09
3*
**

0.
09
1*
**

0.
08
7*
**

0.
10
5*
**

0.
11
3*
**

0.
09
3*
**

(0
.0
09
)

(0
.0
04
)

(0
.0
04
)

(0
.0
03
)

(0
.0
03
)

(0
.0
02
)

(0
.0
03
)

(0
.0
04
)

(0
.0
06
)

(C
on

ti
n
ue

s)

EARNINGS GENDER GAP: MICROSIMULATION APPROACH 463



T
A
B
L
E

A
4

(C
on

ti
n
u
ed
) (1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

W
ee
kl
y
h
ou

rs
(s
q)

�0
.0
01
**
*

�0
.0
00
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**
*

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

E
du

ca
ti
on

�0
.0
46
**

0.
00
2

�0
.0
34
**

�0
.0
71
**
*

0.
01
3

0.
00
7

�0
.0
24

0.
01
2

�0
.0
51

(0
.0
23
)

(0
.0
16
)

(0
.0
15
)

(0
.0
15
)

(0
.0
23
)

(0
.0
15
)

(0
.0
20
)

(0
.0
28
)

(0
.0
36
)

E
du

ca
ti
on

(s
q)

0.
00
2

0.
00
1

0.
00
3*
**

0.
00
6*
**

0.
00
3*
**

0.
00
3*
**

0.
00
4*
**

0.
00
2*
*

0.
00
5*
**

(0
.0
02
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

C
on

st
an

t
7.
58
3*
**

8.
27
3*
**

8.
01
2*
**

7.
63
7*
**

7.
14
1*
**

7.
14
1*
**

7.
14
0*
**

6.
98
6*
**

7.
55
0*
**

(0
.1
97
)

(0
.1
37
)

(0
.1
30
)

(0
.1
26
)

(0
.1
69
)

(0
.1
19
)

(0
.1
53
)

(0
.2
13
)

(0
.2
77
)

O
bs
.

38
2

88
2

13
07

18
59

24
93

26
53

20
43

13
20

77
8

R
-s
qu

ar
ed

0.
57
3

0.
54
0

0.
62
7

0.
66
3

0.
57
8

0.
59
9

0.
67
4

0.
68
1

0.
66
0

C
oh

or
t-
F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Se
ct
or
-F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

N
ot
es
:S

ta
n
da

rd
er
ro
rs

in
pa

re
n
th
es
es
;T

h
e
st
ar
s
re
fe
r
to

th
e
fo
llo

w
in
g
si
gn

if
ic
an

ce
le
ve
l:

*p
<
0.
1,

**
p
<
0.
05
,*
**
p
<
0.
01
.

So
ur
ce
:O

w
n
ca
lc
ul
at
io
n
s
ba
se
d
on

SO
E
P
v3
5.

464 GLAUBITZ ET AL.



T
A
B
L
E

A
5

R
eg
re
ss
io
n
re
su
lt
s
fo
r
an

n
ua

le
ar
n
in
gs
—
m
en

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

O
n
e
ch

ild
0.
18
9

0.
06
1

�0
.0
08

�0
.0
14

0.
01
4

0.
02
8

�0
.0
42

�0
.0
03

0.
07
3

(0
.3
32
)

(0
.0
52
)

(0
.0
28
)

(0
.0
23
)

(0
.0
21
)

(0
.0
24
)

(0
.0
28
)

(0
.0
38
)

(0
.0
51
)

T
w
o
ch

ild
re
n

�1
.0
06

0.
13
9*

0.
06
6*
*

0.
06
7*
**

0.
02
6

0.
09
1*
**

�0
.0
08

0.
01
9

0.
01
5

(0
.7
14
)

(0
.0
75
)

(0
.0
32
)

(0
.0
23
)

(0
.0
21
)

(0
.0
22
)

(0
.0
26
)

(0
.0
36
)

(0
.0
47
)

3
or

m
or
e
ch

ild
re
n

�0
.0
08

0.
12
8*

�0
.0
26

0.
02
5

0.
05
0*

0.
05
1*

0.
01
3

0.
10
0*
*

0.
15
7*
*

(0
.1
64
)

(0
.0
71
)

(0
.0
41
)

(0
.0
32
)

(0
.0
26
)

(0
.0
28
)

(0
.0
34
)

(0
.0
47
)

(0
.0
65
)

M
ar
ri
ed

0.
01
7

0.
02
1

0.
12
1*
**

0.
07
8*
**

0.
08
9*
**

0.
05
4*
*

0.
09
1*
**

0.
02
8

0.
09
9*
*

(0
.1
58
)

(0
.0
39
)

(0
.0
25
)

(0
.0
22
)

(0
.0
20
)

(0
.0
22
)

(0
.0
25
)

(0
.0
34
)

(0
.0
46
)

Y
ea
rs

F
T

0.
73
1*
**

0.
17
9*
**

0.
09
4*
**

0.
05
8*
**

0.
04
5*
**

0.
04
3*
**

0.
03
1*
**

0.
05
2*
**

�0
.0
33

(0
.0
58
)

(0
.0
22
)

(0
.0
12
)

(0
.0
08
)

(0
.0
06
)

(0
.0
08
)

(0
.0
09
)

(0
.0
12
)

(0
.0
35
)

Y
ea
rs

F
T
(s
q)

�0
.1
06
**
*

�0
.0
13
**
*

�0
.0
05
**
*

�0
.0
02
**
*

�0
.0
01
**
*

�0
.0
01
**
*

�0
.0
01
**

�0
.0
01
**
*

0.
00
1

(0
.0
14
)

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

Y
ea
rs

P
T

0.
09
5

�0
.1
91
**
*

�0
.0
44
**
*

�0
.0
20
*

�0
.0
60
**
*

�0
.0
42
**
*

�0
.0
57
**
*

�0
.0
79
**
*

�0
.0
56
**
*

(0
.1
74
)

(0
.0
34
)

(0
.0
16
)

(0
.0
11
)

(0
.0
10
)

(0
.0
11
)

(0
.0
10
)

(0
.0
13
)

(0
.0
15
)

Y
ea
rs

P
T
(s
q)

�0
.0
51

0.
02
4*
**

0.
00
3

0.
00
0

0.
00
3*
**

0.
00
3*
**

0.
00
3*
**

0.
00
3*
**

0.
00
1*

(0
.0
67
)

(0
.0
05
)

(0
.0
02
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

Y
ea
rs

U
E

�0
.2
04

�0
.1
07
**

�0
.1
88
**
*

�0
.1
10
**
*

�0
.1
18
**
*

�0
.1
01
**
*

�0
.0
91
**
*

�0
.1
09
**
*

�0
.1
22
**
*

(0
.1
86
)

(0
.0
47
)

(0
.0
26
)

(0
.0
14
)

(0
.0
12
)

(0
.0
12
)

(0
.0
14
)

(0
.0
18
)

(0
.0
35
)

Y
ea
rs

U
E
(s
q)

0.
04
0

�0
.0
05

0.
02
3*
**

0.
00
4*
**

0.
00
6*
**

0.
00
5*
**

0.
00
4*
**

0.
00
4*
**

0.
00
8*
*

(0
.0
97
)

(0
.0
14
)

(0
.0
05
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
01
)

(0
.0
04
)

W
ee
kl
y
h
ou

rs
0.
04
4*
**

0.
04
9*
**

0.
07
0*
**

0.
05
2*
**

0.
03
7*
**

0.
05
4*
**

0.
07
7*
**

0.
05
3*
**

0.
07
1*
**

(0
.0
09
)

(0
.0
04
)

(0
.0
03
)

(0
.0
03
)

(0
.0
03
)

(0
.0
03
)

(0
.0
04
)

(0
.0
04
)

(0
.0
05
)

(C
on

ti
n
ue

s)

EARNINGS GENDER GAP: MICROSIMULATION APPROACH 465



T
A
B
L
E

A
5

(C
on

ti
n
u
ed
) (1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

A
ge

20
25

30
35

40
45

50
55

60

W
ee
kl
y
h
ou

rs
(s
q)

�0
.0
00
**
*

�0
.0
00
**
*

�0
.0
01
**
*

�0
.0
00
**
*

�0
.0
00
**
*

�0
.0
00
**
*

�0
.0
01
**
*

�0
.0
00
**
*

�0
.0
01
**
*

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

E
du

ca
ti
on

�0
.0
18

�0
.0
40
**
*

�0
.0
76
**
*

�0
.0
41
**
*

�0
.0
57
**
*

0.
03
9*

0.
05
3*
*

0.
09
1*

0.
01
9

(0
.0
28
)

(0
.0
12
)

(0
.0
09
)

(0
.0
09
)

(0
.0
12
)

(0
.0
21
)

(0
.0
23
)

(0
.0
53
)

(0
.0
65
)

E
du

ca
ti
on

(s
q)

0.
00
3

0.
00
4*
**

0.
00
5*
**

0.
00
4*
**

0.
00
4*
**

0.
00
2*
*

0.
00
1

�0
.0
01

0.
00
2

(0
.0
02
)

(0
.0
01
)

(0
.0
00
)

(0
.0
00
)

(0
.0
00
)

(0
.0
01
)

(0
.0
01
)

(0
.0
02
)

(0
.0
02
)

C
on

st
an

t
7.
71
0*
**

8.
36
7*
**

8.
43
4*
**

8.
71
5*
**

9.
16
3*
**

7.
96
5*
**

7.
50
6*
**

7.
52
7*
**

8.
42
7*
**

(0
.1
95
)

(0
.1
13
)

(0
.0
99
)

(0
.1
03
)

(0
.1
15
)

(0
.1
74
)

(0
.2
01
)

(0
.3
94
)

(0
.7
30
)

O
bs
.

38
3

90
0

17
46

24
64

28
63

29
39

22
61

15
46

98
0

R
-s
qu

ar
ed

0.
54
2

0.
53
9

0.
48
1

0.
39
4

0.
40
9

0.
41
7

0.
43
7

0.
40
0

0.
52
2

C
oh

or
t-
F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Se
ct
or
-F
E

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

N
ot
es
:S

ta
n
da

rd
er
ro
rs

in
pa

re
n
th
es
es
;T

h
e
st
ar
s
re
fe
r
to

th
e
fo
llo

w
in
g
si
gn

if
ic
an

ce
le
ve
l:

*p
<
0.
1,

**
p
<
0.
05
,*
**
p
<
0.
01
.

So
ur
ce
:O

w
n
ca
lc
ul
at
io
n
s
ba
se
d
on

SO
E
P
v3
5.

466 GLAUBITZ ET AL.



TABLE A6 Distribution of cohorts by gender

Birth Cohort Number of Men Number of Women Total

1964 382 324 706

1965 373 383 756

1966 404 425 829

1967 385 401 786

1968 378 385 763

1969 388 387 775

1970 311 364 675

1971 303 342 645

1972 288 304 592

Total 3212 3315 6527

Source: Own calculations based on SOEP v35.
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FIGURE A1 Gender gaps in labor market outcomes by survey year. Only employed individuals are

considered. Does not include values of zero annual earnings. Cohorts 1940–1979, weighted sample. Source: Own

calculations based on SOEP v35.

0
1

0
2

0
3

0
4

0
5

0
6

0
G

e
n

d
e

r 
g

a
p

 (
in

 %
)

20 25 30 35 40 45 50 55 60
Age

Hourly wage gap

0
1

0
2

0
3

0
4

0
5

0
6

0
G

e
n

d
e

r 
g

a
p

 (
in

 %
)

20 25 30 35 40 45 50 55 60
Age

Annual earnings gap

1940-49 1950-59

1960-69 1970-79

FIGURE A2 Gender gaps in hourly wages and annual earnings by cohort. Only employed individuals are

considered. Does not include values of zero hourly wages or annual earnings. Cohorts 1940–1979, weighted
sample. Source: Own calculations based on SOEP v35.
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FIGURE A4 Pseudo missings for labor market outcomes. The graphs comparing truly observed and

simulated pseudo information for annual working hours and annual earnings only focus on employed

individuals. Source: Own calculations based on SOEP v35.
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FIGURE A5 Monte Carlo simulation for earnings Source: Own calculations based on SOEP v35.
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FIGURE A6 Monte Carlo simulation for the gender gap in UAX earnings Source: Own calculations based
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Cohorts 1964–1972. Source: Own calculations based on SOEP v35.
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FIGURE A8 Annual earnings by gender and number of children. Employed and unemployed individuals

are considered. Number of children refers to the total number at age 50. Cohorts 1964–1972. Source: Own
calculations based on SOEP v35.
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FIGURE A9 UAX earnings by gender and number of children. Employed and unemployed individuals are

considered. Number of children refers to the total number at age 50. Cohorts 1964–1972. Source: Own
calculations based on SOEP v35.
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