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Abstract

The impact of technological change and the extent to which labor markets are
increasingly polarized are actively debated in current research. However, we know
little about the effect of these structural changes on the dynamics of the gender wage
differentials. Using administrative panel data for Germany, this paper analyzes the
changes in the structure of employment and wages trajectories across occupations, to
investigate how technological change has affected the gender wage gaps. My results
show that the effect of gender segregation has mostly benefited female workers, con-
tributing to narrow the gender gap. This is mostly explained by the fact that men
are overrepresented in manual routine occupations, which leave them more exposed
to automation of work, but also because women increased their employment in cog-
nitive non-routine occupations. However, this effect has been offset by wage changes
within occupations. I find that the wage gains over time for male workers have
been larger than those for females within the cognitive groups. This explains why,
although women have been less exposed to the automation of work and increased
their employment in non-routine high-pay occupations, technological change did not
lead to greater reductions in the gender wage gap.
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1 Introduction

There is an intense debate worldwide on the impacts of technological progress on labor
markets. One of the most documented consequences of these structural changes is the
relocation of employment from routine work to non-routine tasks. To the extent that
these routines are based on well-defined rules and procedures, they can be carried out by
a computer running a program (automation), reducing demand in medium-grade occupa-
tions, a phenomenon that has been called routine biased technological change (RBTC).!
This has led to a growing literature investigating the effect of technological change on
inequality and the extent to which labor markets are increasingly polarized (Autor et al.,
2003; Goos et al., 2009; Autor et al., 2008). However, we know little about how these
structural changes have affected the dynamics of the gender wage differentials.

This paper aims to investigate the link between changes across occupations associ-
ated with the technological change and the gender wage gap. Although these structural
transformations are in principle “gender-neutral”, they might have had relevant implica-
tions for the evolution of gender wage disparities if men and women have different labor
supply patterns across occupations that were differently affected by technological change.
With the advancement of automation, the occupations that lost the most in terms of
employment and wage returns are traditionally male industrial-goods-producing occupa-
tions, which have a high content of routine tasks. In this context, by looking at the
employment structure, a recent literature suggests that female workers have relatively
benefited from technological change. For example, Ngai and Petrongolo (2017) identify
the reallocation of labor from goods to service industries as a primary driver of the rise
of female relative hours of work and wage gains. Moreover, some authors suggest that
this was favored by women’s comparative advantages in the use of communication and
interpersonal skills, that cannot be easily automated (Cortes et al., 2018; Black and Spitz-
Oener, 2010; Borghans et al., 2014). As these social skills are increasingly valued in the
labor market, women experienced large rises on the probability of working in a cognitive
high-wage occupation. Despite this, the convergence in the gender wage gap stagnated in
the last decades (Blau and Kahn, 2017; Olivetti and Petrongolo, 2014), putting in ques-
tion the extent to which the impact of technological change on occupational wages has
been favorable to female workers.

This paper uses administrative panel data for West Germany to investigate how
changes in wages and in the employment structure across occupations associated with
technological progress have affected the gender wage gap. The German labor market

presents a particularly interesting case. First, Germany has one of the highest and most

'While the literature has provided different explanations for polarization patterns, Goos et al. (2014)
find that for European countries, RBTC is much more important than offshoring.



persistent gender wage gaps among developed countries (Olivetti and Petrongolo, 2017),
and it is one of the high-income countries that experienced the largest increases in female
labor force participation in recent decades.? Moreover, the changes in the composition
of female employment show a shift towards high-wage occupations, in line with a fe-
male labor force that is relatively more educated than before, which should have allowed
women to benefit from the increased skill returns. Secondly, having a large industrial sec-
tor, the effect of technological change on the employment structure has been remarkable
(Dustmann et al., 2009; Spitz-Oener, 2006). In fact, Dustmann et al. (2009) find that
technological change is an important driving force behind the widening of the wage distri-
bution observed since the 1990s.> With wages in traditional male industrial occupations
falling we would expect to see reductions in the gender wage gaps in recent decades, yet
these gaps have stagnated since the 1990s.

The main substantive contribution of this paper is to investigate why is it that the large
wage gains that are observed in the occupations in which women are increasingly employed
in detriment of male dominated occupations have not led to a further reduction in the
gender wage gap. To shed light on this question I study the effect of technological change
on the wage gap dynamics by analyzing the role played by occupational sorting of male and
female workers and the differential changes in wage trajectories across occupations that
were differently affected by RBTC. More specifically, I estimate changes in occupation-
specific wage premiums, which are defined as the component of the worker potential wage
that is common to all workers in each occupation group in a given year, after accounting
for the effect of occupation-specific returns to the individual’s skills. Then I investigate
how these differential changes in wage premiums for male and female workers affect the
gender wage gap given their sorting across occupation groups.

To estimate time-varying occupation wage premiums I follow the panel data approach
developed by Cortes (2016). The advantage of this empirical method is that it allows
to control for the self-selection of workers into occupations based on observable and un-
observable individual characteristics, therefore addressing concerns related to the effect
of endogenous selection into occupations. My main dataset is the German Sample of
Integrated Labour Market Biographies (SIAB), which is particularly suitable for assessing
the effect of technological change over time on wage trajectories, as it allows us to track
individual labor biographies over the entire career. I combine this database with survey

information on task content of jobs to characterize the occupations in which individuals

2According to OECD (2017) it increased from 38.6% in 1970 to 55.6% in 2016.

3They show that technology does not simply increase the demand for skilled labor relative to that
of unskilled labor, but instead asymmetrically affects the bottom and the top of the wage distribution.
While during the 1980s the increase in wage inequality was concentrated at the top of the distribution,
in the 1990s it occurred at the bottom as well. They find that polarization also affected female workers,
however, they restrict the analysis of the rising wage inequality to male workers.



are employed. I consider a classification of five broad occupation groups, which is based
on the nature of the tasks mainly involved, distinguishing between tasks which can be
automated, and tasks that require analyzing or interacting with others, and where tech-
nology often complements work. These occupation groups are: analytical non-routine
(e.g. engineers and researchers), interactive non-routine (e.g. managers and teachers),
cognitive routine (e.g. secretaries and clerical workers), manual routine (e.g. assemblers),
and manual non-routine (e.g. cleaners and repairing service).

My results show that the effect of the gender segregation across occupations has mostly
benefited female workers, contributing to narrow the gender wage gap. This is explained
both because men are over represented in manual routine occupations (mainly industrial
blue-collar occupations), which leave them more exposed to automation of work, and be-
cause women have moved out of manual routine work, moving to better paid cognitive
non-routine occupations. However, the effect of these structural changes on the conver-
gence of the gender wage gap was attenuated by the fact that wage growth for female
workers within those occupations that were most favored by technological change was
lower than that of men. By estimating gender-specific changes in wage premiums across
occupations, I find that the premiums for males grew more rapidly than those for fe-
male workers within cognitive non-routine occupations and that these within-occupation
differences in wage premiums growth largely dominate the compensating effect of gender
differences in sorting across occupations. From 1992 to 2010 the gender gap in occupation
premiums rose on average by 14 log points. This result implies that absent these gender
differences in the changes of occupation premiums over time, the gender wage gap would
have declined by 35% of the 1992 wage gap, rather than the 10% that we observe.

The estimated changes in wages over time might reflect both the effect of technological
advances as well as life-cycle effects. To separately investigate these two effects and
understand how different generations of workers were affected by technological change,
I estimate changes in the wage premiums over the work-life for four cohorts of workers
born between 1945 and 1965. 1 find that the divergence in wage premiums changes across
occupations is more accentuated for the most recent cohorts. This finding holds for both
male and female workers and it indicates that these structural changes are more important
for younger generations, which suggest that this effects are not likely to be reverted in
the near future. These differences in occupational wage growth might partly explain
the observed trends in increasing overall inequality across generations (Card et al., 2013).
Furthermore, my estimates show that differences in wage growth across occupations might
play an increasingly influential role in the age-related widening of the gender wage gap, as
the average gender differences in wage premiums growth over the work-life are also larger

for the most recent cohorts.



The causes of the stagnation in the narrowing of the gender wage gaps are actively de-
bated in current labor market research. After prolonged gender convergence in education
and experience, the explanatory relevance of human capital variables has decreased. On
the contrary, despite the occupational upgrading of women relative to men, occupational
structure remains an important factor in explaining the gender wage gaps (Goldin, 2014;
Goldin et al., 2006). For example, Blau and Kahn (2017) based on an Oaxaca-Blinder
decomposition for the US, find that occupation and industry are now the single largest
measured variables accounting for the gender pay gap: they accounted for 20% of the
gap in 1980 and for 51% of the (smaller) 2010 gap. The picture is qualitatively similar in
the UK, where Petrongolo and Ronchi (2020) find that industry and occupation controls
jointly explain 44% of the 2017 wage gap. This suggests that structural changes that alter
the employment structure, the skills required, or the wages paid across occupations might
be relevant factors to understand the evolution of the wage gap.

In this context, this paper is related to a strand of literature focusing on the effect
of structural changes across occupations on the gender wage gaps. The skill-biased tech-
nological change that induced high-educated women to enter the labor market (Cerina
et al., 2017; Vivian, 2019), combined with the reallocation of labor from goods to service
industries, are identified by this literature as primary drivers of the rise of female relative
hours of work and wage gains (Ngai and Petrongolo, 2017), suggesting that female work-
ers were relatively benefited by technological progress. Moreover, focusing on the task
composition of occupations, some studies suggest that this process was favored by women
having a comparative advantage in occupations entailing non-routine interactive tasks
(Borghans et al., 2014; Cortes et al., 2018), in line with a recent experimental literature
highlighting some gender differences in social attitudes such as altruism, fairness and car-
ing behavior (see Azmat and Petrongolo (2014) for a review). In particular, my paper is
closely related to Black and Spitz-Oener (2010), which focus on low and medium educated
workers in West Germany and analyze changes in the task composition of the work of
men and women between 1979 and 1999. They show that women have witnessed relative
increases in analytic and interactive tasks within occupation and industry cells, and a
strong decline in routine tasks, which they interpret as a positive effect of technological
change on female workers relative to males. In line with them, I find that medium-skill
male workers were those most affected by technological change, as my estimates show
decreasing wage premiums over all the period in manual routine occupations (in which
men are over-represented). However, I find that the wages for male workers grow more
rapidly than those of female workers within high skilled non-routine occupations. More-
over, the effect is strongest for most recent cohorts, which suggest that women still face

some constrains that did not allow them to benefit from the increased overall wage returns



in the upper part of the skill distribution.

These results are in line with recent work by Cortes et al. (2020) who, using sur-
vey data for Portugal and the US find that while women have been less exposed to the
automation of work, at times they have reallocated to jobs with lower wage levels, and
therefore technological change has not always led to declining wage gaps. My paper con-
tributes to this literature showing that female workers show flatter (gender-specific) wage
premiums trajectories than males within non-routine analytical and interactive occupa-
tions, which explains why despite gaining participation in these increasingly valued tasks,
technological change has not led to further reductions in the gender wage gap. Moreover,
by using individual administrative data and focusing on the wage changes over time across
occupations associated with advancing technology, this paper contributes to close a gap
in the literature, which has generally investigated the effect of RBTC in the labor market
at an aggregate level, relying on cross-sectional comparisons of occupational composition
of employment across decades.?

The remainder of the paper is structured as follows. Section 2 introduces the empirical
approach. Section 3 presents the data and discusses some descriptive evidence on labor
market trends in wages and gender composition of employment across occupations. In
Section 4 I present the main results on the gender differences in the changes in occupation
premiums and the contribution to explain the wage gaps trajectories, while in Section 5
I investigate changes over the life-cycle and potential cohorts effects. Section 6 conducts
a series of robustness checks on the results. Next, Section 7 discusses further evidence
that provides some insights on why wage gains for men grow more rapidly than those of

females within the same occupation groups. Lastly, Section 8 concludes.

2 Empirical approach

2.1 Estimation of gender-specific time-varying occupational wage

premiums

To estimate the effect of RBTC on wage changes, 1 follow the empirical approach devel-
oped by Cortes (2016), who developed a method for the unbiased and consistent estima-
tion of changes over time in occupational wage premia after controlling for selection into
occupations based on observable and unobservable individual characteristics.

The underlying theoretical model assumes that there is a continuum of workers, who

differ in terms of their skill levels. There is perfect information and workers sort en-

4Notably exceptions to this are Cortes (2016) for the US and Bachmann et al. (2019) for Germany.
Both focus on male workers who are initially in routine jobs and analyze their wage trajectories and
mobility patterns both as stayers and switching-out of routine occupations.



dogenously into one of the broad occupation groups. In this paper I consider five broad
occupation groups: analytical non-routine (ANR), interactive non-routine (INR), cogni-
tive routine (CR), manual routine (MR) and manual non-routine (MNR).® Occupational
sorting is driven by comparative advantage (as in Gibbons et al., 2005). Workers of higher
skill levels are more productive at all tasks, but particularly so at more complex tasks.
Potential wages for each worker in each occupation are the product of the competitively
determined wage per efficiency unit in that occupation and the number of efficiency unit
supplied by the worker. In equilibrium, there would be endogenously determined skill
thresholds that determine the optimal selection into occupations for each worker. That
is, according to his individual skill level each worker will select into one of the five occu-
pation groups so that the least skilled workers find it optimal to select into the manual
non-routine occupations, while the most skilled workers into analytical non-routine occu-
pations. The cutoffs are determined in equilibrium so that the marginal workers have no
incentives to relocate between task-occupational groups. The demand for cognitive non-
routine occupations is relatively low, making optimal only for the most skilled workers
to select into these occupations (where they are much more productive), while the least
skilled workers are attracted to the manual non-routine occupations (as their extra pro-
ductivity in the other tasks is relatively small). The equilibrium distribution implies that
wages will be on average lowest among manual non-routine workers and highest among
cognitive non-routine (which is consistent with the data on Germany).

From this model, the potential wage for an individual of skill level z; in occupation
j (where j= {ANR,INR,CR, MR, MNR}), consist of an occupation wage premium,
which is common to everyone in the occupation, and on the individual’s occupation specific
productivity. Assuming that productivity is log-linear in skills, we have the following

equation for the potential log wage for individual ¢ in year t:

Wit = O + 204 (1)

where 0, is the occupational wage premium in occupation j at time ¢, z; is the skill
level of individual 7 and a; may be interpreted as an occupation-specific return to skills.
These returns to skills (a;) vary across occupations, and following the assumptions of
comparative advantage from the model, we assume that they are highest in cognitive
non-routine occupations and lowest in manual non-routine. Then, there will exist critical
values of the skill levels (z;) that would lead workers of different abilities to self-select into
the occupations where each of them can have the highest return, determining an efficient

assignment of workers to occupations.

5The details on the classification of detailed occupations on these broad groups, which are based on
the nature of the tasks involved, are given in Section 3.



In the equation to be estimated empirically, the observed wage will depend on the

occupation in which the individual is employed:

Wiy = ZDijtejt + ZDz’jt%j + Ut (2)
j j

where D;j; is an occupation selection indicator that equals one if individual 7 selects
into the occupation j at time ¢, and ;; = z;a;, which can be interpreted as an occupation-
spell fixed effect for each individual. Initially I will assume that individual skills (z;), as
well as the return to skills (a;) are time-invariant, that is, fixed over their lifetime. Then,
~vi; varies across occupation spells but it stays constant whenever an individual stays in
the same occupational category.

Because individual’s skills and the occupation-specific returns to skills are not varying
over time, occupational mobility will be driven exclusively by changes over time in the
occupation premiums. Then, this model assumes comparative advantage in the sorting
into occupations, but mobility is exogenous (driven by RBTC). Workers who do not find
it optimal to switch occupation experience a wage change equal to the change in the
wages per efficiency unit in their optimal occupation. The identifying assumption is that
selection into occupations only depends on occupation fixed-effects and individual worker’s
ability. That is, conditional on these two elements, selection into each occupation group
is random: E(uy|Djjt, 2:,0;) = 0.7 In practice the occupation-spell fixed effect will
capture not only individual ability or skills, but also wage effects of all time-invariant
characteristics of the individual that affect wages within the occupation spell.

These assumptions rule out dynamic effects, such as workers learning about their abil-
ity over time or that individuals move from learning occupations to earning occupations.
In the latter case, individuals first accumulate experience/human capital but earn lower
wages; they then switch over their career to high-wage occupations to reap the benefits of
their investment. In the robustness section (Section 6) I relax some of the assumptions,
introducing changing returns over time to education (that is an observable component
of the ability) and occupation-specific tenure profiles, which allows for heterogeneous re-
turns to occupational tenure. That is, the possibility that the tenure profile is steeper in

non-routine analytical and interactive occupations than in routine ones.

Tn Section 6 I allow for occupation-specific tenure profiles. Then, the individual’s occupational choice
will also depend on his/her tenure in the current occupation.

TCortes (2016) recognizes that in practice occupational mobility is affected by search frictions that
restrict workers from immediately selecting into the most convenient occupation in each year. In this
sense, the identifying assumption would be that conditional on occupational fixed-effects and individual
worker’s unobserved ability selection into occupation is only driven by a search friction that is orthogonal
to ability or other wage determinant. If this assumption holds, the coefficients in equation (2) are
consistently estimated.



I am interested in allowing occupation wage premia to differ by gender, that is, esti-
mating gender-specific wage premiums for each occupation group. With this objective, I
incorporate an interaction between the year-occupation fixed effects and a dummy that

takes value one for female workers (fem;). The regression being estimated is therefore:

Wi = ZDijtejt + ZDithjt fem; + ZDz‘jt%‘j + Xitd + wit (3)
J J J

where I have also added a vector of additional variables, X;, which include year fixed
effects and a set of controls: dummies for region of work at the federal state, experience

and a dummy that takes value one if the individual is a German national.®
I define 0}/ = 0, and 0, = 0, + (;; as the occupation-year fixed effects for male
and female workers respectively. In the estimation standard errors are clustered at the
individual level. This equation can be consistently estimated using fixed effects at the
occupation-spell level for each individual, that is, using a fixed effect for each individual
in each occupation in which he/she is observed in. 9% and Oﬁ are estimated through
interactions of occupations and year dummies. The omitted category is the manual non-
routine for male workers. The inclusion of year dummies captures changes over time
that affect workers in all occupations. Because of the inclusion of the occupation-spell
fixed effects, the occupation-time fixed effects are identified only from variation over time
within occupation spells. Therefore the estimates 6%y, 09y 0% and 69, with
g = {M, F} should be interpreted as a double difference: they identify changes over time
in the occupational wage premium relative to the base year and relative to the changes

experienced by the base category (manual non-routine male workers).

2.2 The role of changes in occupation premiums for explaining

the gender wage gaps

Using the estimated changes in the occupation-year fixed effects coming from equation (3),
[ analyze the role of occupation premiums for the gender wage gap. Denoting £ [é]]‘f |male]
as the average change in the wage premium received by men in occupation j, that is,
weighting the occupation premiums by the male distribution of employment across oc-
cupations, and E [éﬂ female] as the average change in the wage premium received by
women in occupation j, the difference between male and female average change in wage

premiums is given by the following equation:

81t is assumed that these control variables are orthogonal to the measurement error w;; and that their
effects are not occupation-specific.



Gap 92 =F [éﬁqmale} - F [éﬂf@m&le} = Zs%é% — Zsﬂéﬁ (4)
J J

where s}/ and sf, are the proportion of male and female workers employed in occupa-
tion j in year t.°

Two complementary channels determine how changes in occupation-specific wage pre-
miums affect the gender wage gap: a composition or sorting across occupations channel
and a component that measures gender differences within occupations. The first channel
takes place if women are less likely to be employed at higher-wage occupations, while the
within occupation differences arise if women obtain a smaller occupation premium than
men for the same occupation group.

To analyze the relative importance of these two explanatory channels, T follow the
approach of Card et al. (2016), who perform a Oaxaca-Blinder decomposition (Oaxaca,
1973; Blinder, 1973):!°

Gap 92 =F [é% - éﬁ]male} +FE [éﬁ\male] —-F [éﬁ]female} (5)

=F [é% — éﬁ\f@male} +FE [é%]male} -F [é%[female} (6)

The first term in equations (5) and (6) is the average within occupation effect, calcu-
lated by comparing the changes in the occupation premiums for male and female workers
across the distributions of occupations held by men (5) or by women (6). It measures by
how much the gender wage gap would change if women received the same change in the
occupation premium as men. The second term is the sorting across occupations compo-
nent, that measures by how much the gender wage gap would change if women had the
same distribution across occupations than men, weighted by the change in the female (5)
or male (6) occupation effects.

Summing up my empirical approach, I first estimate overall changes in the wage premi-
ums across occupations and analyze its implications on the average change in the gender
wage gap; secondly, I estimate gender-specific wage premiums and decompose the aver-
age gender gap in occupation premiums into two explanatory channels: sorting-across-

occupations and within-occupation differences. 1 perform this analysis for the whole

9The gender gap in the estimated occupation premiums (Gap éjt) is invariant to which occupation
category is used as reference.

10This decomposition is inspired on Card et al. (2016), who proposed a similar approach to decompose
the differences in male and female firm premiums, obtained from and AKM model (Abowd et al., 1999),
into sorting across firms and bargaining power components.



sample of male and female workers from 1975 to 2010, as well as in two sub-periods, and
on the other hand, I estimate changes over time in the occupation premiums separately

for four cohorts of workers.

3 Data and descriptive overview

3.1 Administrative data on labor market biographies

The data basis of this paper is the weakly anonymous Sample of Integrated Labour Market
Biographies (SIAB) 1975 - 2014.1* This large administrative dataset for Germany is a two
percent random sample drawn from the Integrated Employment Biographies (IEB) of the
Institute for Employment Research (IAB). The data on labor market biographies consists
of mandatory notifications made by employers to social security agencies, and therefore
they contain information of jobs subject to social security contributions. This means that
self-employed individuals, civil servants, and family workers are not included. For this
reason, this data set represents approximately 80 percent of the German workforce.

In this study I focus on the period 1975-2010.'2 The data set provides information
about the characteristics of the jobs held by workers and about some of their personal
characteristics. In particular, it contains information on gross daily wage, the number
of days worked in a given year, the type of contract (whether full-time or part-time),
the region of work (federal and district levels), the educational level, the gender and the
year of birth, among others. For each worker in the dataset it contains an establishment
identifier which can be used to match with information coming from the establishment side
of the dataset. The STAB tracks individual over time, making it possible to document
all transitions between employment and non-employment, as well as direct job-to-job
transitions using the establishment identification number.

Administrative data have several advantages, like a large number of observations, no

non-response burden and no problems with interviewer effects or survey bias.'> While

HSee Antoni et al. (2016) for details on data documentation.

12Even though the data contains information up to 2014, the reason I consider the period 1975-2010 is
that since 2011 a new occupation code was introduced, which imply some changes in the way the data
on labor histories was reported. The new occupation code in 2011 led to a number of problems. For
example, during the transition period granted to employers in the social security notification procedure,
there was a temporary increase in the number of missing details, which had to be solved by imputing
the missing values (see See Antoni et al. (2016)). One of the most relevant changes is the switch from
the Classification of Occupations 1988 (Klassifikation der Berufe 1988 - KIdB 1988), to the KldB 2010.
Although employment notifications after 2011 (K1dB2010) are recoded to the KIdB1988 by transferring
the key area, it results in substantial inaccuracies. Given the relevance that the occupational classification
has for this study, I consider the period until 2010.

13Compared to popular survey data sets like the SOEP, the main advantages of the the SIAB are its
large size, the long period it covers, the almost complete absence of panel mortality or attrition and the
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the data is virtually free from measurement errors, there are two major shortcomings.
First, these data are right-censored at the contribution assessment ceiling for the pension
insurance. In Germany, employees contribute a share of their gross wage to the mandatory
pension system up to a wage ceiling. As a result, information about wages in the STAB
is top-coded or right-censored at the upper limit of the social security system. In order
to better approximate the true distribution of top earnings, I impute the wages of the
individuals affected by top coding by using the heteroscedastic single imputation approach
described by Biittner and Rissler (2008).' The second disadvantage is that it does not
contain precise information on the number of hours worked. We only know if an individual
is working part-time or full-time, defined as working at least 30 hours per week. Therefore,
I restrict my main analysis to full-time workers so that wages are comparable. As the
wage variable I use the daily wage, transformed into real daily wage at prices of 2010

° Excluding part-time workers from the analysis

by using the Consumer Price Index.!
might be a concern since part-time work is quite frequent in Germany, notably for female
workers. Therefore, in Appendix B I conduct a robustness check extending the analysis
to include part-time workers. For that extension I used data from the German Socio
Economic Panel (GSOEP) which contains information on hours worked and allows me
to obtain an approximate hourly wage respectively for part-time and full-time workers in
the SIAB data.

The data set contains information on school leaving qualification and vocational train-
ing.'® Using these variables I create a variable for the skill level. The low skill level
comprises individuals with a lower secondary, intermediate secondary or upper secondary
school leaving certificate but no vocational qualifications. The medium skill level includes
those with a lower secondary, intermediate secondary or upper secondary school leaving
certificate and a vocational qualification. The high skilled encompasses all employees who
have a degree from a university of applied sciences (Fachhochschule), technical college
degree or university degree.

My sample is composed of male and female workers between 25 and 55 years old in
West Germany for the period 1975-2010, excluding apprentices and marginal part-time

employees.!” For the analysis, I create a dataset that contains one observation per year

reliability of the core variables like date and length of spells and wages (Fitzenberger et al., 2005).

QOne of the advantages of the method they propose is that it does not presume homoscedasticity of
the residuals. The estimation of imputed wages is conducted separately for each gender and year (more
details are presented in the Appendix).

15German Federal Statistical Office. https://www.destatis.de

16See Appendix C for more details on education variables and the imputation of missing.

"Information on East Germany is available since 1992 in the SIAB. However, as I include the pre-
unification period in the analysis, I restrict the sample to West Germany to have a consistent sample.
Marginal part-time employees are included in the data from 1999 onward. 13.8% of the observations
are below the marginal part-time income threshold. I exclude them from my sample (for this I used the
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per worker. In the cases where there are overlapping observations for the same period
and worker, I keep the job that has the highest wage. When there is more than one
observation per worker in the same year (different periods) in different establishments, I
keep the observation that correspond to the longest period, that is, the one with highest
number of days worked in that year.

Table 1 records summary statistics for the sample of analysis. I have 7,102,028 person-
year observations for men and 4,761,753 for women, which correspond to 565,230 indi-
viduals for men and 446,612 female workers. There is almost no difference in mean age
between men and women (39 years old), and in experience (almost 12 years on average).'®
Most of the individuals in the sample are German nationals (89% of men and 92% for
women). 33% of the women are part-time workers compared to only 2% of men. Most of
the individuals (around 75%) have medium level skill education (qualified), that is, have
at least a vocational qualification. 15% of the men and 11% of the women are highly

qualified, that is, have a university or technical university degree.

3.2 Occupation groups based on task content of occupations

The classification of occupations that I use in this paper follows the classification devel-
oped by Spitz-Oener (2006), which is based on the task content of occupations. The term
task refers to activities that individuals have to perform in their work. The task based
approach (TBA) provides a conceptual basis for the comparison of different occupations,
allowing to reduce the complexity of theoretically distinguishable dimensions of tasks to
a few key dimensions that are most important for relevant research questions. Focusing
on occupations groups classified based on the TBA has become standard in the litera-
ture, which is partly justified by the fact that many skills are occupation-specific (see for
example Gathmann and Schénberg (2010)).

In Germany, the operationalisation first proposed by Spitz-Oener (2006) of the task-
based framework (introduced by Autor et al. (2003)) is usually applied. Instead of expert
evaluations, this approach is based on survey-based information on tasks that individuals
do in their jobs. She proposes a five-task dimension classification: 1. Analytical non-
routine (e.g. researching and analyzing), 2. Interactive non-routine (e.g. managing and

teaching), 3. Cognitive routine (e.g. calculating and bookkeeping), 4. Manual routine

values provided by the FDZ for the marginal part-time income threshold in each year and exclude the
observations where the wage is above these values). I follow Dustmann et al. (2009) in excluding spells
of workers in apprentice-ship training. Given that the ultimate focus is on the prime-aged population
(25-55 years old), information loss due to dropping apprentices is negligible.

BWorking experience is measured as the difference between the date of the observation and the date
in which the individual has his /her first register as worker in the data (first day of work), divided by
365.24 to express it in years.
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(e.g. operating machines), and 5. Manual non-routine (e.g. serving and repairing).

The distinction between routine and non-routine tasks refers to the fact that routines
are based on well-defined rules and procedures, and therefore could be potentially car-
ried out by a computer that executes a program (automation). Analytical refers to the
necessity to think and analyze during work, whereas interactive denotes the need to com-
municate with others by oral or written means, ranging from dealing with co-workers or
clients to complex interactive activities such as counseling, educating or teaching (Spitz-
Oener, 2006).

To operationalize the task categories, I use data on tasks coming from the Qualification
and Career Survey, which is a survey of employees carried out by the German Federal
Institute for Vocational Training (BIBB). It includes six cross sections launched in 1979,
1985/86, 1991/92, 1998/99, 2006 and 2012, each covering a representative sample of
about 30,000 workers (men and women). From these data I use worker self-reports on the
tasks involved in their present job from a given list of activities. These tasks have been
changing across waves. In order to create a task intensity measure that is consistent over
time, I followed previous work and merged some of the activities in order to deal with the
changing definitions of the variables and to maintain a total number of activities which is
similar in each survey. I arrived to 17 longitudinally consistent tasks, and classified them
into the five dimensions proposed by Spitz-Oener (2006) (see Table C.1 in the Appendix).

To construct a single measure of the different tasks performed by individuals it is nec-
essary to calculate an index of task intensity. In previous work, two different task intensity
measures were developed using these data. Spitz-Oener (2006) proposed an index of “task
intensity”, which determines the degree to which a single task dimension is necessary, to
perform a specific occupational activity when compared to another occupational activ-
ity. Antonczyk et al. (2009) developed an index of “task composition”, which specifies
the shares of the different tasks in an individual’s occupational activity. These indices
are sensitive to the number of task variables included. Rohrbach-Schmidt and Tiemann
(2013) discuss the sensitivity of using different approaches to aggregate the multiple ques-
tions related with tasks in the BIBB data across waves into time-consist variables and on
how to classify them into the five broad groups.

I calculate both indices and take means of each category at the occupational level (3
digits of Kldb 1988) in order to be able to classify occupations in the STAB data. The
final classification is based on the highest value of each index at the occupational level
(more details are presented in Section C of the Appendix). Tables C.5 to C.8 in the
Appendix contain the detailed mapping of occupations into the task-based occupation
categories. Contrary to Black and Spitz-Oener (2010) that use BIBB data to update task

intensities and obtain time varying task-intensity on occupations and industry cells, in
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this paper I consider a task-based classification of occupations that is fixed over the period
of analysis, as the main interest is to characterize the nature of occupations, and analyze
gender differences in changes on wage premia and employment across occupations.
Figure 2 shows the evolution of the mean logarithms of real daily wage for full time
workers by occupational group. As expected, we can see that according to this classifica-
tion, analytical non-routine are on average high wage occupations, followed by interactive
non-routine. Cognitive routine occupations are middle-wage, and manual occupations
are low-pay (manual non-routine is the lowest-pay occupation for women). For each of
these occupational groups the mean of the wage levels is always lower for female workers
than for males. Along the period 1975-2010, the mean in log real wage in all cognitive
occupations show a growing tendency for both men and women. For manual occupations,

on the contrary, it grows until 1990 and then shows a slight decrease.

3.3 Trends in gender wage gaps and occupations

Before investigating the changes in occupation premiums over time, this subsection dis-
cusses the major trends in the evolution of employment and wages across occupations.
In Table 1 we can observe a markedly segregation by gender across occupational groups.
In this period, on average half of the men in the sample are employed in manual rou-
tine occupations (52%) compared to only 14% of women. Women are mostly employed
in cognitive routine occupations (39%) and manual non-routine (31%). Considering the
high skilled cognitive occupations, men are more represented in analytical (14% vs. 4%
for women), while women are more represented in interactive (12% vs 8%)."?

Figure 1 shows the variations in employment shares for each group over the period
1975-2010, and in two sub-periods to see how these patterns differ over time. The cumu-
lative long-run change shows a sharp decline, of about 15% in the share of manual routine
occupations for both men and women. For men, the decline in the share of manual rou-
tine was compensated by an increase in the share of workers in the other categories, and
in particular in both extremes of non-routine occupations: analytical non-routine and
manual non-routine. For women, the decline took place not only in routine manual oc-
cupations, but also in manual non-routine, and in the last half of the period (1992-2010)
also the share of cognitive routine experienced a reduction in its relevance. These declines
were compensated by increases in the share of female employment in non-routine occu-

pations, and in particular, by a strong increase in the share of employment in interactive

19Tf we consider all the employees in these two occupation groups, the percentage of females in analytical
occupations is only 16.5% while it is 49.6% in interactive occupations (Table C.4 in the Appendix). That
is, male workers are overrepresented in both high skilled cognitive occupational groups, and especially in
analytical occupations. The percentage of female workers, on the other hand, is higher than that of men
in cognitive routine (67.6%) and manual non-routine occupations (60.3%).
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non-routine occupations (more than 10%). In fact, the interactive non-routine group and
the analytical non-routine show a growing pattern for women along the two sub-periods
considered. That is, women switch out of manual routine jobs moving disproportionately
to cognitive non-routine occupations.

These patterns are in line with the hypothesis of routine biased technological change,
which predicts a shift from occupations that involve routine tasks towards those that in-
volve mostly analytic and interactive non-routine tasks. It is also consistent with previous
evidence for Germany, by Black and Spitz-Oener (2010), who find that women witnessed
relative increases in non-routine analytical and non-routine interactive task inputs, which
are associated with higher skill levels. Furthermore, it supports the hypothesis about the
growing probability for women of being employed in an occupation that involve interper-
sonal skills (Cortes et al., 2018).

3.4 Changes in employment composition and wages

In Table 2 T present descriptive statistics on the evolution of the gender wage gap over
time. Column (1) describes the changes for the period 1975 to 2010, while Columns (2)
and (3) present two sub-periods: 1975 to 1992 and 1992 to 2010.

On average, between 1975 and 2010 there has been a reduction in the gender wage gap
of 9.7 log points, which represents 21% of the gender wage gap in 1975. This convergence
between male and female wages could be explained both, because of a decrease in the
occupational segregation by gender, that is, women entering to better-paid occupations
that were more male dominated in 1975, or because of a decrease in the gender gap in mean
log wages in occupations in which women are represented. To understand the relevance
of these two components I decompose the changes in the gender wage gap into a part
explained by differential changes in employment across occupations for men (As;\f ) and
female workers (Asf;), taking the average wage between 1975 and 2010 in each occupation
group j for male (w}/) and female workers (wf): > [WMAsh — wf Ash]; and, on the
other hand, a part explained by differential Changejs in male and female wages in each
occupation, taking the average share between 1975 and 2010 of men and women in each

occupation group: sMAwM — 5 Awk]. The result of this decomposition is presented
g J Jt J Jt
J

in Panel B.

I find that both channels contribute to explain the gender convergence across time.
Around 70% of the reduction is explained by changes in average wages, while the other
30% is explained by changes in employment shares. The changes in average wages remain
the most important component in both sub-periods, increasing its relevance to 86% in
the period after 1992.
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From another perspective, in Panel C, we can see that if only occupation shares had
changed, keeping the wages of men and women in each occupation group at the values of
1975, the counterfactual gender wage gap in 2015 would be 41.5 (instead of 35.8), that is
16% higher. If instead only average wages in each occupation had changed, keeping the
same distribution of men and women across occupations, the counterfactual gender wage
gap in 2015 would be only 5% higher. That is, the most relevant change is when keeping
average wages at the levels of 1975, since changes in wages rather than changes in average
employment shares across occupation groups are the main cause of the the reduction in
the gender gap during those 35 years.

With this background, in the next section I focus on discussing the results on the
effect of technological change in wage changes by analyzing the estimated changes in the
wage premiums and the role they play to explain the gender wage gap, given a certain

composition of employment by gender in each year.

4 Results

4.1 Changes in wage premiums across occupations

A

I first estimate a regression where the changes in the occupation wage premiums (6;;) are
identified through occupation-year fixed effects together for both genders. The changes in
the wage premiums for each occupation reflect the evolution of wages for those who stay
in the respective occupation. Figure 3 plots the estimated (mixed-by-gender) coefficients
for the occupation-year dummies for a sample containing male and female workers in
full-time jobs. Stars denote the level at which the estimated coefficients are significantly
different from zero. As previously explained, these estimates should be interpreted as
changes over time in the wage premium of each occupation relative to the base year and
relative to the changes experienced by the base category (manual non-routine). In this
case the base year is 1975.

The figure shows a relevant divergence in occupation premiums over time, and the
patterns are consistent with the predictions of technological change hypothesis. Since
the 1980s, the change in the occupation premiums for routine manual occupations evolve
in a downward trend. For the cognitive occupations, the change in the wage premiums
shows an upward trend, especially for those occupation groups that involve analytical and
interactive non-routine tasks.

In Table 3 I analyze the contribution of the changes in the occupation premiums to
explain the gender wage gap. The estimated changes in the wage premiums are reported

for the last year with respect to the base year. Column (1) indicates the changes over time
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for the period 1975-2010, while Columns (2) and (3) decompose it for the two sub-periods.
Panel A presents the results when using the mixed-by-gender estimates, weighted by the
respective distribution shares of workers across occupations in the last year. We can
observe that from 1975 to 2010 the average change in the occupation premiums increased
for both, men and women and in each sub-period, with higher magnitudes for the more
recent years. However, the increases for female workers are higher than those for male
workers, leading to a negative change in the gender gap premia, that is, in favor of female
workers. This implies that, absent the gender differences in the employment distribution
across occupation groups the gender wage gap would have increased by about 11.6 log
points, or 25% of the initial wage gap.

The fact that male workers are more affected by changes in the average wage premiums
can be explained by an over-representation of men at manual-routine occupations, which
exhibit decreasing wage premia over time for each cohort. That is, the gender differences
in sorting across occupation acted as an equalizing force for the changes in the gender

wage gaps.

4.2 Gender differences in occupation premiums

In this subsection T discuss the results when the wage premiums are allowed to differ by
gender, that is, when estimating gender-specific changes in occupation premiums over
time. These gender-specific wage premiums are estimated from equation (3), where an
interaction between time-varying occupation fixed effects and a dummy for female workers
captures the differential effect by gender. These estimates should be interpreted as changes
over time in the wage premiums with respect to the variation in the manual non-routine
for male workers.

Figure 4 plots the gender-specific changes over time in the occupational wage premiums
for men and women separately. The results for men show an increasing trend in the occu-
pation premiums from 1975 to 2010 for all cognitive occupations, with higher magnitudes
for analytical non-routine occupations, and a significant decrease in the wage premium of
manual routine occupations. These results are in line with those found by Cortes (2016)
for male workers in the US. However, he considers manual and cognitive routine occupa-
tions together, and finds a decline in the wage premia for routine occupations overall. In
this paper, I consider manual routine and cognitive routine occupations in two different
task-based classification groups, and I show that the decreasing wage premia is mainly
affecting manual routine occupations (an occupation group that represents around 52%
of male employment), while the premium for cognitive routine occupations increases over

this period, although less than for analytical and interactive non-routine occupations.
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The changes in the occupation premiums estimated for female workers show a smaller
dispersion between the different occupation groups than in the case of men, and they
start to diverge later in time. For analytical non-routine occupations we can observe a
significant upward trend since 1985. However, the trends for changes in the occupation
premiums in interactive non-routine and cognitive routine occupations, in the case of
women evolve similarly to the omitted category (manual non-routine for men), except for
the last six years, when the premiums in analytical non-routine increase more rapidly.
The large gender differences in the growing patterns of wage premiums for these two
occupational groups is particularly relevant since these occupations represent more than
half of the female labor force. This gender gap in the evolution of wage premiums might
be partly explained by differences in composition within occupation groups (see Table
C.2 in the Appendix). The most relevant occupations within Interactive non-routine
groups for male workers are Entrepreneurs and managing directors (27.5%) and Foremen
master mechanics (12.7%), which are supervisory positions, followed by Physicians (7.1%).
For female workers, on the other hand the most representative occupations within the
interactive group are Nursery teachers, child nurses (20.6%), Social workers, care workers
(17.5%) and Home wardens, social work teachers (11%), which are feminized occupations
related with care work. This aspect is further analyzed in Section 7.

Panel B in Table 3 shows the effect on the gender wage gap when using the gender-
specific estimates for the occupation premiums. We can observe that when we allow
occupation premiums to differ by gender, we obtain on average negative changes over
time for females and positive for male workers (with respect to MNR for male workers).
The gender gap in the change in occupation premiums rose by 18.2 log points between
1975 and 2010, with larger increases in the second part of the period. This result implies
that absent the rise in occupation premiums inequality, the gender wage gap would have
declined by 40% rather than the 21% we observe.

As previously discussed, the increase in the gender gap in occupation premiums could
be explained by a widening on the differences in gender-specific occupation premiums
(within occupation differences) or by the occupational segregation by gender (sorting
across occupation groups), which implies that a different share of workers are affected by
those relative changes across occupations. The results of the decomposition into these two
possible channels is presented in the bottom part of Table 3. These results are based on
the decomposition described by equation (5) which assigns women the occupation distri-
bution of men, as this is a more relevant counterfactual. The findings for the alternative
counterfactual (using female employment) are similar, and they are presented in Table
A.1l in the Appendix.

We observe that the changes in the wage premiums that take place within occupation
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groups are the key drivers of the gender differences over time. That is, the fact that
occupational wage premiums for men grow more rapidly than female premiums within
certain occupation groups is the main explanatory factor of the average gender differences
over time. The within occupation differences dominate as the main factor explaining the
gender gap in occupation premiums for each period, and the effect is partially compensated
by a negative contribution of the sorting across occupations channel. As previously stated,
this could be explained by an over-representation of men at manual routine occupations
(mainly industrial blue-collar occupations), which exhibit decreasing wage premiums over
time for each cohort.

Both, the fact that the gender wage gap would decrease when using the occupation
premiums that are common to both genders (instead of gender-specific premiums), and
the dominating role of the within occupation channel in the decomposition of the gender
differences, suggest that the sorting across occupations contributed to the narrowing of
the gender gap, and point to a key role of growing within occupations wage premiums
gender inequality, mainly in those occupations that involve cognitive non-routine tasks,

to explain the persistence of a gender wage gap over time.

5 Cohort effects and changes over the work-life

In this section I explore for potential cohorts effects. The changes over time in the
intensity of the introduction of technological progress might have affected differently male
and female workers that entered the labor market at different periods. To investigate this,
I consider four cohorts of male and female workers born between 1945 to 1965, and analyze
their labor market trajectories during a period of twenty years.?’ In the next-subsection
I discuss descriptive statistics on the evolution of the gender wage gaps across cohorts
and over the work-life for each cohort of workers. Then T go on to present the results of
estimating time-varying occupation premiums separately for each cohort and discuss its

effects on the widening of the wage gaps over the work-life.

20For the cohort analysis the age intervals are restricted to 25-50 years old, so that the changes are
calculated over the same number of years for each cohort. Cohort 1 includes individuals born in 1945-
1950 and the changes consider period 1975-1995. Cohort 2 includes individuals born in 1951-1955 and
the changes consider period 1980-2000. Cohort 3 includes individuals born in 1956-1960 and the changes
consider period 1985-2005. Cohort 4 includes individuals born in 1961-1965 and the changes consider
period 1990-2010.
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5.1 Changes in the gender wage gaps across cohorts and over the

work-life

Table 4 shows that the gender wage gap changed from being 45 log points on average for
the cohort of workers born between 1945 and 1950 (column 1), to 36.5 log points (column
4) for the youngest cohort (born between 1961 and 1965). As it is possible to observe in
Panel A, this reduction of gender inequality across cohorts is due to more equal wages
between men and women at the starting point, when the individuals are between 25 and
30 years old rather than by a less steeper patter of wage gap growth over the work-life. In
fact, the wage gaps greatly increase over the work-life, contrary to the small reduction over
time previously discussed in the gender wage gap for a representative sample of workers.
Figure 5 shows the evolution of the gender wage gap by age for each cohort. It seems
that most of the decline in the gender wage gap through time is due to changes between
cohorts. That is, younger cohorts show lower levels of the gender wage gap, specially
before age 35. However, the shape of the work-life profiles, which indicates the changes
in the gender wage gap within cohorts, shows similar patterns across cohorts, and a bit
more steeper for the last cohort. That is, while the gap at entry has fallen, the evolution
of the gap over the lifecycle increased.?!

To analyze which part of these growing differences in wage trajectories of men and
women over the work-life is explained by gender differential changes in employment across
occupations and in the average wages by gender for each occupation, I perform the same
decomposition as in Table 2, but this time comparing the year in which the individuals
of each cohort are between 25 and 30 years old and the last, where they are between 45
and 50 years old. We can see that the difference in mean log wages between the last and
first year is 16 log points for the first cohort and 25 log points for the youngest cohort.
I find that these gender differences in the way in which wages grow through lifecycle are
explained mostly by wage changes within occupation groups: between 73% and 75%. The
changes in the share of men and women across occupation groups (considering wages at
the work-life average for each gender and occupation), on the contrary, explain a smaller

proportion (24% to 26%) of the increasing gender gap over the work-life.

21Figure A.1 in the Appendix shows that the evolution of the wage trajectories over the work-life highly
differs between occupations. The wage trajectories for cognitive occupations evolve in steeper patterns,
specially in analytical and interactive non-routine occupations. While for both genders the increase in the
wages is greater while younger, for women the growing tendency seems to stagnate after 32 years old. For
men, on the contrary it stagnates for routine occupations but for cognitive non-routine occupations the
wages continue increasing over the work-life. The slightly higher levels of wages for men at the beginning
of the life-cycle, together with steeper wage trajectories, with men’s wages growing faster than women’s,
specially in cognitive non-routine occupations is what explains a growing wage gap over the life-cycle.
Therefore, changes in the average gender wage gap hide substantial heterogeneity in changes between
cohorts as well as over the lifecycle.
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This can be also observed in the analysis of the counterfactuals in Panel C. The increase
in the gender wage gap over the work-life for each cohort is explained both by changes in
average distribution across occupation groups and in average wages. Therefore, if we keep
one of the components in its values of the base year, the gender wage gap would decrease,
what explains the negative sign in the percentage difference for the counterfactual. If
we consider the wages at the initial year and that only occupation groups composition
changed over the work-life for each cohort, the counterfactual gender wage gap at 45-50
years old would be 28% lower for the oldest cohort and 47.6% lower for the youngest
cohort. On the other hand, if only average wages changed, with the initial occupational
composition of employment by gender, the counterfactual gender wage gap would be 12%

lower for the oldest cohort and 23% lower for the youngest cohort.

5.2 Gender differences in changing occupation premiums over the

work-life

I study first the changes in the wage premiums over the work-life when estimating coeffi-
cients that are common by gender. Figure 6 plots the changes over a period of 20 years
in the occupational wage premium separately for each cohort.?? The figures show similar
trends, with decreasing occupation premiums for manual routine occupations and upward
trends for cognitive occupations, especially so for analytical and interactive non-routine
occupations. Comparing across cohorts we observe an increase in the dispersion of the
changes in the occupation premiums, with steeper evolution trends in more recent cohorts
compared to the oldest ones. These patterns suggest an increase in the wage premia in-
equality within cohorts. Those who most benefit from these changes are the workers that
were born after 1955 and enter in the labor market around 1985 in analytical non-routine
occupations, as they show the most steeper patterns in the wage premiums growth.
Table 5 Panel A presents the results for the gender wage gap when using these mixed-
by-gender estimates, weighted by the respective distribution shares of workers across
occupations in the last year for each cohort. We can observe that, during those 20 years
the average change in the occupation premiums, increase for both men and women and for
all the cohorts, with higher magnitudes for the more recent cohorts. However, the increases
for female workers are higher than for male workers, leading to a negative change in the
gender wage gap premia between -0.03 log points for the oldest cohort to -0.075 log points
for the most recent cohort. Absent the gender differences in the employment distribution

across occupation groups the gender wage gap would have increased by about 10% for

22The base years are 1975, 1980, 1985 and 1990 for each cohort respectively. In the base year the
individuals of each cohort are aged between 25 and 30 years old.
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the oldest cohort to 34% for the most recent one. That is, if women and men received
the same occupation premiums, the gender wage gap would be closing over the work-life,
and this difference in favor of female workers is accentuated for younger generations. The
gender differences in sorting across occupation acted as an equalizing force for the changes
in the gender wage gaps over the work-life.

To understand why this convergence did not occurred, I estimate gender-specific
changes in the wage premiums across occupations for each cohort. These estimates are
plotted in Figures 7 and 8. To help comparison between changes for male and female work-
ers the estimates are plotted together for both genders, and separately for non-routine
occupations (Figure 7) and for routine ones (Figure 8). For non-routine analytical and
interactive occupations, I find that the wage premiums for men evolve in a much steeper
pattern than those for females, and this difference is accentuated for the more recent co-
horts. This means that the wage premium in cognitive non-routine occupations become
more unequal across generations. In the case of routine occupations, we can observe a
downward trend for manual routine occupations for both genders. However, the evolution
of wage premiums for cognitive routine occupations shows a decreasing trend only for
female workers, while it raises over time in the case of men.

In Table 5 the average gender gaps calculated with the gender-specific estimates rise
from 9.5 log points for the oldest cohort to 17.7 log points for the most recent cohort.
If we compare these estimates with the gender wage gap in the initial year, this result
implies that the rise in occupation premiums inequality, leads to an increase of the gender
wage gap over the work-life of 30% for the oldest cohort and 79% for the most recent.

As previously discussed, the increase in the gender gap in occupation premiums could
be explained by a widening on the distribution of gender-specific occupation premiums
(within occupation differences) or by the employment composition by gender across oc-
cupation groups (sorting across occupations). The results of the decomposition of the
changes into these two possible channels for each cohort is presented in the bottom part
of Table 5. We can see that the changes in the wage premiums that take place within
occupation groups are the key drivers of the gender differences over time. That is, the
fact that occupational wage premiums for men grow more rapidly than female premiums
within the same occupations is the main explanatory factors of gender differences over
time. The within occupation differences dominate the gender gap in occupation premiums
for each cohort, and the effect is partially compensated by a negative contribution of the

sorting across occupations channel.
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6 Robustness analysis

This section presents a set of robustness checks on the empirical specification and analyses

possible concerns that could affect the results.

6.1 Changing returns to education

The empirical strategy used so far assumes that the returns to ability do not vary with
time. However, it is possible to extend it, to allow for changes over time in the return
to some observable characteristics, which may affect ability. In particular, a possible
concern would be that differences in the changes in the wage premium across occupation
groups are driven by changes over time in the return to education. Previous work for
West Germany find that the estimated returns to education for women greatly expanded
in the period 1985-2002 (Ammermiiller and Weber, 2005).

To address this issue, I follow Cortes (2016), assuming now that all individual skills
(z;) are fixed, but the return to education (a certain kind of observable skill) is allowed to
vary over time: @;:(z;) = E;aj+1;bj, where E; captures the education level and 7; reflects
all other individual abilities or skills. The return to these other skills is still assumed to
be time-invariant, while the return to education varies over time but, for simplicity, it
is assumed to be the same for all occupations (o = a; + o). In this case I perform
two separate regressions for men and women.?* The regression to be estimated for the

potential wage of individual 7 of gender g at year ¢ is:
wiy = ZDijtejgt + Eiaf + ZDithigj + Xit0? + wit (7)
J J

where g = {M, F'} and v}; = E;af +n;b. The occupation spell estimated through this
regression will now contain the return to education in the base year and the return to
unobserved ability, but not the changes in the returns to education over time. I consider
the three educational levels described in Section 3: i) lower secondary, intermediate sec-
ondary or upper secondary school leaving certificate, ii) at least a vocational qualification,
and iii) a degree from a university of applied sciences or a university degree.

The estimation results show that there has been a growing pattern in the returns
to having a university degree. For men it took place since 1985 (Figure A.2), while for
women this has been so especially since the 90s (Figure A.3). Figures A.4 and A.5 show

the estimated occupation effects using the baseline specification (panel a) and the new

ZDue to the number of variables introduced in the regression it is not possible to have all the interac-
tions with gender for all occupations and years. In this case the change in the wage premiums for men
and women are gender-specific but no longer comparable given that the base is different.
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specification with occupation effects which are ridden off of the time-varying returns to
education (panel b). While the most outstanding features of both figures remain un-
changed, it is possible to observe that the new estimated wage premiums for analytical
and interactive non-routine occupations in panel b are lower than those of panel a. This
means that a portion of the growing patterns in the wage premiums in these occupations
are explained by raising returns to education. This is quite expected as these are occupa-
tions that demand high educated profiles and the skill premiums grew during this period.
The most notable change is that, after accounting for the effect of changing returns to
education the wage premium in the interactive non-routine occupations is lower than
that of cognitive routine. Changing returns to education do not seem to play a role for
wage premiums in routine manual occupations, as it remains relative unchanged, with a
clear downward trend for men, and similar to that of the manual non routine group (the
omitted category) for women. Analyzed in the framework of the polarization patterns,
changing returns to education seem relevant to explain the higher wage premiums in the
upper part of the occupation distributions (analytical and interactive non-routine) but

not the decreasing wage premiums in the middle part (routine occupations).

6.2 Occupation-specific tenure profiles

Another concern with the occupation premiums previously estimated might be the exis-
tence of occupation-specific human capital in the different occupation categories, that led
to heterogeneous returns to occupational tenure (see Kambourov and Manovskii (2009)
and Gathmann and Schénberg (2010)). If for example the tenure profile is more steeper in
non-routine analytical and interactive occupations than in routine ones, this could affect
my finding that the occupation wage premiums in manual routine occupations is falling
over time.

To estimate wage premiums controlling for the effect of occupation-specific tenure
profiles, I follow the approach of Cortes (2016), introducing a return to individual’s occu-

pational tenure. More specifically, T estimate the following regression:

Wit = ZDijtejt + ZDijtﬂjt fem; + ZDijt%j + ZDz‘jtFj(Tenijt) + X0 +uie  (8)
J J J J

where T'en;j; is individual’s ¢’s tenure in occupation j at time ¢ and Fj(Ten;j;) is a

non-linear function that captures the occupation-specific returns to tenure. In this setting

an individual’s occupational choice will depend, as before, on his/her skill level z; and

the occupation wage premium 6j;, but also on his/her tenure in the current occupation
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Ten;j. Sorting across occupations is still determined by skill cutoffs, but now these skill
cutoffs would differ for individuals with different levels of occupational tenure.

I use a quadratic function of occupational tenure, interacted with occupation dummies
to allow for different returns to tenure across the broad occupation groups. To define
the occupational tenure I consider the days that the individual has been employed in
a certain occupation group. I use as reference a variable that indicates the time that
the individual has been in a certain firm, and I start occupational tenure from zero each
time the individual switches his/her occupation group. Time out of the labor force and
time in unemployment, as well time in apprenticeship training, is not counted. Also, if
an employee returns to his occupation, after being out of the labor force or in another
occupation I start counting occupational tenure from zero.

The gender-specific wage premiums estimated from equation (8) are presented in Fig-
ure A.6 in the Appendix. We can observe that they are very similar to those previously
presented in Figure 4, with growing wage premiums over time in analytical and interactive
non-routine occupations and decreasing premiums over time in manual routine occupa-
tions. The only noticeable difference is that the trend in wage premiums for manual
non-routine occupations is less steeper than in Figure 4. That is, the general patterns
in the changes in wage premiums across occupations remain robust to controlling for

heterogeneity in tenure profiles.

6.3 Changes in selection into employment and attrition

A possible concern is that the patterns we observe are being driven by changing charac-
teristics of working women (and men) over time (Mulligan and Rubinstein, 2008). That
is, that the changes in the average occupation premiums reflect the influence of how the
“quality” of workers within these occupations change. Indeed, if we analyze the compo-
sition of the workforce, it is possible to observe that it becomes more educated (Table
A.3), and this is true both for male and female workers. Therefore it is possible that
the estimated changes in the occupation premiums in Figure 4 are affected by changes
in the composition of the workforce over time (more positive selection into employment).
However, the growing patterns in the occupation premiums in analytical and interactive
non-routine occupations, as well as the decreasing premium that I find for manual routine
occupations also hold when estimating changes in the occupation premiums separately
for each cohort, and we can argue that they are less likely to reflect changes in the skill
levels of the workforce, given that after 25 years old most of them already completed their
education cycle. That is, selection issues become less relevant when comparing changes

in occupation premiums for men and women within cohorts.
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However, since I am observing changes in a period of twenty years for each cohort,
a potential concern is that nonrandom attrition in terms of which individuals are still
observed at longer time horizons may be biasing the estimations for the changes in wage
premiums. This would be the case for example if many women leave the labor market
after 30 or 35 years old due to maternity, and the characteristics of these women are
different than those who remain employed within each occupation group. To address this
concern I run the regressions for the estimation of the time-varying occupation premiums
imposing the condition that the individuals are observed employed in at least 16 years
(however, the patterns do not change if I impose the same sample of workers in all years
- 20 years instead of 16). The resulting estimates are presented in Figures A.7 and A.8
for non-routine cognitive and routine occupation groups respectively, and are very similar
to the estimated changes in the occupation premiums previously discussed in Figures 7
and 8. The only noticeable change is that for the most recent cohort the estimates for
wage premium in analytical non-routine occupations for female workers are a bit higher
when restricting the sample controlling for attrition, and also for cognitive routine the
wage premiums show a less decreasing trend. We can therefore conclude that the results

are not driven by differential attrition within occupation groups.

7 Motherhood and gender segregation within occupa-
tion groups

The evidence collected so far suggests that gender differences in the increasing dispersion
of occupation premiums play an important role in explaining the persistence of the gender
wage gap over time. This section investigates possible explanations behind the gender

differences in wage premiums growth over time.

7.1 Motherhood

A recent literature has provided evidence for high-income countries that motherhood
drives sizable and persistent gaps in earnings, employment rates and hours of work (Adda
et al., 2017; Angelov et al., 2016; Kleven et al., 2019). In this subsection I investigate in
which way childbirth is related with the flatter gender-specific wage premiums trajecto-
ries for women, by estimating changes in the occupation premium over the work-life for
mothers and non-mothers.

Although child birth dates are not directly recorded in my data, there is information
on the reason of cancellation/notification of an employment (or unemployment) spell,

which allows me to identify child-birth related work interruptions and estimate the date
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of birth.?* T focus on mothers working full-time before and after child-birth. This might
generate a selection bias since many women return to the labor market with reduced
working hours. However, since there is no information on the hours of work, keeping only
those working full-time is necessary to make wage premiums comparable among them.

To estimate wage premiums for mothers and non-mothers I follow the same approach
that I used for estimating gender-specific occupation premiums, but this time keeping
only the sample of female workers and introducing an interaction of occupation-year fixed
effects with a dummy that takes value one for mothers. Therefore, the omitted category is
the routine non-manual group for non-mothers, and the estimated coefficients should be
interpreted as changes over time in the occupational wage premium relative to the base
year and relative to the changes experienced by the manual non-routine for non-mothers.

In my sample of women, I identify 162,829 individuals who are mothers and 283,783
non-mothers. The average age at birth is 29.7 years old. Figures 9 and 10 plot the
estimated parameters for the changes in the wage premiums over the work-life for each
cohort of mothers and non-mothers employed in non-routine and in routine occupations
respectively. The results show a clearly differentiated pattern in the wage premiums
trajectories of mothers and non-mothers. While the wage premiums in analytical and
interactive non-routine occupations for non-mothers tends to increase over the working
life, for mothers they show a decreasing trajectory during the first ten years. There are
also relevant differences between cohorts. For younger cohorts the wage premia trajectory
of mothers shows a inverted-U shape, with increasing returns in the last years. Also, wage
premiums differences across occupation groups tend to increase for younger cohorts. In
Figure 9 it is possible to observe that for non-mothers the premium in analytical non-
routine occupations increases more rapidly than that of interactive occupations, and this
is more pronounced the younger the cohort is. Similarly, in Figure 10 the wage premiums
in cognitive routine occupations for non-mothers show an increasing trajectory across
working life which becomes more steeper for younger cohorts. However, this is not verified
for mothers, as the wage premiums in cognitive routine occupations in the case of mothers
is the one which verifies the largest decreases.

Table 6 presents the changes in the occupation premiums over the work-life averaged
using the specific occupation distribution of employment across occupation groups of
mothers and non-mothers in the last year. Mothers obtain on average negative changes
in their occupation premiums over the work-life, while non-mothers experience positive

changes. After twenty years the difference in the wage premiums for non-mothers and

Z4More details can be found in Miiller and Strauch (2017). A caveat of this approach is that child-births
that take place before women enter the labor market cannot be identified, and that successive births are
often hard to detect. However, this last problem is not a relevant issue here, as I focus on the first child,
that is, when the woman becomes a mother.
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mothers is between 20 and 27 log points.?

The bottom part of the table shows the decomposition of the difference in occupation
premiums into sorting across occupations and within occupation differences. The changes
in occupation premiums that take place within occupation groups, that is, the fact that
the occupation premiums for non-mothers grow more rapidly than those of mothers within
the same occupation groups, is the main driver of the differences between mother and non-
mothers over time. The sorting across occupations channel has a positive effect for all
cohorts except for the oldest one, that is, non-mothers are more represented in occupations
with increasing wage premiums, which contributes to wide the wage premium gap between
mothers and non-mothers over time, although it explains less than 3% of the increase.

An interesting question is how the dynamics for women with no children evolve relative
to those of men.?® To analyze this I run two different regressions with the group of men
and mothers and non-mothers separately. Figure A.9 and A.10 in the Appendix plot
the changes in the wage premiums of men and women with no child (left panel) and
of men and mothers (right panel) pooling all cohorts together. In Figure A.9 we can
observe that the wage premiums in analytical and interactive non routine occupations
present a growing pattern for both men and childless women, however, the levels are
lower for childless women compared to men. On the contrary, for mothers the wage
premium shows a decreasing trajectory in analytical and interactive occupations compared
to men. Regarding the changes in the wage premiums in routine occupations, Figure A.10
shows that for cognitive routine occupations presents a growing trajectory for both men
and childless women, with higher levels of growth for men. On the other hand, for
manual routine occupations it presents a decreasing trajectory, with larger declines in
the wage premiums for men than for childless women. However, this is not the case for
mothers, where the wage premiums in both cognitive and manual routine occupations
shows decreasing patterns with larger declines for mothers than for men. These results
suggest that child-related explanations might be one of the factors behind the lower wage
premiums growth over the work-life that female workers experience in comparison with

male workers.

7.2 Gender segregation within non-routine cognitive occupations

From the estimation of gender-specific occupation premiums, I find that gender differences
within occupational groups are the main explanation for the slowdown of gender wage

convergence. In particular, wage premiums for analytical and interactive non-routine

25Tf we include also those with part time jobs the difference in the wage premiums for non-mothers and
mothers is between 27 and 36 log points.
26Tt is not possible to identify fathers with these data.
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occupations increase much more rapidly for men than for women. In order to understand
the sources of these gender differences, in this section I investigate more deeply the wage
trajectories of men and women, by looking at the composition of the detailed occupations
in which men and women are employed within those two occupation groups.

Predominantly feminized occupations pay less than those with a lower share of women,
even after adjusting for education and skills (Levanon et al., 2009). The literature has
provided two different hypothesis to explain it. One explanation is that the pay offered
in an occupation affects the proportion of female workers that it employs. A second view
is the “devaluation hypothesis”, which states that women’s entry into a male-dominated
occupation diminish the value of this occupation and, consequently, its relative wage
(England et al., 2000). Therefore, the proportion of female workers in an occupation
affects its wages. The devaluation hypothesis is expected to affect mostly some high-paid
male dominated occupations, which absorbed more women in recent decades. This might
be the case in certain interactive and analytic non routine occupations, that increase the
percentage of women in large numbers.

I focus on male and female workers employed in analytical and interactive non-routine
occupations, and consider the five most relevant disagregated occupations at the 3 digit
level of the German Classification of Occupations 1988 (KIdB 1988) in each of these
two occupational groups (Table 7). For females the most relevant occupations in the
analytical group are Technical draughtsperson (representing 15.9% of the employed in
that group), Data processing specialists (15.7%), Other technicians (9.5%), Economic
and Social scientists (5.9%) and Chemical laboratory assistants (5.9%). In total these
five single occupations represent 53% of the women employed in this group. However,
all these are occupations in which the proportion of male workers is higher than that of
females. In all these occupations the gender wage gap is higher than 30 log points, except
for Chemical laboratory assistants with an average gender wage gap of 25 log points.

Within the interactive non-routine group the most relevant occupations for female
workers are Nursery teachers, child nurses (17.6%), Social workers, care workers (13.7%)
and Home wardens, social work teachers (9.4%). These are feminized occupations: female
workers represent 96%, 77% and 65% of the employed in these three occupations respec-
tively. They also have relatively lower gender wage gaps (the difference in log wages is
between 0.14 and 0.21 log points) relative to the other occupations within the interactive
group in which men are more represented. Other occupations that are relevant for women
within the interactive group are Entrepreneurs, managing directors (7.9%) and Physicians
(5.2%). On average over the period, in these two occupations women represent 16.9% and
37.4% of the workers respectively, but are occupations that have experienced a consid-

erable growth in the number of women employed. Also, they show large gender wage
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gaps, specially for Entrepreneurs, managing directors, that has a gender wage gap of 0.62
log points. For male workers the most relevant occupations within the interactive non-
routine group are Entrepreneurs, managing directors (29.5%), Foremen master mechanics
(13.7%), which are supervisory positions, followed by Physicians (7.4%).

This evidence suggest that part of the gender differences in the wage trajectories
within analytical and interactive non-routine groups are due to the gender segregation
within these groups. In the interactive non-routine group, women are more represented
in feminized occupations, where the wage trajectories are flatter than those in which
men are mostly employed. On the other hand, in those occupations in which women are
newcomers, they face lower wage increases than male workers, which expands the gender

gap over time.

8 Conclusions

Driven by technological advances, labor markets in high-income countries have witnessed
relevant structural changes in the relocation of employment from manual routine cogni-
tive work to non-routine cognitive tasks. This paper uses administrative panel data for
West Germany to investigate the effect of technological change on the dynamic of gender
wage differentials. T find that gender segregation across occupations has mostly benefited
female workers, contributing to narrow the gender gap. This is mostly explained by the
fact that men are more exposed to automation of work than women, given their over rep-
resentation in manual routine occupations (mainly industrial blue-collar jobs), but also
because women increased their employment in cognitive non-routine occupations. How-
ever, by investigating male and female wage trajectories across occupation groups, I find
that the wage gains for male workers within cognitive occupations grew more rapidly than
those of females, with the effect being strongest for most recent cohorts. Then, my find-
ings suggest that although women have been less exposed to the automation of work and
increased their employment in non-routine high-pay occupations, they still face certain
constrains that did not allow them to benefit from the increased overall wage returns in
the upper part of the skill distribution.

More research is needed to understand the underlying reasons behind the larger growth
of male premiums relative to those of females within analytical and interactive non-routine
occupations. Nevertheless, I provide some suggestive evidence that two factors might
play a role. By looking at the more detailed occupational composition I present evidence
showing that one of the reasons behind the differences in wage gains is that women
moved disproportionately to interactive occupations and within this group, to occupations

that were already highly feminized, such as nursery teachers and social workers, which
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experienced lower wage growth over time compared to occupations where male workers
relocated and which are likely to be characterized by greater complementarities between
labor and technology. Also, I provide some evidence showing that women show flatter
wage trajectories than men due to having children, which would be a factor explaining
the difference in wage gains over time in cognitive non-routine occupations. This is an
aspect which is not related to a different effect of or exposure to technological change,
but to other restrictions that women might face in the labor market, such as the fact that
they are still the main carer for children and the way in which certain occupations are
structured and remunerated (Goldin, 2014), among other institutional factors.

Within the questions left unaswered by this analysis, future research will investigate
further the individual-level adjustments of male and female workers in the labor market
and the differential changes in wages that men and women experience both as stayers in a
certain occupation group and when switching out from routine occupations, and how wage
gains vary depending on the direction of the switch. Another channel to explore is the role
of firms in explaining different wage gains for men and women within certain occupations.
A recent literature has shown the relevance of firm-level wage differentials in explaining
gender gaps. In particular, for Germany, Bruns (2019) estimates that gender differences in
firm premiums explain around 15% of the gender wage gap between the 1990s and 2000s.
The different sorting of men and women across firms within the broad occupation groups
could lead to different impact of technological change for example, because women tend
to be disproportionately employed in small firms where the introduction of technology
is less likely. However, this might be also explained by the fact that men and women
sort into different detailed occupations within the broad occupation groups, as previously
shown, and this gender segregation might be also taking place within firms. Further
research in those lines would help us to better understand the mechanisms through which
technological change can differently affect male and female workers. Additionally, it would
provide evidence that can help in the designing of policies to remove obstacles for women’s

performance in the labor market and to reduce gender wage inequalities.
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Tables

Table 1: Summary statistics

A. Worker characteristics
Age

Part-time

Experience

German nationality

Real daily wage

Low Skill

Medium Skill

High Skill

B. Occupation classification
Analytical NR
Interactive NR

Cognitive R

Manual R

Manual NR

N of individuals
Observations

All sample Full-time
Men Women Men Women
Mean Sd Mean Sd Mean Sd Mean Sd
39.36 8.59 39.26 8.80 39.42 8.58 38.26 8.97
0.02 0.15 0.33 0.47 0.00 0.00 0.00 0.00
11.63 7.94 11.91 8.30 11.64 7.92 11.10 7.94
0.89 0.31 0.92 0.26 0.89 0.31 0.91 0.28
107.9 137.6 62.1 77.0 109.4 138.7 72.4 88.5
0.10 0.30 0.15 0.36 0.10 0.30 0.15 0.36
0.76 0.43 0.75 0.44 0.76 0.43 0.74 0.44
0.15 0.35 0.11 0.31 0.14 0.35 0.11 0.31
0.14 0.34 0.04 0.20 0.14 0.34 0.05 0.21
0.08 0.27 0.12 0.32 0.07 0.26 0.11 0.32
0.13 0.33 0.39 0.49 0.13 0.33 0.41 0.49
0.52 0.50 0.14 0.35 0.53 0.50 0.17 0.37
0.14 0.34 0.31 0.46 0.13 0.34 0.26 0.44
565,230 446,612 565,230 446,611
7,102,028 4,761,753 6,924,032 3,199,340

Notes: Data corresponds to SIAB, period 1975 - 2010. The sample is composed of male and female workers, aged

between 25 and 55 years old in West Germany, excluding apprentices and marginal part-time employees. Real daily

wages are expressed in euros of 2010.
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Table 2: Changes in the gender wage gap

1975-2010 1975-1992 1992-2010

(1) (2) (3)
Av. gender gap (mean log wages) 0.399 0.432 0.370
A.Wage gap changes
Gender gap in the base year 0.455 0.455 0.398
Change across the period -0.097 -0.057 -0.040
Gender gap in the final year 0.358 0.398 0.358
B. Decomposition of the change
Changes in occupation distribution -0.029 -0.019 -0.005
% of the gap 30.05 35.63 13.52
Changes in average wages -0.068 -0.038 -0.035
% of the gap 69.95 66.37 86.48
C. Counterfactuals: gap in final year
If only occupation shares had changed 0.415 0.432 0.389
% difference 15.99 8.60 8.8/
If only average wages had changed 0.376 0.413 0.360
% difference 5.1 3.90 0.64

Notes: Only workers in full-time jobs are included. The gender gaps are expressed in mean log daily real wages.
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Table 3: Decomposition of the changes in the gender wage premiums gap

1975-2010  1975-1992  1992-2010
(1) (2) (3)

Gender gap in the base year 0.455 0.455 0.398
Change in gender gap in mean log wages -0.097 -0.057 -0.040
A. Mixed by gender occupation wage premiums

E[04 male] 0.175 0.046 0.129
E[0:5"| female] 0.290 0.081 0.210
E[GﬁLﬂmale] - E[QﬁLL\female] -0.116 -0.035 -0.080
% of the initial wage gap -25.39 -7.71 -20.22
B. Gender-specific occupation wage premiums

E[9%|male] 0.161 0.041 0.119
E[607;| female)] -0.022 -0.001 -0.020
E[0}{|male] — E[0%] female] 0.182 0.043 0.140
% of the initial wage gap 40.06 9.37 35.10

C. Decomposition
Sorting across occupations

E[Gﬁ\male] - E[0ﬁ|female} -0.021 -0.003 -0.018
% of the gender difference in occup premiums -11.47 -5.94 -13.16
Within occupation differences

E[0) — 0% |male] 0.203 0.045 0.158

% of the gender difference in occup premiums 111.47 105.94 113.16
Observations in last year 278,142 310,952 278,142

Notes: Only workers in full-time jobs are included. E[QﬁLL |male] is the mean value of the mixed by gender occupation
premia across male workers (considering male’s distribution of occupations in the last year), while E[QﬁLﬂfemale]
takes the mean across female workers. E[G%\male} and E[Gﬁ\f@male} are the mean values of male and female specific

occupation premia across male and female workers respectively.
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Table 4: Changes in the gender wage gap over the work-life

Cohort 1 Cohort 2 Cohort 3 Cohort 4
(1) (2) (3) (4)

Av. gender gap (mean log wages) 0.451 0.405 0.380 0.365
A . Wage gap changes

Gender gap in the base year 0.319 0.273 0.228 0.223
Change across the period 0.164 0.203 0.226 0.248
Gender gap in the final year 0.483 0.476 0.454 0.471
B. Decomposition of the change

Changes in occupation distribution 0.042 0.050 0.059 0.066
% of the gap 25.67 24.68 26.11 26.49
Changes in average wages 0.122 0.153 0.167 0.182
% of the gap 74.53 75.82 73.89 73.51
C. Counterfactuals: gap in final year

If only occupation shares had changed 0.347 0.296 0.254 0.246
% difference -28.24 -37.71 -44.04 -47.62
If only average wages had changed 0.427 0.399 0.362 0.363
% difference -11.68 -16.06 -20.25 -22.84

Notes: Only workers in full-time jobs are included. The gender gaps are expressed in mean log daily real wages.
Cohort 1 includes individuals born in 1945-1950 and the changes consider period 1975-1995, while they are between
25-30 to 45-50 years old. Cohort 2 includes individuals born in 1951-1955 and the changes consider period 1980-
2000. Cohort 3 includes individuals born in 1956-1960 and the changes consider period 1985-2005. Cohort 4 includes
individuals born in 1961-1965 and the changes consider period 1990-2010.
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Table 5: Decomposition of the changes in the wage premiums gap over the work-life

Cohort 1 Cohort 2 Cohort 3 Cohort 4
(1) (2) (3) (4)

Gender gap in the base year 0.319 0.273 0.228 0.223
Change in gender gap in mean log wages 0.164 0.203 0.226 0.248
A. Mixed by gender occupation wage premiums

E[04- male] 0.068 0.091 0.099 0.118
E[0415"| female] 0.101 0.137 0.145 0.193
E[@ﬁLﬂmale} — E[OﬁLL]female] -0.033 -0.047 -0.046 -0.075
% of the initial wage gap -10.34 -17.06 -20.31 -33.78
B. Gender-specific occupation wage premiums

E[9%|male} 0.068 0.099 0.100 0.119
E[@ﬁ\f@male] -0.028 -0.047 -0.068 -0.058
E[0}/|male] — E[0%] female] 0.095 0.147 0.168 0.177
% of the initial wage gap 29.96 53.80 73.51 79.38

C. Decomposition
Sorting across occupations

E[@ﬁ\male] — E[0ﬁ|female] -0.010 -0.005 -0.008 -0.026
% of the gender difference in occup premiums -10.20 -3.25 -4.80 -14.67
Within occupation differences

E[0} — 0% |male] 0.105 0.152 0.176 0.203

% of the gender difference in occup premiums 110.20 103.25 104.80 114.66

Observations in last year 44,757 42,634 46,648 53,884

Notes: Only workers in full-time jobs are included. Cohort 1 includes individuals born in 1945-1950 and are analyzed
during period 1975-1995. Cohort 2 includes individuals born in 1951-1955 and are analyzed in 1980-2000. Cohort 3
includes individuals born in 1956-1960 and are analyzed in 1985-2005. Cohort 4 includes individuals born in 1961-1965
and are analyzed in 1990-2010. Individuals in each cohort are followed while they are between 25-30 to 45-50 years
old. E[GﬁLL|male] is the mean value of the mixed by gender occupation premia across male workers (considering
male’s distribution of occupations in the last year), while E[GﬁLL|female] takes the mean across female workers.
E[G%|male] and E[Gﬁ|female] are the mean values of male and female specific occupation premia across male and

female workers respectively.
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Table 6: Decomposition of the changes in the gender wage premiums gap between mothers and
non-mothers

Cohort 1 Cohort 2 Cohort 3 Cohort 4
(1) (2) (3) (4)

Gender gap in the base year -0.068 0.002 0.038 0.017
Change in gender gap in mean log wages 0.152 0.134 0.168 0.285

Mother/non-mother wage premiums

E[077" Inon — mother] 0.049 0.054 0.077 0.123
E[07™ |mother] -0.146 -0.107 -0.114 -0.141
E[07¢" [non — mother] — E[07;°™ |mother] 0.196 0.162 0.191 0.265
Decomposition

Sorting across occupations

E[07; |non — mother] — E[07°" [mother] ~ -0.001 0.002 0.005 0.005
% of the difference in wage premium -0.73 0.99 2.80 1.93
Within occupation differences

EB[07" — 071 Inon — mother] 0.197 0.160 0.186 0.259
% of the difference in wage premium 100.78 99.01 97.20 98.07
Observations in last year 14,425 14,159 14,753 16,559

Notes: Only women in full-time jobs are included. Cohort 1 includes individuals born in 1945-1950 and are analyzed
during period 1975-1995. Cohort 2 includes individuals born in 1951-1955 and are analyzed in 1980-2000. Cohort 3
includes individuals born in 1956-1960 and are analyzed in 1985-2005. Cohort 4 includes individuals born in 1961-1965
and are analyzed in 1990-2010. Individuals in each cohort are followed while they are between 25-30 to 45-50 years
old.
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Table 7: Most relevant occupations within analytical and interactive groups

%

Wage at

, ) % in Var Mean Gender

A. Analytical non-routine N group females 75-2010 wage age 55  wage gap
Women
Technical draughtsperson 23,646 1594  45.25 14.13 4.23 4.31 0.32
Data processing specialists 23,302  15.71 17.90 3.27 4.72 4.68 0.30
Other technicians 14,076 9.49 11.59 3.72 4.38 4.40 0.41
Economic and social scientists 8,727 5.88 32.25 25.73 4.74 5.19 0.38
Chemical laboratory assistants 8,679 5.85 38.77 20.96 4.45 4.59 0.25
Dental technicians 7,814 9.27 38.66 17.64 4.06 3.93 0.38
Men
Other technicians 137,037 1446  11.59 3.72 4.79 4.86 0.41
Data processing specialists 134,584  14.20 17.90 3.27 5.02 5.27 0.30
Electrical engineers 79,657  8.40 3.88 3.98 5.28 5.54 0.24
Electrical engineering technicians 75,236 7.94 3.90 2.79 4.79 5.01 0.31
Mechanical, motor engineers 74,597  T7.87 2.98 5.05 5.27 5.49 0.38

, , % in 7o Var  Mean ~ VVage Gender

B Interactive non-routine N group females 75-2010 wage at age 55 wage gap
Women
Nursery teachers, child nurses 62,803 17.60  96.32 -4.54 4.28 4.44 0.14
Social workers, care workers 48,900 13.70 77.02 5.61 4.23 4.28 0.21
Home wardens, social work teachers 33,488  9.38 65.55 1.90 4.38 4.53 0.17
Entrepreneurs, managing directors 28,053  7.86 16.94 5.85 4.53 4.57 0.62
Masseurs, physiotherapists 21,239  5.95 66.83 14.33 4.04 4.18 0.21
Physicians 18,435  5.17 37.42 22.29 5.10 5.49 0.29
Men
Entrepreneurs, managing directors 152,297  29.46 16.94 5.85 5.16 9.27 0.62
Foremen, master mechanicals 70,638  13.67 2.20 1.89 4.82 4.89 0.44
Physicians 38,371 742 37.42 22.29 5.39 5.81 0.29
Managements consultants, organisers 26,806 5.19 23.38 22.66 5.25 5.38 0.31
Home wardens, social work teachers 24,062  4.65 65.55 1.90 4.54 4.71 0.17

Notes: Only workers in full-time jobs are included.
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Figures

Figure 1: Changes in employment shares by occupation groups
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Notes: Task groups are ranked by their average wage. The five occupational groups considered are Manual non-routine
(MNR), Manual routine (MR), Cognitive routine (CR), Interactive non-routine (INR), and Analytical non-routine

(ANR). See Section 3 for details on the construction of this classification of occupational groups.
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Figure 2: Evolution of log real daily wage for broad occupation groups (1975-2010)
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Notes: Only observations corresponding to full-time workers are included.
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Figure 3: Change in occupational premiums.
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Notes: the figure plots the estimated coefficients on occupation-year dummies for a sample containing both male and

female workers in full-time jobs. Stars denote the level at which the estimated coefficients are significantly different

from zero (*** p<0.01, ** p<0.05, * p<0.1)

44



Figure 4: Change in gender-specific occupational premiums
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Notes: the figure plots the estimated coefficients on occupation-year dummies for male and female workers in full-time
jobs. Stars denote the level at which the estimated coefficients are significantly different from zero (*** p<0.01, **
p<0.05, * p<0.1). They measure the change relative to 1975 in the occupation premia with respect to the analogous

change of manual non-routine for men.

Figure 5: Gender gap in mean of Log daily real wage by age for each cohort
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Notes: The graphs plot means of the gender gap of log real daily wages for each cohort by age. Only observations

corresponding to full-time workers are included.
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Figure 6: Change in occupational premiums by cohorts. Mixed-by-gender fixed effects
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Notes: the figure plots the estimated coefficients on occupation-year dummies separately for each cohort for a sample

containing both male and female workers in full-time jobs. Stars were omitted to help visualization.
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Figure 7: Change in gender-specific occupational premiums. Non-routine cognitive occupations
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Notes: the figure plots the estimated coefficients on occupation-year dummies for male and female workers in full-
time jobs in analytical and interactive non-routine occupations. They measure the change relative to 1975 in the
occupation premia with respect to the analogous change of manual non-routine for men. Stars were omitted to help

visualization.
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Figure 8: Change in gender-specific occupational premiums. Routine occupations
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Notes: the figure plots the estimated coefficients on occupation-year dummies for male and female workers in full-time

jobs in cognitive routine and manual routine occupations. They measure the change relative to 1975 in the occupation

premia with respect to the analogous change of manual non-routine for men. Stars were omitted to help visualization.
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cognitive occupations

Figure 9: Change in occupational premia for mothers and non-mothers by cohort. Non-routine
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Notes: The two occupation groups included in this figure are Analytical Non-Routine (ANR) and Interactive Non-
Routine (INR). The figure plots the estimated coefficients on occupation-year dummies for mothers and non-mothers
in full-time jobs. They measure the change relative to 1975 in the occupation premia with respect to the analogous

change of manual non-routine for non-mothers.
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Figure 10: Change in occupational premia for mothers and non-mothers by cohort. Routine
occupations
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Notes: The two occupation groups included in this figure are Cognitive Routine (CR) and Manual Routine (MR).
The figure plots the estimated coefficients on occupation-year dummies for mothers and non-mothers in full-time jobs.
They measure the change relative to 1975 in the occupation premia with respect to the analogous change of manual

non-routine for non-mothers.
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