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Zusammenfassung

Die geschlechtsspezifische Lohnliicke bleibt ein ernstes globales Problem, selbst in Landern
mit hochentwickelten Volkswirtschaften wie Deutschland. Diese Arbeit untersucht die
Lohnliicke zwischen Ménnern und Frauen in Deutschland im Zeitraum 2011 bis 2022 an-
hand von Daten des Sozio-oekonomischen Panels (SOEP). Die unbereinigte Lohnliicke ver-
ringerte sich im Laufe des Zeitraums allmdhlich, wobei die grofite Liicke im Jahr 2012 und
die geringste im Jahr 2022 zu beobachten war. Jahrliche OLS-Regressionen zeigen, dass sich
die bereinigte Lohnliicke in den Jahren vor der COVID-19-Pandemie verringerte und 2018
ihren niedrigsten Wert erreichte, sich jedoch in den Jahren 2020 und 2022 wieder ver-
groBerte. Die Ergebnisse der Oaxaca-Blinder-Dekomposition zeigen, dass zwischen 2011
und 2016 die unerklidrte Komponente zuriickging, wéhrend die erklidrte Komponente
zunahm. Nach 2016 kehrte sich dieses Muster um: Die erklidrte Komponente verringerte

sich, wiahrend die unerklarte Komponente anstieg.



ABSTRACT

The gender wage gap remains a serious global issue, even in countries with highly developed
economies, such as Germany. This thesis examines the gender wage gap in Germany from
2011 to 2022 using data from the Socio-Economic Panel (SOEP). The raw wage gap gradu-
ally decreased over the period, with the widest gap observed in 2012 and the narrowest in
2022. Annual OLS regressions show that the adjusted wage gap decreases through the pre-
COVID-19 years, reaching its lowest point in 2018 but widened again in 2020 and 2022.
The Oaxaca-Blinder decomposition results show that between 2011 and 2016 the unex-
plained gap decreased, while the explained gap increased. After 2016, the pattern reversed

as the explained gap decreased, while the unexplained gap increased.



TABLE OF CONTENTS

1. INTRODUCTION......ctiiiiiiitieiteeite ettt ettt 5
2. LITERATURE REVIEW ..ottt 8
2.1 GENDER WAGE GAP LITERATURE .....cccccociiniiiniiniinieeee. 8
2.2 THE GENDER WAGE GAP AND COVID-19 ....ccccooiiriiininnnne. 9
BuDATA e e e 11
4. METHODOLOGY ..ottt 14
4.1 OLS REGRESSION ....ccooiiiiiiiiiiiiiieiecececcceeee e 16
4.2 OAXACA-BLINDER DECOMPOSITION .....cccccoviiiniiiniiannennn 27
5. CONCLUSION ...ttt ettt st 33
6. REFERENCES ......ooiiii e e 35
T APPENDIX L. 38



Acknowledgments

This work is dedicated to my family, whose support throughout these years has made it

possible for me to be here. I am deeply grateful.

I would like to thank Prof. Dr. Christine Zulehner for her guidance throughout every
step of this journey. Prof. Zulehner showed me by example what it means to combine
professionalism with kindness, and I feel truly fortunate to have had the opportunity to

learn from her.

Studying at the University of Vienna has been a truly meaningful experience, shaping
me both academically and personally. I will remember these years as among the most
important and valuable of my life. I look forward to the future with appreciation for the

knowledge and support I have received along the way.



1. INTRODUCTION

The gender wage gap is a very important and relevant topic that goes beyond individual
consequences. It has a significant impact on the economy, as it reduces overall economic
growth and development. Talatha (2025) finds that a one-percentage-point increase in the
gender wage gap is linked to a 0.013% decline in economic development. The gender wage
gap also generates long-term economic costs. Lower earnings can discourage women from
remaining fully engaged in paid employment, leading to reduced working hours or increased
labor market withdrawal, which in turn weakens labor force participation and overall produc-
tivity. Additionally, families may also invest less in girls’ education if they expect lower
returns compared to boys, which will reduce female labor force participation also in the
future. In the long run, this means lower family income and fewer resources for children’s
health, schooling, and well-being, all of which are essential for a country’s development
(Morrisson & Jiitting, 2005). Therefore, it is very important to understand the causes of this
gap in order to be able to design policies that promote fairness and equality in the labor
market. This challenge became even more difficult with the spread of COVID-19 in January
2020.

Unfortunately, we have all experienced the consequences of the Coronavirus pandemic,
which affected various aspects of our lives, from our physical and mental health to our soci-
ety and economy. It was very difficult not only on an individual level but also for the gov-
ernments who had to balance the infection control and economic stability. At the same time,
the pandemic introduced a lot of changes to the labor market globally, including Germany.
This shift brought new attention to the gender wage gap topic and highlighted it as a renewed
area of concern. These changes in the labor market include job losses, shifts to remote work
and changing employment patterns, which had an unequal impact across genders and sectors,
with some groups being more affected than others. Women were often disproportionately
impacted, particularly in service sectors like hospitality, retail, and tourism, which were hit
the hardest by the pandemic (Alon et al. 2020). These developments highlight the need to

investigate whether the wage gap widened or narrowed during the pandemic.

Even though Germany is one of the most powerful economies in the region and has imple-

mented various gender equality policies in the workforce, it is still behind many European



countries in narrowing the gender wage gap. According to Eurostat' (2025), Germany has
one of the largest and most persistent gender pay gaps in the European Union. This pattern
is clearly illustrated in Figure 1, which shows the unadjusted gender pay gap across selected
European countries from 2011 to 2021. This persistent wage gap provides a strong motiva-

tion for a detailed empirical analysis of the factors driving the gender wage gap in Germany.
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Figure 1. Unadjusted gender pay gap across selected EU countries, 2011-2022.

Source: Eurostat (earn_gr gpg, earn gr gpgrl)
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As shown in Figure 1, throughout the entire period, Germany ranks among the countries
with the widest pay gaps, and remaining well above the EU-27 average, while other coun-
tries, such as Italy, Poland, Belgium, Slovenia, France and Netherlands maintain signifi-
cantly lower gaps. Germany’s gap shows only modest reductions over time, highlighting the
persistent nature of gender wage gap in this country. Figure 1 shows that Germany continues
to underperform in reducing the gender wage gap, even in comparison to countries with less
economic power, despite undergoing numerous policy interventions in the past years, most
notably the Act on Pay Transparency between Women and Men (Entgelttransparenzgesetz)
in 2017. This persistence suggests that formal policy measures alone may be insufficient to

address the underlying structural drivers of gender wage inequality.

This study analyzes the evolution of the gender wage gap in Germany for more than a decade
(2011-2022) using data from the German Socio-Economic Panel (SOEP), applying OLS re-
gression analysis and Oaxaca-Blinder decomposition method. The impact of COVID -19 on
the gender wage gap can be understood through two main arguments. From one perspective,
the pandemic may have widened the gap, as women were overrepresented in sectors that
were most severely affected by lockdowns such as hospitality, retail, and personal services,
leading to higher rates of job loss, reduced working hours and income reduction among fe-
male workers (Alon et al. 2020). From another perspective, the crisis may have narrowed
the gender wage gap, as the expansion of remote work allowed many women to better bal-
ance paid labor with household responsibilities. Additionally, men involved more in house-
hold responsibilities during lockdowns which might have contributed to more balanced and

more equal household responsibilities (Alon et al. 2020).

Overall, the impact of the pandemic on gender wage inequality reflects a combination of
changes in labor market and shifts in household responsibilities. This thesis contributes to
this discussion by examining whether the gender wage gap narrowed or widened in Germany
during the COVID-19 period, without limiting the analysis only to the pandemic period. The
main aim of this thesis is to study the gender wage gap from 2011 to 2022 and to identify

the extent of this gap, its evolution over time, and its potential underlying factors.



2. LITERATURE REVIEW

This chapter is divided into two sections. The first section reviews the literature on the gen-
der wage gap in general and its main determinants. The second section includes studies on
the gender wage gap in the context of the COVID-19 pandemic, discussing how the crisis
affected male and female workers differently and whether it changed or re-shaped the exist-

ing inequalities.

2.1 GENDER WAGE GAP LITERATURE

Kunze (2005) examines gender wage differentials between women and men during the early
career stage using West German administrative data from 1975 to 1990. The author shows
that differences in occupational qualification play an important role in explaining the pay
gap, approximately 50%. Consistent with earlier findings (Brown and Corcoran 1997; Paglin
and Rufolo 1990; Neal and Johnson 1996), the author shows that men and women often
pursue different occupational qualifications even prior to labor market entry, which explains
a considerable share of the observed wage gap. Kunze’s findings show that the educational
and occupational choices women and men make continue to shape their earnings in the long
run, making occupational segregation a key factor in understanding the persistent wage gap

in Germany.

On the other hand, Maier (2007) focuses on the structural determinants of wage inequality.
The author shows that women’s concentration in certain sectors, occupations, and small
firms contributes significantly to the gap. The author also points to the absence of gender-
neutral job evaluation systems and highlights how collective agreements play only a limited
role in reducing inequality. Maier (2007) argues that, without stronger institutional measures,
especially stricter enforcement of equal pay policies, the gender wage gap will continue to

persist, even in advanced labor markets such as Germany.

More recent work has examined long-term trends and distributional changes. Bonaccolto
Topfer, Castagnetti, and Rosti (2023) analyze the gender pay gap in West Germany between
1984 and 2020 using SOEP data. They find that the gap has narrowed for workers in the
lower and middle parts of the wage distribution, but has widened at the top, pointing to the
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persistence of a glass ceiling. The narrowing of the gap cannot be explained by women’s
gains in education, since wage differences remain even between men and women with the

same qualifications, especially at the top of the wage distribution.

Beyond the German context, several studies provide international evidence. Blau and Kahn
(2017), use PSID data to analyze gender wage inequality in the US from 1980 to 2010. They
show that even though women made considerable gains in education and work experience
during this time, the overall gender wage gap did not disappear. In the 1980s, factors like
education, experience, race, and region explained much of the difference in wages, but by
2010 these factors had lost much of their explanatory power. By then, women had surpassed
men in terms of education, so these traditional factors no longer explained much of the re-
maining pay gap. From the 1990s onward, the unexplained part of the wage gap stayed rel-
atively stable, while differences in occupations and industries became the main drivers of
persistent wage inequality. Goldin (2014), in her paper “A Grand Gender Convergence: Its
Last Chapter”, shows that the gender wage gap in the United States has sharply decreased
compared to earlier decades. She links this development to women’s growing human capital,

especially their higher levels of education and work experience compared to men.

2.2 THE GENDER WAGE GAP AND COVID-19

The COVID-19 pandemic has introduced new aspects to the gender wage gap discussion.
Brodeur, Gray, Islam, and Bhuiyan (2021), show that job losses were uneven across sectors
and worker groups. COVID-19 caused a shift toward remote work and away from jobs that
involve face-to-face (F2F) interactions with clients or coworkers. However, the ability to
work from home is limited to a specific set of occupations, leaving workers in certain indus-
tries, often characterized by lower skill or education levels, more exposed to labor market

disruptions.

Reichelt, Makovi, and Sargsyan (2021), using data from the United States, Germany, and
Singapore, show that women faced a higher risk than men of experiencing job loss, reduc-
tions in working hours, and transitions to remote work during COVID-19, although the size

of these differences varied across countries. The study finds that among couples who were



both employed prior to the pandemic, changes in employment status influenced their gender-
role attitudes. Specifically, men who became unemployed while their female partners re-
mained employed adopted more egalitarian views, whereas women in the reverse situation
adopted more traditional attitudes. These results indicate that gender-role beliefs are not

fixed but may shift in response to changing economic and social circumstances.

Alon, Doepke, Olmstead-Rumsey, and Tertilt (2020) argue that the economic downturn
caused by the pandemic differs from previous recessions when it comes to gender effects.

In other recessions, men were hit harder because industries like manufacturing and construc-
tion which are mainly men dominated suffered most. With COVID-19, it was the opposite.
Service sectors which are female dominated, took the biggest hit, and they were especially
affected by lockdowns and social distancing. On top of that, when schools and childcare
facilities closed, the caregiving load fell mostly on women, especially mothers, which made
it even harder for them to stay active in the labor market. The authors point out that these
setbacks could negatively affect women’s wages in the long run due to lost work experience.
However, according to the authors the shift toward flexible work and greater involvement of
fathers in childcare could, over time, help reshape gender roles and support more equality in
the labor market. In contrast, in some households, the lockdown experience might reinforce

or bring back the traditional gender roles, hurting women’s long-term careers (Arntz et al.
2020).

In another study, Arntz, Ben Yahmed and Berlingieri (2019) examine how working from
home affects both labor market outcomes and life satisfaction. The results indicate that child-
less employees work approximately one additional hour of unpaid overtime per week and
report higher levels of job satisfaction after transitioning to remote work. For parents, work-
ing from home helps narrow the gender gap in working hours and monthly earnings, as
mothers increase their working hours more than fathers. However, when it comes to hourly
wages, fathers see gains from working from home, while mothers do not, unless they switch
employers. This suggests that women face weaker bargaining power compared to men when

they remain with the same employer.
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3. DATA

To analyze the gender wage gap in Germany from 2011 to 2022, I used the data from the
Socio-Economic Panel (SOEP). The SOEP dataset, short for Sozio-oekonomisches Panel is
a longitudinal household survey conducted in Germany since 1984. It is the largest and long-
est-running panel study in Germany, surveying approximately 30,000 individuals from
22,000 households every year. I worked with two key source files: pequiv.dta and pgen.dta,
which I merged using person ID (pid) and survey year (syear). First, I reduced both datasets
to include only the relevant variables that I needed for wage analysis. Second, I merged them,
producing a combined dataset from 2011 to 2022. I then renamed the variables so they are
easier to read and interpret (e.g., renaming e11101 to annual work hours, imaty to mater-
nity benefit, d11107 to number of children in HH, as well as all the industry codes, which

I renamed according to their corresponding industry names) etc.

Next, I generated the key explanatory variables. Gender dummy was created as female = 1
if the person is a female, and 0 otherwise. Then, I constructed hourly wages as wageh =
annual individual earnings (i11110) / annual hours worked (e11101), adjusted for inflation
using the consumer price index (y11101), and finally transformed into logarithmic form (log-
wageh) as the main dependent variable. Marital status dummies were created from d11104
(marital status of individual), with the first category dropped as the reference group. Then
the partnership variable was generated based on marital status dummies, assigning a value
of 1 for individuals who are in a partnership, and 0 for those who were single, widowed,
separated, or divorced. Industry dummies were created based on one-digit industry code
el1106 (one-digit industry code of individuals). I created the variable educ_level by recod-
ing the variable d11108 into three educational categories: 1 for “Less than High School”, 2
for “High School”, and 3 for “More than High School”. I restricted the sample to observa-
tions from the years 2011 to 2022 and to respondents aged 20-60. This excludes teenagers
who are typically in education or apprenticeships and older individuals transitioning into
(partial) retirement or with reduced hours. After this step, I saved the cleaned and prepared

dataset.

To understand gender differences in observable characteristics, I computed means for men

and women in Stata. The descriptive statistics shows important gender-specific differences.
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In 2011 education level was slightly higher among women compared to men, suggesting that
women had higher levels of education. Meanwhile men reported more full-time experience
than women, whereas women had more part-time experience. This reflects traditional gender
roles and labor market segmentation, with women more likely to engage in part-time em-
ployment due to childcare and household responsibilities. Unemployment experience is also
higher among women compared to men, suggesting that women experienced longer or more
frequent periods of unemployment. This may have long-term implications for wage growth
and labor market attachment. Partnership status and the number of children in the household
are relatively similar between genders. Interestingly, life satisfaction is reported to be slightly
higher among women than men. Maternity benefit shows the most notable gender difference.
This reflects the institutional design of maternity benefits, which primarily target women.

Industry differences are very evident. In agriculture, bank, insurance, mining, construction,
manufacturing and transport men are more represented than women. These male-concen-
trated sectors tend to offer higher wages, which may contribute to the observed wage gap.
In contrast, women are more present in trade. These industry-related differences are also
visualized in Figure 2 where bar represents the industry share for female (grey) and male
(blue). The most male dominant industry is manufacturing, followed by construction and

transport, whereas females dominate the trade industry.
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Figure 2. Mean industry shares for men and women 2011.
Source: SOEP data, own calculations.
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In sum, the 2011 data clearly illustrate gendered patterns in education, experience and in-
dustries. These differences are likely to translate into wage differences and help explain the

causes of the gender wage gap.

The dataset in 2022 shows that women again had a higher level of education than men, in-
dicating that the trend of women achieving higher education observed in 2011 has continued
into 2022. Men report higher full-time experience compared to women, whereas women
continue to have more part-time and unemployment experience relative to men. The same
pattern was also noticed in 2011. The share of individuals in a partnership and the number
of children in the household is again similar across genders, indicating that gender gaps in
labor market outcomes are unlikely to be driven by differences in family size alone but rather
by how childcare responsibilities are distributed. Life satisfaction remains higher for women
than for men, consistent with 2011. Men are more represented in manufacturing and con-
struction while women remain concentrated in trade. Industries such as agriculture, bank,
insurance, mining, and transport remain male-dominated, although their overall shares are
small. These differences may contribute to the gender wage gap, as male-dominated sectors

offer higher average wages. Figure 3 illustrates all previously mentioned industry-related

differences.
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Figure 3. Mean industry shares for men and women 2022.

Source: SOEP data, own calculations.
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In comparison with 2011, manufacturing had by far the highest mean industry share, by
2022, these mean shares declined although the sector remained male-dominated. Trade also
showed relatively high mean shares in 2011, especially for women, but by 2022 both values
fell, with women still maintaining a higher share. Construction and transport continued to be
male dominated in both years, despite overall decreases in their mean shares. Conversely,
banking and insurance have shown more balanced gender representation. Male dominance
persists in construction, transport, and manufacturing, whereas women are more represented

in trade.

4. METHODOLOGY

First, I estimate the raw gender wage gap by regressing the logarithm of real hourly wages
on a gender dummy variable (female) for each year from 2011 to 2022. The variable is coded
as 1 for women and 0 for men, so the estimated coefficient directly reflects the average wage

difference between women and men without controlling for any additional characteristics.

Figure 4 below shows the evolution of the raw wage gap over time. The raw wage gap is the
unadjusted difference in average wages between men and women, without accounting for
any other characteristic. The results show a persistent and large negative coefficient through-
out the entire period (2011-2022). As shown in the graph, the wage gap was largest in 2012,
when the coefficient reached -0.23 log points. The gap remained stable at about -0.22 log
points in the years 2013-2014, before narrowing slightly to around -0.20 log points in 2015
and around -0.18 log points in the years 2016-2019. During the COVID-19 period (2020-
2022), the wage gap remained negative but declined further, reaching its lowest point of -
0.15 log points in 2022. Overall, the raw wage gap decreased gradually over the period, with
the widest gap observed in 2012 and the narrowest in 2022, which corresponds to a decrease

of 0.08 log points.
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Figure 4. Raw gender wage gap 2011-2022.

Source: SOEP data, own calculations.

Then after adding all the explanatory variables, I ran a series of OLS regressions separately
for each year from 2011 to 2022. In each regression, the dependent variable is the logarithm
of real hourly wages, and the explanatory variables include education, experience (full-time,
part-time, unemployment), industry, partnership status, number of children in the household,
life satisfaction, and maternity benefits. This makes it possible to see how the corrected wage

gap has changed from 2011 until 2022.

Figure 5 shows the corrected gender wage gap after including the explanatory variables from
2011-2022. The gap is largest at the beginning of the period -0.17 log points in 2011 and
then declines steadily through the pre-COVID years, reaching -0.13 log points in 2012, -0.10
log points in 2013-2014, -0.07/-0.06 log points in 2015-2016. It reaches its smallest value in
2018 at -0.04 log points. After 2018 the pattern reverses modestly. The corrected gap is -0.05
log points in 2019, widens during the COVID-19 period to -0.08 log points in 2020 and -
0.06 log points in 2021, and then rises further to -0.11 in 2022. Overall, the corrected wage
gap narrows noticeably, hitting its minimum in 2018 before re-widening during the COVID-
19 years, especially in 2020 and 2022 when it reached -0.11 log points. Interestingly in 2021

it decreases to -0.06 log points.
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Figure 5. Corrected gender wage gap 2011-2022.

Source: SOEP data, own calculations.

4.1 OLS REGRESSIONS

Table 1 shows the results of the OLS regression analysis for 2011. These results show a
gender wage gap of around 0.17 log points. Education has a significant and positive effect
on wages of 0.35 log points. Part-time experience has a negative but insignificant effect on

wages, as does unemployment experience.

Agriculture coefficient shows a negative and significant coefficient of approximately -0.34
log points, whereas manufacturing coefficient is positive and approximately 0.11 log points.
Construction and trade show negative and significant coefficients of approximately -0.11 log
points and -0.14 log points, respectively. Being in a partnership has a positive effect of ap-
proximately 0.20 log points, as well as life satisfaction which shows a coefficient of approx-
imately 0.01 log points. Finally, receiving maternity benefits is associated with an extremely
small but significant increase in wages. Overall, the regression model explains approxi-

mately 22.5% of the variation in log wages.
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Table 1: OLS Regression Results for 2011

Linear regression Number of obs 16,929
F(18, 16910) 264.15
Prob > F 0.0000
R-squared 0.2252

Root MSE 0.6595

Variable Coef. Std. Err. t P> |."| 95% Conf. Interval
female -0.1653"* 0.0129 S12.77  0.000 [-0.1907, -0.1399]
educ_level 0.3458""" 0.0091 37.66  0.000 [0.3278, 0.3639]
fulltime_experience 0.3738 (0.1982 1.89  0.059 [ -0.0148, 0.7628]
exp_ft_sq -0.2369"" 0.0686 -3.45  0.001 [-0.3714, -0.1025]
parttime_experience -().2660 0.2004 -1.33  0.184 [ -0.6588, 0.1268]
exp_pt.sq 0.4129""" 0.1855 223 0.026 [0.0494, 0.7766]
unemployment_experience -0.1802 (0.1432 -1.26 0.208 [ -0.4609, 0.1004]
agriculture -0.3418""" 0.0451 ST.57 0 0.000 [ -0.4303, -0.2535]
mining 0.1494 0.1518 098 0.325 [-0.1482, 0.4467]
manufacturing 0.1135"" 0.0136 830  0.000 [ 0.0867, 0.1404]
construction -0.1095"" 0.0210 523 0.000 [ -0.1505, -0.0685]
trade -0.1428""" 0.0161 -8.85  0.000 [-0.1744, -0.1112]
transport 0.0007 0.0266 0.03  0.979 [-0.0514, 0.0528]
bank_insurance 0.4139""" 0.0244 16.95  0.000 [0.3661, 0.4617]
partnership 0.2097""" 0.0113 18.57  0.000 [0.1876, 0.2319]
number_of_children_in_ HH 0.0151"" 0.0046 3.28 0.001 [(1.[]()24 0. [].Jllh]
life_satisfaction 0.0100""" 0.0015 6.36  0.000 [0.0078, 0.0122]
maternity_benefit 0.0002""" 0.0000 494  0.000 [ 0.0001, 0.0003]
_cons 17204 0.1395 12.33  0.000 [ 1.4469, 1.9939]

Results from OLS regression [or the year 2011. Dependent variable is the logarithm ol hourly gross wages.
Significance levels: ¥p<0.1; ¥ p<0.05; ***p<0.01

Figure 6 shows the effect of only significant variables on wages from the 2011 OLS regres-
sion with the dependent variable being the logarithm of real hourly wages. As shown in the
graph, bank and insurance had the largest positive effect, followed by education. Even
though women had higher levels of education in 2011, as shown in the descriptive statistics,
they still faced wage penalties. This finding is consistent with Béheim et al. (2013), who
demonstrate that women often earn less than men despite having more formal education, but
have less work experience due to childbearing. On the other hand, agriculture had the highest
negative effect on wages of approximately -0.34 log points, followed by trade -0.14 log

points.
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Significant Variable Effects on log(wage), Year: 2011
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Figure 6. Significant variables from the OLS Regression 2011

Source: SOEP data, own calculations.

Table 5 reports the results of the OLS regression analysis for 2015. These results show a
statistically significant gender wage gap of around 0.07 log points. Relative to earlier years,
the coefficient is smaller, suggesting a decline in the gender wage gap. Education has a sig-
nificant and positive effect on wages of approximately 0.3 log points.

Full-time experience has a positive and significant effect as we can see the coefficient is
approximately 0.04 log points, while part-time experience shows a significant negative effect
of approximately -0.15 log points. Unemployment experience also shows a negative and

significant impact of -0.09 log points.

Industry differences continue to play an important role. Agriculture is negative, approxi-
mately -0.38 log points, whereas manufacturing shows a positive effect of 0.13 log points,
followed by mining which shows a positive effect as well of 0.32 log points, and banking/in-
surance coefficient which is 0.35 log points. By contrast, construction approximately -0.06
log points and trade -0.13 log points, show significant negative effects, while transport (-

0.03) log points remains small and insignificant.
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Table 5: OLS Regression Results for 2015

Linear regression Number of ohs 14,908
) I'(18, 14889) 285.48
Prob > T 0.0000

R-squared 0.2816
Root MSE 0.6136

Variable Coef. Std. Err. t P |i] 95% Conf. Interval
female -0.0674""" 0.0127 -5.32 0.000 [ -0.0923, -0.0426]
educ_level 0.2880™"" 0.0091  31.60 0.000 [ 0.2701, 0.3059]
fulltime_experience 0.0436""" 0.0121 3.59  0.000 [ 0.0198, 0.0674]
exp_ft_sq -0.0025* 0.0013  -1.90 0.058 [ -0.0051, 0.0001]
parttime_experience 01471 0.0195 =754 0.000 [ -0.1853, -0.1089]
exp_pt_sq 0.0655"" 0.0060  10.81  0.000 [ 0.0535, 0.0772]
unemployment_experience -0.0934™"" 0.0095 -9.81  0.000 [ -0.1121, -0.0748]
agriculture -0.3770""" 0.0449  -8.39  0.000 [ -0.4650, -0.2889)
mining 0.3208"" 0.1273 252 0.012 [ 0.0712, 0.5704]
manufacturing 0.1276" 0.0134 9.50  0.000 [ 0.1013, 0.1539]
construction -0.0576™ 0.0226  -2.54 0.011 [ -0.1020, -0.0132)
trade -0.13147" 0.0158  -8.31 0.000 [ -0.1624, -0.1004]
transport -0.0254 0.0242  -1.05 0.293 [ -0.0729, 0.0220]
bank_insurance 0.3497"" 0.0250  13.76  0.000 [ 0.2999, 0.3995]
partnership 0.1804°° 0.0112 16.06  0.000 [ 0.1584, 0.2024]
number_of_children_in_HH 0.0131°" 0.0049 6.34  0.000 [ 0.0216, 0.0410]
life_satisfaction 0.0252"" 0.0036 7.07  0.000 [ 0.0182, 0.0322]
maternity_benefit 0.0000" 0.0000 2.97  0.003 [ 0.0000, 0.0000]
_cons 1.7517"" 0.0483  36.30  0.000 [ 1.6571, 1.8463]

Results from OLS regression for the year 2015. Dependent variable is the logarithm of hourly gross wages.
Significance levels: *p<0.1; **p<0.05; ¥**p=0.01

Being in a partnership has a positive impact on wages of 0.18 log points, while the number
of children in the household has a small, yet significant and positive effect of 0.013 log
points. Overall, the model explains 28.2% of the variation in log wages (R*=0.2816), which
is slightly higher than in previous years and suggests improved explanatory power. When it
comes to the pay gap the results in 2015 show a pay gap of approximately -0.07 log points,
meaning that it has decreased in comparison to previous years when the wage gap was -0.17
log points in 2011, -0.13 log points in 2012, -0.10 log points in 2013 and 2014. In comparison
with 2011, wage gap decreased by approximately 0.10 log points.
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Figure 7 illustrates the estimated effects of statistically significant variables on wages based

on the 2015 OLS regression.

Significant Variable Effects on log(wage), Year: 2015
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Figure 7. Significant variables from the OLS Regression 2015.

Source: SOEP data, own calculations.

As shown in the graph, bank and insurance had the largest positive effect, followed by min-
ing and education. On the other hand, agriculture had the highest negative effect on wages

of approximately -0.38 log points, followed by part-time experience -0.15 and trade -0.13
log points.

The results of the OLS regression for 2018 are reported in Table 8 in the Appendix. The
estimates indicate a statistically significant gender wage gap of approximately 0.04 log
points, which represents the lowest value observed over the study period. Education shows
a positive and significant coefficient of approximately 0.3 log points. Full-time experience
is also positive and significant, 0.05 log points. Part-time experience is associated with a
small but significant negative effect of -0.03 log points. Whereas unemployment shows a

negative and significant coefficient of -0.06 log points.

Agriculture is negatively associated with wages as we can see a negative and significant
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coefficient of -0.3 log points, while manufacturing shows a positive coefficient of 0.13 log
points, as well as banking/insurance which shows a positive coefficient 0.4 log points. Also,
construction and trade are significantly negative with a coefficient of -0.10 log points.

Being in a partnership shows a positive coefficient of 0.18 log points. The number of children
in the household also shows a positive coefficient of 0.02 log points. Life satisfaction is

positively and significantly associated with log wages, approximately 0.04 log points.

Overall, the model explains about 30.6% of the variation in log wages (R =0.3063), which
is higher than in previous years, suggesting improved explanatory power. The results for
2018 show a narrowing gender wage gap compared to previous years, in fact the lowest pay
gap since 2011. Compared to 2011, the gender wage gap in 2018 decreased by 0.13 log

points.

The gender wage gap began to widen again in 2019, reaching -0.05 (see Table 9 in Appen-
dix). In 2019, the education coefficient was positive and statistically significant at approxi-
mately 0.3 log points, followed by the coefficients for banking and insurance 0.4 log points
and manufacturing 0.1 log points. Part-time employment and unemployment showed nega-
tive and statistically significant coefficients of -0.04 and -0.08 log points, respectively. Ag-
riculture as well showed a negative and significant coefficient of approximately -0.3 log
points. The pay gap increased further in 2020. Table 10 in Appendix shows the results of the
OLS regression for 2020, showing statistically significant gender pay gap of around 0.08 log
points. Compared to 2018, the gender wage gap has increased approximately 0.04 log points

which may be linked to disruptions in the labor market during the period of the pandemic.

Education has a significant positive effect of around 0.3 log points. Also, full-time experi-
ence has a significant and positive effect. The coefficient is 0.06 log points. Part-time expe-
rience is negative and insignificant. Unemployment experience shows a significant negative
coefficient of approximately -0.06 log points. Agriculture coefficient is also negative, ap-
proximately -0.2 log points, manufacturing coefficient is significant and approximately 0.12
log points. Banking /insurance is also positive and statistically significant, approximately
0.4 log points. By contrast, construction and trade have significantly negative effects, -0.08
log points and -0.06 log points respectively. Being in a partnership has a positive and signif-

icant effect, approximately 0.20 log points, while the number of children in the household
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shows a small but significant positive effect of 0.02 log points. Life satisfaction has a small
but positive coefficient of 0.02 log points. Overall, the model explains approximately 26.4%
of the variation in log wages (R? = 0.2644), which is slightly lower than in 2018. The results
highlight a reversal in the trend of the gender wage gap narrowing, with women facing a
greater penalty in 2020 than in 2018. This could potentially reflect structural inequalities
worsened by the shock of the pandemic. Nevertheless, education and industry continue to be

the main factors influencing wages.

Figure 8 shows only the significant variables from OLS Regression in 2020. As shown in
the graph, bank insurance had the largest positive effect, followed by education. On the other

hand, agriculture has the highest negative effect followed by construction and trade.

Significant Variable Effects on log(wage), Year: 2020
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Figure 8. Significant variables from the OLS Regression 2020.

Source: SOEP data, own calculations.

However, the wage gap narrowed again in 2021, with the female coefficient decreasing to
approximately -0.06 (see Table 11 in Appendix). This reduction indicates that the widening

gap observed during the first year of the pandemic has been partially reversed. Education
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continues to have a significant and positive effect on wages, approximately 0.2 log points.
Full-time experience also has a significant positive effect of 0.04 log points. By contrast,
part-time experience is negative but statistically insignificant. Unemployment experience
has a significant negative effect of about -0.05 log points. Agriculture has a negative and
significant effect of -0.20 log points, as well as trade -0.14 log points, and transport -0.06
log points. On the other hand, banking and insurance show a positive wage effect on wages
of 0.36 log points. Among the other controls, partnership status and life satisfaction have
small but significant positive effects of approximately 0.02 log points, while the number of

children is insignificant.

Table 12 presents the OLS regression results for 2022. The results show that, compared to
men, women faced a wage penalty of -0.11 log points in 2022. This represents a sharp in-
crease compared to 2021 (-0.06 log points), making 2022 one of the years with the widest
gender wage gap in the observed period. This sudden reversal suggests that the disruptions
caused by the pandemic may have had lingering and uneven effects on labor market out-
comes, disproportionately disadvantaging women. Education remains a strong predictor of
wages, however, the coefficient 0.11 log points is lower than in previous years, indicating a
reduced return to education in log wage terms compared to earlier periods. The penalty for
part-time experience continues to have a negative and significant effect of -0.03 log points.
The effect of unemployment remains consistently negative of approximately -0.05 log

points. Industry patterns continue to play an important role.

Agriculture shows a strong negative effect of -0.40 log points, as well as construction and
trade which show a coefficient of -0.12 log points and -0.19 log points respectively. By con-
trast, manufacturing shows a positive effect of 0.06 log points and banking/insurance a co-
efficient of 0.33 log points. As in previous years, being in a partnership has a positive impact
on wages of 0.19 log points. Number of children in the household has a small positive effect
of 0.04 log points, while life satisfaction again shows a positive and significant effect on

wages of approximately 0.02 log points. Maternity benefit is statistically insignificant.
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Table 12: OLS Regression Results for 2022

Linear regression Number of obs 14,186
F(18, 14167) 103.49
Prob > F 0.0000

R-squared 0.1077
Root MSE 0.7425

Variable Coef. Std. Err. t P |t 95% Conf. Interval
female 01077 0.0140 S7.67 0 0.000 [-0.1352, -0.0802]
educ_level 0.1125%" 0.0069 16.31  0.000 [ 0.0990, 0.1261]
fulltime_experience -0.0032 0.0049 0.66 0508 [-0.0127, 0.0063]
exp_ft_sq 0.0012°** 0.0003 361 0.000 [ 0.0006, 0.0019]
parttime_experience -0.02617° 0.0117 9224 0.025 [-0.0490, -0.0033]
exp_pt_sq 0.0071°"* 0.0017 4.27  0.000 [ 0.0038, 0.0104]
unemployment_experience -0.0460"* 0.0030  -15.16  0.000 [ -0.0520, -0.0401]
agriculture -0.4029"** 0.0903 148 0.000 [-0.5794, -0.2265]
mining -0.1189 0.3062 0.39  0.698 [-0.7191, 0.4813]
manufacturing 0.0609"" 0.0196 311 0.002 [ 0.0225, 0.0994]
construction 20.1169 0.0563 207 0.038 [-0.2273, -0.0065]
trade 0.1944" 0.0278 26,98 0.000 [ -0.2489, -0.1399]
transport S0.1198* 0.0654 -1.83  0.067 [-0.2479, 0.0084]
bank_insurance 0.3340°"" 0.0391 855  0.000 [ 0.2574, 0.4106]
partnership 0.1912°** 0.0138 13.85  0.000 [0.1642, 0.2183]
number_of_children_in_HH 0.0430°"" 0.0072 591 0.000 [ 0.0287, 0.0572]
life_satisfaction 0.0154° 0.0044 348  0.001 [ 0.0067, 0.0240]
maternity_benefit 0.0000 0.0001 0.00  0.998 [-0.0001, 0.0001]
_cons 2603177 0.0376 69.08  0.000 [ 2.5202, 2.6770]

Results from QLS regression for the year 2022, Dependent variable is the logarithm of hourly gross wages.
Significance levels: *p<(.1; **p<0.05; ***p<0.01

The explanatory power of the model decreased considerably in 2022, with an R? of only
0.1077, much lower than in previous years, when it ranged from approximately 0.20 to 0.31.
This suggests that the included variables explain less of the wage variation in 2022, which
could reflect structural shifts in the labor market following the pandemic. In summary, the
2022 results suggest that the gender pay gap has widened considerably, that the returns to
education and experience have decreased, and that the model s explanatory power has fallen.
This leads to increased uncertainty and the need for new, unobserved factors that influence

wage determination in the post-pandemic period.

Between 2020 and 2022, the gender wage gap evolved in a way that highlights the disruptive
impact of the pandemic. In 2020, the wage gap was -0.08 log points, which was a significant
increase when compared with 2018 (-0.04) log points and 2019 (-0.05) log points. This
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indicates that gender disparities were widening during the initial crisis period. Although the
gender pay gap narrowed slightly in 2021, decreasing to -0.06 log points, this was only a
partial recovery. By 2022, the corrected gender gap had widened again, reaching -0.11 log
points, which is the highest level recorded after 2011 (-0.17) log points and 2012 (-0.13) log
points. This increase indicates that the impact of the pandemic was not temporary but had
lasting effects, worsening and reinforcing pre-existing inequalities. It shows how external

shocks, such as the pandemic, disrupt progress in narrowing the gender pay gap.

Figure 9 shows the effect of the significant variables on wages from the 2022 OLS regres-

sion.

Significant Variable Effects on log(wage), Year: 2022
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Figure 9. Significant variables from the OLS Regression 2022.

Source: SOEP data, own calculations.

As we can see from the graph, bank, insurance 0.33 log points, had the largest positive effect,
followed by the partnership variable 0.19 log points. Education has a smaller positive effect
than previous years. On the other hand, agriculture had the highest negative effect on wages

-0.40 log points, followed by trade -0.19 log points.
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Figure 10 compares the raw (uncorrected) and adjusted (corrected) gender wage gaps from
2011 to 2022. The red line corresponds to corrected wage gap whereas the blue line corre-
sponds to the uncorrected wage gap. The uncorrected gap narrows from about -0.22 log
points in 2011 to -0.15 in 2022, while the corrected gap remains consistently smaller, ranging

from -0.17 log points in 2011 to -0.11 log points in 2022.

Gender Wage Gap Over Time
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Figure 10. Corrected vs Uncorrected wage gap 2011-2022.

Source: SOEP data, own calculations.

The difference between uncorrected wage gap and corrected wage gap in 2011 is 0.05 log
points, whereas in 2022 is 0.04 log points. In other years such as 2018 this difference is
substantially larger, reaching 0.14 log points. The dashed vertical line marks the onset of the
COVID-19 pandemic, after which differences in movement between corrected and uncor-
rected gap are visible. The corrected gap increases in 2020, slightly decreases in 2021 and
then increases again in 2022 whereas the uncorrected gap decreases from 2020 until 2022.
One explanation is that the COVID-19 pandemic affected men and women differently in
terms of sectoral and occupational composition. Many women are employed in sectors such
as hospitality, retail, and personal services, which were hit hardest in 2020 (Alon et al. 2020).
The raw gap might have narrowed because COVID disproportionately pushed many low-

wage women out of employment, which raised the average wages of those who remained in
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the workforce. However, when observable characteristics are controlled for, the corrected
gap increases, indicating that women’s relative position worsens. The decline in 2021 sug-
gests that the corrected gender wage gap temporarily reduced as the labor market adjusted
after the initial COVID shock, but the increase in 2022 indicates that this improvement was

only temporary.

4.2 OAXACA-BLINDER

To complement the regression analysis, the Oaxaca-Blinder decomposition was applied for
each year between 2011 and 2022 (Blinder, 1973; Oaxaca, 1973). This approach decomposes
the average log wage differential into an explained component, capturing differences in ob-
servable characteristics between men and women, and an unexplained component. The ex-
plained part captures differences in factors such as education, labor market experience (full-
time, part-time, and unemployment), industry, partnership status, number of children in the
household, life satisfaction, and maternity-related benefits. The male wage structure is used

as the reference group.

As a first step, the Blinder-Oaxaca model requires estimating separate wage equations for

females (f) and males (m) using ordinary least squares (OLS):

Yie = XipBr + uyy (1)

Yim = Ximgn\’L + Uiy (2)

Here, Y denotes the log of hourly wages of an individual i = 1,2, ..., N. X is a vector of
observed explanatory characteristics, § represents the estimated coefficient vector from the
respective wage regression, and u is the error term. The explanatory factors are education,
experience, industry, partnership, number of children in the household, life satisfaction and
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maternity benefit.

The difference in the means of wages can be expressed as:

Vo = Y = Brn(Xm = X¢) + X (B — By), (3

where the first term E;,(m — )Tf), represents the explained component, calculated using the
male coefficients and the second term )Tf (E;, — B}), the unexplained part. I estimate the

decomposition separately by year, which allows me to observe the evolution of the explained

and unexplained components of the wage gap across the period 2011-2022.

In Table 13 I present the decomposition results of the gender wage gap in Germany from
2011 to 2022. In 2011, the average gender wage gap was 21.8 log points, which increased
slightly to 23.3 log points in 2012 (a rise of approximately 1.6 log points). After 2012, the
wage gap followed a generally downward trend, despite some small year-to-year fluctua-
tions. It was 21.5 log points in 2014, 19.7 log points in 2015, and 18.3 log points in 2018,
before falling further to 16.6 log points in 2021 and reaching 14.7 log points in 2022. Overall,
between 2011 and 2022, the raw wage gap declined by about 7 log points, indicating a sub-

stantial narrowing of the gap over the observed period.

In 2011, differences in observable characteristics explained 11.3 log points, or about 52% of
the total gap, while the unexplained part accounted for 10.5 log points (48%). The explained
gap rose slightly until 2016 (17.3 log points) but then dropped sharply, amounting to only
7.6 log points by 2022. By contrast, the unexplained gap declined steeply until 2016, then
started to rise again, reaching 7.4 in 2021 and 7.1 in 2022 (49% of the remaining gap). The
decomposition shows that the decline in the gender wage gap was driven by different factors
in different periods. From 2011 to 2016, the narrowing was mainly due to a strong decrease
in the unexplained part of the gap, which fell from 10.5 to just 1.1 log points. Over the same
period, the explained part increased, reaching a peak of 17.3 log points in 2016.

28



Table 13: Gender wage decompositions, 2011-2022

Yoar Wage Diﬁ'cr(.:ncc Explained Diﬁ’cr(fncc Unexplained Diﬂ'cr(irlce
gap over time gap over time gap over time
2011 0.2177 0.1130 0.1047
2012 0.2334 0.0157 0.1340 0.0210 0.0994 -0.0053
2013 0.2153 -0.0181 0.1545 0.0205 0.0608 -0.0386
2014 0.2155 0.0002 0.1609 0.0064 0.0547 -0.0061
2015 0.1968 -0.0187 0.1618 0.0009 0.0349 -0.0198
2016 0.1834 -0.0134 0.1725 0.0107 0.0108 -0.0241
2017 0.1751 -0.0083 0.1319 -0.0406 0.0431 0.0323
2018 0.1830 0.0079 0.1326 0.0007 0.0504 0.0073
2019 0.1767 -0.0063 0.1317 -0.0009 0.0450 -0.0054
2020 0.1793 0.0026 0.1403 0.0086 0.0389 -0.0061
2021 0.1655 -0.0138 0.0912 -0.0491 0.0743 0.0345
2022 0.1468 -0.0187 0.0755 -0.0157 0.0712 -0.0031

Results from Blinder Oaxaca decompositions.Dependent variable is the logarithm of hourly gross wages. Ex-
planatory variables used in all decompositions are education, full time experience, part time experience, unem-
ployment, partnership, number of children in the household, life satisfaction, maternity benelfit.

After 2016, however, the pattern reversed; the explained component dropped sharply from
17.3 to 7.6 log points by 2022, while the unexplained component rose again to about 7.1 log
points. Taken together, these results indicate that the early narrowing of the wage gap was
primarily driven by a decline in the unexplained component, while the later reduction was

due to a convergence in men’s and women’s observable characteristics.

Figure 11 shows the explained and unexplained wage gap from 2011 until 2022. The blue
line represents the explained part, the orange line shows the unexplained part, whereas the
dashed vertical line represents the onset of COVID-19 pandemic. The explained gap in-
creased from 2011 to 2016, peaking in 2016 at about 0.17 log points, while the unexplained
component declined to a minimum of roughly 0.01 log points in 2016. Between 2017 and
2019, the explained gap remained relatively stable at around 0.13 log points, while the un-
explained part ranged from 0.04 to 0.05 log points. In 2011, as previously mentioned, ob-
servable characteristics explained about 52% of the wage gap, while the unexplained com-
ponent accounted for the remaining 48%. The explained share had risen to almost 94% in
2016, with the unexplained share shrinking to only 6%. After 2020, however, the unex-
plained share increased again, reaching around 45% in 2021, whereas the explained share

was 55%. During the onset of COVID-19 in 2020, the explained wage gap rose slightly to
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around 0.14 log points, while the unexplained gap declined to approximately 0.04 log points.

However, from 2021 onwards, the explained gap dropped sharply, falling to about 0.07 log

points by 2022, while the unexplained gap increased to nearly the same level, around 0.07

log points. This indicates that factors beyond observable characteristics became very im-

portant in shaping the gender wage gap in the COVID period. In the previous years, most of

the gender wage gap can be attributed to differences in characteristics between men and

women, such as work experience and industry. After the onset of COVID-19, the explained

part declined while the unexplained part increased, suggesting that observable differences

became less important, whereas unobservable or unmeasured factors gained significance.

This shift may reflect unobserved characteristics that are not captured in the data or changes

in the labor market induced by the pandemic.

Gap (log points)

15+

—_
1

.05+

Oaxaca-Blinder Decomposition Over Time
Explained vs. Unexplained Wage Gap

T
2011

T T T T T T T T T T T
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Survey Year

Explained Unexplained

Figure 11. Explained vs Unexplained Wage Gap, 2011-2022.

Source: SOEP data, own calculations.

Figure 12 shows the explained component of the gender wage gap which is divided into

three groups of observable characteristics: industry, experience (full-time employment, part-
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time employment, unemployment), and other characteristics. The explained component of
the gender wage gap is primarily driven by differences in experience-related characteristics,
which account for the largest share of observed wage differences over time. The industry
component contributes positively but modestly to the explained gap in all years. This indi-
cates that the unequal distribution of men and women across industries plays a secondary
role compared to experience. On the other hand, other characteristics which include educa-
tion, partnership status, number of children, life satisfaction, and maternity benefits contrib-
utes negatively in all years. The negative contribution of other characteristics indicates that
women possess, on average, more favorable observable endowments in this category, which
tend to reduce rather than widen the explained component of the gender wage gap. Taken
together, the results indicate that the explained component of the gender wage gap is driven
predominantly by differences in labor market experience, followed by industry. Over time,
the explained component increases until the mid-2010s, peaks around 2016, and then grad-
ually declines, with a noticeable reduction in the post-COVID period (2021-2022), reflecting

a weakening role of observable characteristics in explaining the gender wage gap.
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Source: SOEP data, own calculations.

31



Figure 13 presents the unexplained component of the gender wage gap, decomposed into
contributions from industry, experience, and other observed characteristics over the period
2011-2022. The unexplained gap is dominated by other characteristics, particularly in 2011,
2013, 2016, and during the post-2020 period. Experience-related factors contribute nega-
tively to the unexplained component in most years, indicating that differences in returns to
experience tend to reduce unexplained wage inequality rather than exacerbate it. Industry
effects remain small and close to zero over the entire period. Over time, the unexplained
component shows considerable year-to-year variation, with relatively high levels in 2011
and a renewed increase in the post-COVID period (2020-2022), suggesting a strengthening

of unexplained wage disparities following the pandemic.
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5. CONCLUSION

This thesis examined the evolution of the gender wage gap in Germany between 2011 and
2022. The results show that, despite progress, wage differences between men and women
remain a persistent feature of the German labor market. The descriptive analysis showed that
men and women tend to have different education levels, levels of experience, and sectoral
employment patterns. Women consistently achieved higher levels of education than men.
They also accumulated more part-time and unemployment experience, while men had longer
full-time experience. Men and women continued to be concentrated in different types of
industries. Men continued to dominate in industries such as construction, manufacturing,
and transport, while women were more dominant in trade. These structural differences pro-
vided an important background for the regression analysis, as they have a direct impact on

wage outcomes.

The OLS regression results confirmed a steady, though uneven, narrowing of the raw gender
wage gap over the decade, from around -0.22 log points in 2011 to -0.15 in 2022, a decrease
in the raw wage gap of 0.07 log points. Once I add explanatory variables such as education,
experience (full-time, part-time, unemployment), industry, partnership status, number of
children in the household, life satisfaction, and maternity benefits, the corrected wage gap
was substantially smaller, ranging from -0.17 log points in 2011 to -0.04 log points in 2018
which was also its lowest point. The outbreak of COVID-19 disrupted this trajectory. After
2020, the corrected gender wage gap began to widen again, rising to -0.08 log points in 2020
and peaking at -0.11 log points in 2022, which was the highest value since 2011- 2012. One
possible explanation for this reversal can be that women were overrepresented in service
sectors such as hospitality, retail, and personal care, which were hardest hit by lockdowns
and restrictions. Many also faced career interruptions due to job losses or increased caregiv-
ing responsibilities at home. At the same time, the usual advantages of education and full-
time work experience became weaker predictors of wages, and the overall model explained
much less of the variation in 2022 than in earlier years. This suggests that the pandemic not
only stalled progress but also introduced new uncertainties and unobserved influences that

disproportionately affected women.

The Oaxaca-Blinder decomposition shows that the gender wage gap narrowed by about 7
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log points between 2011 and 2022, but the drivers of this change shifted over time. In the
first half of the period (2011-2016), most of the reduction came from a sharp fall in the
unexplained component of the gap. After 2016, however, this trend reversed. The explained
part of the gap declined, while the unexplained share rose again, accounting for nearly half
of the remaining difference by 2022. The explained component of the gender wage gap is
largely driven by differences in labor market experience, while the unexplained component

is dominated by other characteristics.

Taken together, the results of this thesis highlight both progress and setbacks. Germany has
made progress in narrowing the gender wage gap, but the fact that it widened again during
the pandemic shows how fragile these gains really are. The progress achieved over many
years can be set back very quickly when the labor market faces a major shock. In the end,
reducing the gender wage gap is not only about improving economic outcomes but also about
ensuring fairness and equal opportunities for future generations. True equality will require
sustained effort and policies that go beyond individual characteristics to address the struc-
tural barriers that continue to hold women back. This study is limited until 2022 and there-
fore cannot capture the post COVID-19 effect in a longer term, which can be an interesting

topic for future research.
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7. APPENDIX

Table 2: OLS Regression Results for 2012

Linear regression Number of obs 16,393
F(18, 16374) 302.94
Prob > F 0.0000

R-squared 0.2666
Root MSE 0.6295

Variable Coef. Std. Err. t P> |t 95% Conf. Interval
fermale -0.1324** 0.0126  -10.53 0.000 [ -0.1570, -0.1077]
educ_level 0.3658""" 0.0091 40.09  0.000 [0.3479, 0.3837)
fulltime_experience 0.0158 0.0355 0.44  0.657 [-0.0538, 0.0854]
exp_ft_sq -0.0155% 0.0080 -1.93  0.053 [-0.0312, 0.0002]
parttime_experience -0.4662""" 0.0495 -9.43  0.000 [ -0.5632, -0.3693]
exp_pt_sq 0.3297""" 0.0311 10.61  0.000 [0.2688, 0.3906]
unemployment_experience  -0.2032"" 0.0258 -7.88  0.000 [ -0.2539, -0.1527]
agriculture -0.3682"** 0.0428 -8.61  0.000 [-0.4523, -0.2845)]
mining 0.3536 0.2397 1.47  0.140 [-0.1166, 0.8238]
manufacturing 0.1338*** 0.0131 10.23  0.000 [0.1082, 0.1594]
construction -0.0939"" 0.0210 -4.49  0.000 [ -0.1349, -0.0529]
trade -0.1373""" 0.0163 -8.42  0.000 [ -0.1692, -0.1056]
transport 0.0122 0.0249 049  0.622 [-0.0365, 0.0620]
bank_insurance 0.4250™"" 0.0245 17.34  0.000 [ 0.3769, 0.4730]
partnership 0.2045™" 0.0108 18.91  0.000 [0.1834, 0.2258]
number_of_children_in HH 0.0104"" 0.0046 226 0.024 [ 0.0039, 0.0219]
life_satisfaction 0.0154™" 0.0021 7.18  0.000 [0.0112, 0.0196]
maternity_benefit 0.0002"** 0.0001 4.09  0.000 [ 0.0001, 0.0003]
_cous 1.8044™"" 0.0463 38.96  0.000 [ 1.7136, 1.8952]

Results [rom OLS regression [or the year 2012, Dependent variable is the logarithm of hourly gross wages.
Significance levels: *p<0.1; ¥*p<0.05; ¥*p<0.01
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Figure Al. Significant variables from the OLS Regression 2012.



Table 3: OLS Regression Results for 2013

Linear regression Number of obs 15,314

F(18, 15295) 309.49
Prob > F 0.0000
R-squared 0.2833
Root MSE 0.6160

Variable Coef. Std. Err. t P> |t| 95% Conf. Interval
female -0.0954""" 0.0129 -7.37  0.000 [ -0.1208, -0.0700]
educ_level 0.3401""" 0.0091 36.01  0.000 [ 0.3216, 0.3586]
fulltime_experience 0.0756""" 0.0248 3.05  0.002 [ 0.0271, 0.1243)
exp_ft_sq -0.0116""" 0.0038 -3.06 0.002 [ -0.0191, -0.0041]
parttime_experience -0.3013""" 0.0330 -9.12 0.000 [ -0.3661, -0.2365]
exp_pt_sq 0.1809""" 0.0150 12.08  0.000 [ 0.1516, 0.2104]
unemployment_experience -0.1202"" 0.0187 -6.43  0.000 [ -0.1570, -0.0836]
agriculture -0.2804""" 0.0564 -5.13  0.000 [ -0.3999, -0.1788]
mining 0.3873"" 0.1516 2,55  0.011 [ 0.0901, 0.6844]
manufacturing 0.1079""" 0.0135 7.98  0.000 [ 0.0813, 0.1343]
construction -0.0656""" 0.0216 -3.03  0.002 [ -0.1079, -0.0232]
trade -0.1264""" 0.0158 -8.02  0.000 [ -0.1578, -0.0956]
transport 0.0065 0.0227 0.28 0.777 [ -0.0423, 0.0553]
bank_insurance 0.3887""" 0.0243 15.98  0.000 [ 0.3411, 0.4364]
partnership 0.1939""" 0.0109 17.65  0.000 [ 0.1724, 0.2155]
number_of_children_in_HH 0.0118"" 0.0047 249  0.013 [ 0.0025, 0.0211]
life_satisfaction 0.0289""" 0.0033 893  0.000 [ 0.0226, 0.0351]
maternity_benefit 0.0004""" 0.0001 6.68  0.000 [ 0.0003, 0.0005]
_cons 1.6255""" 0.0569 28.52  0.000 [ 1.5137, 1.7375]

Results from OLS regression for the year 2013, Dependent variable is the logarithm of hourly gross wages.

Significance levels: *¥p<0.1; ¥ p<0.05; ¥**p<0.01
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Figure A2. Significant variables from the OLS Regression 2013.
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Coefficient

Table 4: OLS Regression Results for 2014

Linear regression Nurmber of obs 16,119
F(18, 16100) 318.95
Prob > ¥ 0.0000
R-squared 0.2894
Root. MSE 0.6169

Variable Coef. Std. Err. t P |1 95% Conf. Interval
female -0.0962"** 0.0122 -7.88  0.000 [ -0.1201, -0.0723]
educ_level 0.2990*" 0.0088 34.01  0.000 [ 0.2813, 0.3158]
fulltime_experience 0.06914°** 0.0139 1.98  0.000 [ 0.0421, 0.0968]
exp_[l_sq -0.0053""* 0.0020 -2.70  0.007 [ -0.0091, -0.0014]
parllime_experience -0.1991"** 0.0220 -0.04 0 0.000 [ -0.2422, -0.1559)
exp_pl_sq 0.1109°** 0.0083 13.30  0.000 [ 0.0945, 0.1272]
uncmploymend _cxperience -0.1005"* 0.0115 -8.73  0.000 [ -0.1231, -0.0780)
agricullure -0.2188" 0.0390 -2.61  0.000 [ -0.2952, -0.1423]
mining 0.3646" 0.1381 2.614  0.008 [ 0.0934, 0.6351]
manulacturing 0.1044%*% 0.0132 7.810  0.000 [ 0.0784, 0.1305]
conslruction 010147 0.0213 -1.90  0.000 [ -0.1461, -0.0625]
trade 016517 0.0159 -10.41  0.000 [ -0.1966, -0.1344]
iransport -0.0119 0.0220 -0.51  0.588 [ -0.0551, 0.0312
bank_insurance 0.3710°"* 0.0250 14.83  0.000 [ 0.3220, 0.1204]
parinership 0.1983"* 0.0109 18.28  0.000 [ 0.1774, 0.2199]
number_ol_children_in 111 0.02337" 0.0047 5.85  0.000 [ 0.0182, 0.0366]
life_satisfactlion 0.02397" 0.0031 7.36  0.000 [ 0.0171, 0.0292]
malernity_benefit 0.0002** 0.0000 5.90  0.000 [ 0.0001, 0.0003]
_cons 1.6996" 0.0108 ALAT - 0.000 [ 16195, 1.7798]

Results from OLS regression for the year 2014. Dependent variable is the logarithm of hourly gross wages.
Significance levels: *p<0.1; ¥*p<0.05; ***p<0.01
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Figure A3. Significant variables from the OLS Regression 2014.
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Lincar regression

Table 6: OLS Regression Results for 2016

Number of obs 14,416
F(18, 14397) 312.64
Prob > I 0.0000
R-squared 0.3038
Root MSE 0.5985

Variable Cocf. Std. Err. t P |t 95% Conf. Interval
female -0.0575"" 0.0130 -4.44  0.000 [ -0.0830, -0.0321]
educ_level 0.2788""" 0.0088 3179 0.000 [ 0.2616, 0.2960]
fulltime_experience 0.0543""" 0.0087 6.22  0.000 [ 0.0372, 0.0714]
exp_ft_sq -0.00177" 0.0008 2,01 0.045 [ -0.0034, -0.0000]
partiime_experience -0.0880"" 0.0160 -5.51  0.000 [ -0.1193, -0.0567]
exp-pl_sq 0.0424™* 0.0040 10.49  0.000 [ 0.0348, 0.0508]
unemployment_experience -0.0722" 0.0068 -10.61  0.000 [ -0.0855, -0.0589]
agriculture -0.3024™ 0.0473 -6.39  0.000 [ -0.3951, -0.2096]
mining 0.2486 0.1211 2.05  0.040 [ 0.0111, 0.4861]
manufacturing 0.1039""" 0.0137 7.60  0.000 [ 0.0771, 0.1307]
construction -0.0800™ 0.0227 -3.93  0.000 [ -0.1334, -0.0445]
trade -0.1265™ 0.0160 -7.87  0.000 [ -0.1580, -0.0950]
transport -0.0273 0.0223 -1.23  0.218 [-0.0710, 0.0162]
bank_insurance 0.3654"" 0.0271 13.47  0.000 [ 0.3122, 0.4186]
partnership 0.1692"** 0.0116 14.63  0.000 [ 0.1465, 0.1917]
number_of_children_in_HH 0.0281"*" 0.0052 5.35  0.000 [ 0.0177, 0.0384]
life_satisfaction 0.0278""" 0.0033 8.42  0.000 [ 0.0213, 0.0343]
madternity_benefit 0.0002""" 0.0001 4.17  0.000 [ 0.0001, 0.0003]
_cons 16935 0.0410 41.30  0.000 [ 1.6131, L.7738]

Results from QLS regression for the year 2016. Dependent variable is the logarithm of hourly gross wages.
Significance levels: *p<(.1; ¥**p=<0.05; ***p<0.01

Significant Variable Effects on log(wage), Year: 2016
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Figure A4. Significant variables from the OLS Regression 2016.
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Table 7: OLS Regression Results for 2017

Linear regression Number of obs 16,230
F(18, 16211) 330.01
Prob = F 0.0000

R-squared 0.2978
Root MSE 0.5893

Variable Coef. Std. Err. t P> i 95% Conf. Interval
female -0.0666""" 0.0116  -5.74  0.000 [ -0.0893, -0.0439]
educ_level 0.2831""" 0.0083 3419  0.000 [ 0.2669, 0.2994]
fulltime_experience 0.0464"" 0.0057 815  0.000 [ 0.0353, 0.0576]
exp_ft._sq -0.0018""" 0.0006  -3.04  0.002 [ -0.0030, -0.0006]
parttime_experience -0.0445"" 0.0131 339 0.001 [ -0.0702, -0.0187]
exp_pt._sq 0.0241"" 0.0030 810 0.000 [ 0.0182, 0.0299]
unemployment_experience  -0.0679"" 0.0039  -17.27  0.000 [ -0.0756, -0.0602]
agriculture -0.3330"*" 0.0498  -6.69  0.000 [ -0.4306, -0.2356]
mining 0.0708 0.0842 0.84  0.401 [-0.0943, 0.2359]
manufacturing 0.1188"" 0.0125 9.51  0.000 [0.0943, 0.1433]
construction 0.1276"" 0.0214  -5.96  0.000 [ -0.1693, -0.0856]
trade -0.1333" 0.0142  -9.35  0.000 [-0.1611, -0.1052]
transport 0.0493 0.0207  -238  0.017 [ -0.0900, 0.0086]
bank_insurance 0.3762"" 0.0230  16.34  0.000 [0.3311, 0.4214]
partnership 0.1730™" 0.0101 17.12  0.000 [0.1532, 0.1928
number_of_children_in HTH ~ 0.0246"" 0.0048 505 0.000 [ 0.0150, 0.0342]
life_satisfaction 0.0353"*" 0.0033  10.69  0.000 [0. uass 0.0419)]
maternity_benefit 0.0002"*" 0.0001 402 0.000 [ 0.0001, 0.0003]
_cons 1.7035"* 0.0351 48.56  0.000 [ 1.6347, 1.7722)

Results from QLS regression for the year 2017. Dependent variable is the logarithm of hourly gross wages.

Significance levels: *p<(.1; ¥**p<0.05; ***p<0.01

Significant Variable Effects on log(wage), Year: 2017
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Figure A5. Significant variables from the OLS Regression 2017.
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Table 8: OLS Regression Results for 2018

Linear regression

Number of obs 15,841
F(18, 15822) 350.92
Prob > F 0.0000
R-squared 0.3063
Root MSE 0.5946

Variable Coef. Std. Err. t P> | 95% Conf. Interval
female -0.0380""" 0.0117 -3.23  0.001 [ -0.0610, -0.0150]
educ_level 0.2664"" 0.0080 33.12  0.000 [ 0.2506, 0.2822]
fulltime_experience 0.0549"" 0.0053 10.44  0.000 [ 0.0446, 0.0652]
exp_ft_sq -0.0017""* 0.0005 -3.44  0.001 [ -0.0026, -0.0008]
parttime_experience -0.0262"" 0.0118 -2.22 0.027 [ -0.0495, -0.0030]
exp_pl_sq 0.0186™" 0.0022 816  0.000 [ 0.0142, 0.0231]
unemployment_experience -0.05617"" 0.0036 -15.72  0.000 [ -0.0630, -0.0491]
agriculture -0.2519"° 0.0594 -4.21  0.000 [ -0.3692, -0.1346]
mining 0.0922 0.1216 0.76  0.448 [-0.1461, 0.3304]
manufacturing 0.1320"" 0.0123 10.73  0.000 [0.1079, 0.1562]
construction -0.0996""" 0.0214 -4.66  0.000 [-0.1415, -0.0577]
trade -0.0965""" 0.0158 -6.08  0.000 [-0.1277, -0.0654]
transport -0.0244 0.0312 -0.78  0.433 [-0.0856, 0.0367]
bank_insurance 0.3992""" 0.0265 15.08  0.000 [0.3472, 0.4509)
partnership 0.1817"" 0.0104 17.49  0.000 [0.1613, 0.2020]
number_of_children_in_HII 0.0247""* 0.0048 5.06  0.000 [ 0.0152, 0.0343]
life_satisfaction 0.0358"" 0.0033 10.66  0.000 [ 0.0292, 0.0424]
maternity_benefit 0.0002"* 0.0001 470 0.000 [ 0.0001, 0.0003]
_cons 1.6266"" 0.0314 47.61  0.000 [ 1.5588, 1.6926)

Results from OLS regression for the year 2018. Dependent variable is the logarithm of hourly gross wages.

Significance levels: *p<0.1; **p<0.05; ***p<0.01

Significant Variable Effects on log(wage), Year: 2018
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Figure A6. Significant variables from the OLS Regression 2018.
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Coefficient

Table 9: OLS Regression Results for 2019

Number of obs
F(18, 16053)
Prob > F
R-squared
Root MSE

Linear regression

16,072
318.23
0.0000
0.2842
0.6522

Variable Coef. Std. Err. t P [t 95% Conf. Interval
female -0.0525™" 0.0125 -4.19  0.000 [ -0.0771, -0.0279]
educ_level 0.3025""" 0.0087 34.61  0.000 [ 0.2853, 0.3196]
fulltime_experience 0.0112°° 0.0053 2,30 0.021 [ 0.0017, 0.0215]
exp_ft_sq -0.0000 0.0004 -0.04  0.970 [ -0.0008, 0.0008]
parttime_experience -0.0410""" 0.0112 -3.66  0.000 [ -0.0631, -0.0190]
exp_pt_sq 0.0144™" 0.0019 7.32  0.000 [ 0.0105, 0.0182]
unemployment_experience -0.0825""" 0.0034 -24.10  0.000 [ -0.0892, -0.0758]
agriculture 02773 0.0529 524 0.000 [ -0.3810, -0.1735]
mining 0.0293 0.2210 0.13  0.894 [ -0.4039, 0.4626]
manufacturing 0.1489" 0.0136 10.88  0.000 [ 0.1224, 0.1757]
construction -0.0052 0.0249 021 0.836 [ -0.0539, 0.0435]
trade -0.0070 0.0175 039 0.694 [ -0.0413, 0.0274]
transport 0.0214 0.0381 0.56  0.576 [ -0.0534, 0.0961]
bank_insurance 0.4316™" 0.0278 15.47  0.000 [ 0.3766, 0.4866]
partnership 0.1904™"" 0.0114 16.63  0.000 [ 0.1679, 0.2128]
number_of_children_in HH 0.0249™" 0.0052 477 0.000 [ 0.0147, 0.0352]
life_satisfaction 0.0377""" 0.0038 9.76  0.000 [ 0.0301, 0.0452]
maternity_benefit 0.0000™"" 0.0000 294  0.003 [ 0.0000, 0.0000]
_cons 1.7890"" 0.0386 46.29  0.000 [ 1.7132, 1.8646]

Results from OLS regression for the year 2019. Dependent variable is the logarithm of hourly gross wages.

Significance levels: *p<0.1; **p<0.05; ***p<0.01

Significant Variable Effects on log(wage), Year: 2019
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Figure A7. Significant variables from the OLS Regression 2019
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Linear regression

Table 10: OLS Regression Results for 2020

Number of obs
(18, 16682)
Prob > F
R-squared
Root MSE

16,701
323.82
0.0000
0.2644
0.6693

Variable Coef. Std. Err. t P> |1 95% Conf. Interval
female -0.0752" 0.0125 -6.02  0.000 [ -0.0998, -0.0507]
educ_level 0.2662""" 0.0079 33.82  0.000 [ 0.2507, 0.2816]
fulltime_experience 0.0587"" 0.0046 12.67  0.000 [ 0.0496, 0.0679)
exp_ft_sq -0.0024""* 0.0004 -6.72  0.000 [ -0.0031, -0.0017]
parttime_experience -0.0030 0.0101 -0.29  0.769 [-0.0229, 0.0169]
exp_pt_sq 0.0105"" 0.0016 6.42  0.000 [0.0073, 0.0137]
unemployment_experience -0.0551""* 0.0027 -20.03  0.000 [ -0.0604, -0.0497]
agriculture -0.2036"" 0.0583 -3.49  0.000 [-0.3179, -0.0894]
mining -0.0727 0.1371 -0.53  0.596 [-0.3415, 0.1961]
manufacturing 0.1169™"" 0.0146 7.96  0.000 [ 0.0882, 0.1457)
construction -0.0749""* 0.0255 -2.93  0.003 [ -0.1250, -0.0248]
trade -0.0598""* 0.0189 -3.15  0.002 [ -0.0970, -0.0226]
transport -0.0290 0.0378 -0.77  0.442 [ -0.1033, 0.0451]
bank_insurance 0.4085™"" 0.0314 12.99  0.000 [ 0.3469, 0.4701]
partnership 0.1976™"* 0.0115 17.08  0.000 [ 0.1749, 0.2203]
number_of_children_in_ HH 0.0197""" 0.0053 3.69  0.000 [ 0.0092, 0.0302]
life_satisfaction 0.0192™" 0.0036 5.32  0.000 [ 0.0121, 0.0263]
maternity_benefit 0.0000""* 0.0000 4.10  0.000 [ 0.0000, 0.0001]
_cons 1.8445™" 0.0343 53.67  0.000 [ 1.7771, 1.9118]

Results from OLS regression for the year 2020. Dependent variable is the logarithm of hourly gross wages.

Significance levels: *p<0.1; ¥*p<0.05; ***p<0.01
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Linear regression

Table 11: OLS Regression Results for 2021

Number of obs 10,115

F(18, 10096) 139.03
Prob > F 0.0000
R-squared 0.2025
Root MSE 0.7092

Variable Coef. Std. Err. t P |t 95% Conf. Interval
female -0.0614"" 0.0169 -3.62  0.000 [ -0.0946, -0.0282]
educ_level 0.2149"" 0.0109 19.65  0.000 [ 0.1935, 0.2364]
fulltime_experience 0.0401"" 0.0061 6.54  0.000 [ 0.0281, 0.0521]
exp_ft_sq -0.0015™" 0.0004 -3.59  0.000 [ -0.0023, -0.0006]
parttime_experience -0.0055 0.0124 -0.45  0.652 [ -0.0299, 0.0187]
exp_pt_sq 0.0063"" 0.0018 347 0.001 [ 0.0027, 0.0099]
unemployment_experience -0.0542™* 0.0035 -15.29  0.000 [ -0.0611, -0.0472]
agriculture -0.2284"" 0.0863 2.65  0.008 [ -0.3975, -0.0593]
mining 0.3055 0.3005 1.02  0.309 [ -0.2836, 0.8947]
manufacturing 0.0832""" 0.0207 4.01  0.000 [ 0.0426, 0.1233]
construction -0.0420 0.0354 -1.19 0.234 [-0.1113, 0.0273]
trade -0.1378"™" 0.0279 -1.94  0.000 [ -0.1925, -0.0831]
transport -0.0608"" 0.0514 -1.18  0.238 [-0.1616, 0.0040]
bank_insurance 0.3629"" 0.0363 9.98  0.000 [ 0.2016, 0.4341]
partnership 0.1960"" 0.0155 12.64  0.000 [ 0.1656, 0.2264]
number_of_children_in_HIT 0.0055 0.0075 0.74  0.457 [ -0.0092, 0.0203]
life_satisfaction 0.02017 0.0047 426 0.000 [ 0.0108, 0.0294]
maternity_benefit 0.0000™** 0.0001 2.25  0.024 [ 0.0000, 0.0000]
_cons 21402 0.0471 4541 0.000 [ 2.0478, 2.2326]

Results from OLS regression for the year 2021. Dependent variable is the logarithm of hourly gross wages.

Significance levels: *p<0.1; **p<0.05; ***p<0.01

Significant Variable Effects on log(wage), Year: 2021
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Figure AS. Significant variables from the OLS Regression 2021.

46



