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INCREASING INEQUALITY IN LONG- TERM EARNINGS: A TALE 

OF EDUCATIONAL UPGRADING AND CHANGING EMPLOYMENT 

PATTERNS

by Matthias seckler*

University of Tübingen

This paper provides a detailed decomposition analysis of rising long- term earnings inequality among 
West German men born between the years 1955 and 1974 based on high- quality administrative data. 
Educational upgrading is identified as a leading factor behind increasing inequality in the upper part 
of the long- term earnings distribution. The study also reveals a substantial shift from full-  to part- time 
employment and shows this to be an important factor in explaining rising inequality in the lower part. 
This effect seems to be quantitatively more important than the increasing incidence of non- employment 
for the studied cohorts. Overall, increasing inequality in long- term earnings can primarily be attrib-
uted to an increasing inequality in average yearly earnings during times of employment as opposed to 
changes in the total years of employment. The analysis also reveals similarities with the development in 
the US by documenting a stagnation in long- term earnings among the cohorts studied.

JEL Codes: C14, D31, D33

Keywords: income inequality, long- term earnings inequality, RIF decomposition

1. introduction

Growing wage and earnings inequality around the world has caused an 
increasing interest in the topic among both policymakers and academics. The  latter 
have so far mainly focused on the increase in cross- sectional inequality over time as 
documented in a vast literature (see Acemoglu and Autor 2011, for a general over-
view, and Dustmann et al., 2009, for the German case). Surprisingly, relatively little 
is known about how this increasing cross- sectional earnings inequality has affected 
the evolution of individual long- term and lifetime earnings across different birth 
cohorts. From a purely cross- sectional perspective, which usually compares earn-
ings distributions at different points in time, cohort differences are usually non- 
distinguishable from life cycle trends. For example, when comparing the German 
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earnings distribution of the early 1990s with the one two decades later, it remains 
unclear to what extent the standard of living of later cohorts differs from that of 
their predecessors. This is a consequence of the fact that observable differences in 
cross- sectional earnings are the result of individuals being observed at different 
points of their career. Moreover, studying long- term earnings from a cohort per-
spective is likely to be more informative with regard to an individual’s or cohort’s 
standard of living, which is ultimately determined by lifetime earnings rather than 
by earnings at a certain point in time.

Recent studies by Bönke et al. (2015a) and Guevenen et al. (2017) document a 
dramatic increase in long- term and lifetime earnings inequality for both Germany 
and the US among men in later birth cohorts. Though being an ongoing debate, 
the previous literature has identified different channels underlying the increase 
in cross- sectional inequality, most prominently skill- biased technological change 
(SBTC), demographical and institutional factors, as well as internationalization 
and changes in individual employment biographies. A more comprehensive discus-
sion of these channels is provided in Section 2 of this paper. At the same time, it 
remains unclear to what extent these factors are also responsible for the increasing 
inequality in long- term and lifetime earnings. This paper intends to shed light on this 
blind spot by disentangling the increasing inequality in long- term earnings using 
high- quality administrative employment data for Germany. Methodologically, the 
paper uses state- of- the- art recentered influence function (RIF) decomposition 
techniques based on unconditional quantile regressions introduced in the seminal 
contributions by Firpo et al. (2009, 2018).

This paper makes the following contributions to the literature. First, to the 
best of my knowledge, this is the first study providing a detailed decomposition 
analysis aimed at explaining the rising inequality in long- term earnings. It reveals 
that much of the rising inequality at the top of the distribution is associated with 
educational upgrading, whereas changing employment patterns are associated with 
rising inequality at the bottom. Second, the results confirm previous findings by 
Bönke et al. (2015a) who documented a sharp rise in long- term and lifetime earn-
ings inequality in Germany based on a different database. Going a step further, this 
paper also shows that German men born between the years 1955 and 1974 did not 
only face a higher level of inequality, but also equally suffered from a stagnation in 
long- term earnings over a major part of their career. This paper also provides first 
evidence that these trends tend to accelerate for the youngest cohorts.

The rest of this paper is structured as follows: Section 2 summarizes the 
related literature. Sections 3 and 4 describe the data and the econometric method. 
Section 5 presents the decomposition results. Section 6 concludes with a discussion 
of the major findings.

2. related literature

This section provides an overview on the most relevant literature for this 
paper. Most importantly, the study directly adds to the literature on the evolution 
of individual long- term and lifetime earnings inequality. Using data for the US, 
an important contribution by Bowlus and Robin (2004) finds that inequality in 
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cross- sectional and lifetime earnings appears to follow a similar pattern over time. 
Moreover, they show that the level of inequality in lifetime earnings is substan-
tially lower than inequality in cross- sectional earnings because of earnings mobil-
ity among young workers. However, changes in earnings mobility are not identified 
as an important factor in explaining the rising dispersion in lifetime earnings. As 
the study builds on a relatively short panel, the used measures of lifetime earn-
ings are simulated based on estimates for different parameters (job destruction/
re- employment rates, promotion/demotion rates). Kopczuk et al. (2010) provide 
evidence for increasing inequality in male long- term earnings, especially for the 
US baby- boomers born after 1945. This trend is found in all stages of the career, 
with the level of inequality being generally higher in later episodes of the working 
life. In a more recent contribution, Guevenen et al. (2017) document both a sub-
stantial decline in median lifetime earnings of the US men born between the years 
1942 and 1958 (after observing gains in earlier cohorts) and a long- run trend of 
increasing inequality within male cohorts. The authors conclude that the observed 
changes are mostly because of differences in early career earnings across cohorts. 
Importantly, they show that later cohorts suffered from earnings losses at young 
age that were not compensated by a higher future earnings growth. In fact, the 
study finds that women realized substantial gains in lifetime earnings (starting 
from a very low level) across the study period which, however, only partly offset the 
losses suffered by men.

In a seminal contribution for Germany, Bönke et al. (2015a) documented a dra-
matic increase in long- term and lifetime earnings inequality based on an Insurance 
Account Sample (Versicherungskontenstichprobe) containing West German men 
born between the years 1935 and 1969. The authors resort to the concept of up- 
to- age X earnings (UAX) as a measure for individual long- term earnings, which 
is defined as the present value of all earnings before reaching a certain age. By 
imputing earnings for periods of un-  and non- employment, they show that parts 
of the increasing dispersion in lifetime earnings at the bottom can be explained by 
differential unemployment patterns. Moreover, they establish two other results that 
are important for the subsequent analysis. First, they show that earnings mobility, 
which is high at the beginning of the working life, mostly vanishes after age 40. 
Second, they conclude that the evolution of inequality in lifetime earnings most 
likely reflects the development in long- term earnings up to age 40. Following this 
argument, the subsequent analysis focuses on earnings up to age 40, which does 
not only offer important insights into changes in individual long- term earnings for 
a major part of the career, but can likely be generalized to inequality in lifetime 
earnings (see Bönke et al., 2015a, p. 186). Another advantage of this approach is 
to obtain new evidence on very recent cohorts. In a further contribution, Bönke 
et  al. (2015b) provide evidence for an increase in the transitory component for 
younger workers in the 1970s and a related increase in short- term earnings risk. 
This paper intends to directly add to these previous findings by trying to pin down 
the aforementioned increase in lifetime earnings across cohorts to different explan-
atory factors.

In this aspect, the present study connects to a vast literature trying to explain 
the well- documented increase in cross- sectional inequality during the past decades 
as described by various authors (see, for the German case, Dustmann et al., 2009; 
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Card et al., 2013, among others). These studies are usually concerned about the 
evolution of cross- sectional inequality and do not explicitly address the ques-
tion of how these factors affect lifetime earnings inequality across different birth 
cohorts. Although not having reached a consensus yet, the respective literature 
identifies several factors that appear to be important for the increase in cross- 
sectional inequality, which therefore also constitute obvious candidates for the 
analysis in this paper. Most notably, many studies stress the importance of SBTC 
for wage polarization and a resulting increase in the US wage inequality (e.g., 
Autor and Dorn, 2013). However, previous evidence on this link seems to be mixed 
for Germany (see, e.g., Antonczyk et al., 2009; Rinawi and Backes- Gellner, 2015). 
Other contributions show that an increasing heterogeneity between firms, com-
bined with a matching of good workers and good firms, can explain a large part of 
the recent increase in inequality (Card et al., 2013; Barth et al., 2016; Song et al., 
2019). A different strand of the literature (e.g., Dustmann et al., 2009; Baumgarten 
et al., 2018; Biewen and Seckler, 2019) highlights the importance of institutional 
changes in the form of deunionization, whereas internationalization seems to be 
another potential explanation (Baumgarten, 2013). A recent study (Biewen et al., 
2018) stresses the importance of an increasing heterogeneity in individual labor 
market histories. Based on a reweighting method, the authors link a substantial 
part of the rising earnings inequality to increasing heterogeneity in terms of past 
employment interruptions and part- time work, especially at the bottom of the 
distribution.

As the present study identifies changing employment patterns as an important 
factor, it also relates to a broader literature on the evolution and earnings effects 
of employment breaks and part- time employment. Previous work by Tisch and 
Tophoven (2012) compares birth cohorts 1959 and 1965 of the German baby 
boomers. Similar to the results of this paper, they document an increasing inci-
dence of part- time and non- employment episodes in individual employment biog-
raphies among individuals born in later years. Taking also more recent cohorts into 
account, Bachmann et  al. (2018) find a decline in regular employment together 
with a simultaneous increase in a- typical employment among West German men 
born between 1944 and 1986. These trends are found not only in young workers, 
i.e., as a result of substantially longer time spent in education, but also across all 
age groups. Although providing new insights, both studies abstain from establish-
ing a direct link to the evolution of earnings inequality over time. Brehmer and 
Seifert (2008) and Wolf (2010) show that part- time employment is associated with 
lower hourly wages relative to full- time employment. Finally, a number of studies 
(Beblo and Wolf, 2002; Görlich and De Grip, 2009; Potrafke, 2012; Fernández- 
Kranz et al., 2014; Blundell et al., 2016; Paul, 2016) provide direct evidence that 
both employment interruptions and part- time episodes tend to adversely affect 
future earnings growth.

3. data

The analysis in this paper is based on the Sample of Integrated Employment 
Biographies (SIAB), which constitutes a 2 percent random sample of all employees 
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covered by social security records between the years 1975 and 2014. The data are 
well suited for studying changes in long- term earnings across cohorts due to the 
fact that complete employment histories of approximately 1.75 million individu-
als are provided. For the birth cohorts covered in the present analysis, the SIAB 
overall includes between approximately 21,000 and 32,000 individuals. The SIAB 
also includes a rich set of covariates related to individual employment biographies, 
complemented by additional firm- level information of the Establishment History 
Panel that can potentially explain the increasing dispersion of long- term earnings. 
In this regard, the data are more suitable for a detailed decomposition analysis 
than the Federal Pension Register (Versicherungskontenstichprobe) that has mostly 
been used in previous research but includes a very limited number of covariates. 
On the downside, the SIAB does not contain any information before the year 1975. 
Therefore, the study focuses on individuals born between the years 1955 and 1974 
who can at least be observed between the ages of 20 and 40. To facilitate compa-
rability with previous studies, the analysis is restricted to male individuals working 
in West Germany only. In line with previous studies, the analysis does not consider 
women.

For the subsequent analysis, a sample comprised of individuals with a suffi-
cient labor market attachment is defined. This is achieved by imposing the follow-
ing restrictions:1 First, to ensure that individuals can be observed throughout the 
relevant part of their career, a maximum age for labor market entry depending on 
educational attainment is imposed, i.e., 30 years (individuals with university 
degree), 28 (completed high school and vocational training), 25 (without com-
pleted high school but with vocational training), and 23 for all others (neither high 
school degree nor vocational training or missing educational information). 
Similarly, individuals who have their last observable employment spell more than 3 
months before reaching a certain age threshold (e.g., age 40) as well as individuals 
with a single non- employment spell of more than 5 years are omitted from the 
sample. Imposing similar restrictions is important to minimize the risk of includ-
ing individuals who emigrated or became self- employed during their working life. 
Second, lower bounds on both annual and total long- term earnings are imposed. 
Regarding annual earnings, individuals are required to have real earnings greater 
than 5000 euros in at least half  of the years they could potentially be working after 
age 25. For example, to be included in the up- to- age 40 (UA40) earnings sample, 
individuals need to have real earnings of at least 5000 euros in 8 years or more. In 
addition, individuals are required to have total long- term earnings that correspond 
to an average annual earning of at least 5000 euros. Therefore, for total UA40 cov-
ering all earnings starting with the year the individual turns 20, a lower bound of 
105,000 euros is imposed (130,000 euros for UA45). Finally, individuals with 
observable employment spells in East Germany are equally omitted. Imposing 
these restrictions leaves 109,194 (81,271/49,864) individuals for which complete 
UA40 (UA45/UA50) employment biographies can be constructed. A more detailed 
overview on the number of observations by cohort is provided in Table SA1 in the 
Online Supporting Information. The sample defined in this way deliberately does 

1Imposing similar restrictions is common in the literature on long- term earnings inequality. The 
restrictions imposed on the sample in this paper follow those in Guevenen et al. (2017) and Boll et al. 
(2017).
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not include women. This is due to lower labor force participation rates among 
German women, which result in a significantly smaller number of earnings biogra-
phies that fulfill the imposed minimum criteria of labor market attachment. 
Moreover, changing patterns in terms of selection into employment (and ultimately 
into the sample) inherently complicate any long- run comparison across cohorts.

As the earnings information in the SIAB is censored at the limit for the 
statutory pension fund, earnings above this threshold are imputed following the 
procedure described in Gartner (2005). A more detailed description of the proce-
dure is provided in the Online Supporting Information to this paper. Depending 
on the year of observation, up to 15 percent of observations are affected by this 
right- censoring. Therefore, as it is common practice in studies based on German 
administrative data, this paper focuses on the development of earnings inequality 
below the 85th percentile of the different UAX measures. Because of this property, 
the subsequent analysis might in fact underestimate the true increase in inequality 
given that parts of the development at the very top of the distribution will not be 
captured. Starting in 1984, one- time payments were counted toward annual earn-
ings resulting in both an increase in average daily wages and a spurious increase 
in annual earnings inequality between the years 1983 and 1984. To account for 
this structural break, the procedure introduced by Bönke et  al. (2015a) is used, 
which denotes a modification of the procedure by Fitzenberger (1999) that works 
on panel data. Similar strategies were used in other studies such as Dustmann et al. 
(2009) and Card et al. (2013). The procedure is outlined in the Online Supporting 
Information.

From a data perspective, another challenge lies in the German reunification 
and the fall of the Berlin Wall, allowing individuals to move freely between the for-
merly separated parts of Germany. As the SIAB does not include any information 
on earnings in East Germany before January 1, 1991, individuals with employment 
spells in the former German Democratic Republic (which remain unobservable), 
who migrated to West Germany in the aftermath of the fall of the Berlin Wall, 
potentially end up in the sample. However, an effect on the decomposition results 
(comparing pooled cohorts 1955– 1957 to 1972– 1974) can be ruled out due to the 
following reasons: For the analysis, individuals who can be observed in the SIAB 
before 1989 are assumed to only consist of West Germans, given the fact that the 
Berlin Wall did not fall before late 1989 and East– West migration was virtually 
impossible. Combined with the maximum labor market entry age of 30 (for indi-
viduals holding a university degree), individuals born before 1959 are assumed 
to only consist of West Germans. Similarly, individuals born after 1970 are not 
affected by relevant unobservable employment spells in East Germany, given the 
fact that starting in 1991, the SIAB covered both East and West Germany and only 
earnings starting at age 20 are included in the UAX earnings measures. Therefore, 
the decomposition results are not diluted by individuals with unobservable employ-
ment spells in East Germany.

3.1. Trends in Long- Term Earnings

In the analysis of long- term earnings, this paper follows the approach sug-
gested in Bönke et al. (2015a) in calculating up- to- age X earnings (UAX) for 
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different ages (though with some methodological differences). The concept of up- 
to- age X earnings addresses and balances the trade- off  between the number of 
birth cohorts that can be included in the analysis and the time each individual can 
be observed in the data. In detail, the computation of UAX proceeds as follows. In 
a first step, daily earnings are aggregated to yearly earnings and inflated/deflated 
to the level of 2010. In a second step, cumulative earnings are calculated for each 
individual between the year the person turns 20 up to and including the year the 
individuals is reaching a certain age threshold (e.g., age 40 for the computation of 
UA40).

In line with the literature (Bönke et al., 2015a; Guevenen et al., 2017), two sets 
of results are provided: First, and as the main specification, nominal earnings are 
inflated/deflated to real earnings in terms of the year 2010 using the aforemen-
tioned German consumer price index. No additional discounting of these real 
earnings is made in this specification. As argued in the literature (e.g., Guevenen 
et al., 2017), a possible argument in favor of this approach is that there is no clear 
choice for an appropriate discounting rate of future earnings. Second, as an addi-
tional robustness test, the analysis is repeated incorporating an additional dis-
counting of future earnings. For the construction of this measure, individual 
earnings are discounted to the year a cohort reaches the age of 20. The discount 
rate chosen is the average yield of German federal bonds, which can be considered 
as a (mostly) risk- free investment (henceforth: federal discounting). The corre-
sponding time series are obtained from the German Central Bank.2 These results 
are presented in the Online Supporting Information.

Both earnings measures only include payments from employment subject to 
social insurance contributions before tax, i.e., social transfer payments as well as 
earnings from periods of self- employment are not part of the analysis. Therefore, 
the earnings measure mirrors the price of labor paid in the market. Contrary to 
this approach, Bönke et al. (2015a) also add employers’ social insurance contribu-
tions to the earnings measure as certain occupational groups, such as minors and 
sailors, have differing social security arrangements. As the share of these groups 
is negligible in the cohorts covered in the present study, a similar adjustment is 
not made. Earnings from marginal part- time employment (Minijobs) are also not 
included for consistency reasons, as these episodes were unobservable in the data 
before April 1, 1999.

At this point, it is insightful to descriptively compare the development in long 
term to cross- sectional inequality among the cohorts covered in the study. Figure 1 
illustrates the development of the Gini coefficient in the two UA40 measures with 
the development in cross- sectional inequality. More precisely, cross- sectional 
inequality is measured as the mean of annual Gini coefficients (until reaching the 
age of 40) for each cohort.3 The lowest line refers to UA40 earnings with an addi-
tional discounting of real earnings. Although inequality levels are generally lower 

2In line with Bönke et al. (2015a), the study uses the time series WU0004 available online at the 
German Central Bank.

3A similar representation is provided in Bönke et al. (2015a) for the cohorts 1935– 1949 and lifetime 
earnings. Note that inequality levels tend to be higher in their representation as it refers to lifetime as 
opposed to UA40 earnings.
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when compared to the specification without this additional discounting, both series 
follow the same trend and observe a significant increase in the Gini coefficient. The 
rise is moderately more pronounced for the series with additional discounting of 
real earnings (approximately +40 percent vs. +35 percent). This is owed to the fact 
that real interest rates in Germany used to be quite high, but decreased substan-
tially from the late 1990s onwards. This in turn decreased the discounting factor for 
later cohorts, resulting in higher levels of inequality and, correspondingly, a steeper 
increase across time. As well known from previous research, the graph shows that 
inequality levels are generally lower in long- term as opposed to cross- sectional 
earnings as a result of earnings mobility. More importantly, it also reveals that both 
measures increased substantially across the cohorts studied with the increase in 
long- term earnings inequality being moderately more pronounced (approximately 
+35 percent or +40 percent as opposed to +34 percent).

Based on this insight, the development of long- term inequality is studied more 
comprehensively. Figure 2 illustrates the indexed (real) growth in UA40 earnings at 
different percentiles of the unconditional within- cohort distribution for men born 
between the years 1955 and 1974. The graph reveals three important developments. 
First, an increasing inequality in UA40 earnings within cohorts which is due to a 
monotonic development in the sense that, when considering the overall change 
between cohorts 1955 and 1974, lower percentiles below the median suffered losses 
whereas the upper half  gained. Numerically, the 85th percentile of the UA40 
distribution increased by approximately 12 percent, whereas the 15th percentile 
decreased by as much as 13 percent. Second, over the entire period of study, the 
graph shows a stagnation in median UA40 earnings with the development resem-
bling an inverse U- shape. More precisely, median earnings increased up to birth 
cohorts 1965 and gradually deteriorated thereafter. Third, the graphical analysis 
suggests that the increase in inequality sped up dramatically among cohorts born 
in the early 1970s, which seems to be driven by severe real earnings losses at the 

Figure 1. Development of Gini Coefficients 
Notes: Development of Gini coefficients in UA40 and cross- sectional earnings (mean of annual 

Gini coefficients until reaching the age of 40), cohorts 1955– 1974. Zero yearly earnings are included in 
the computation of annual Gini coefficients.
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bottom and some moderate gains at the top. Finally, note that these developments 
are not a direct consequence of a delayed labor market entry, and the overall pic-
ture remains when only earnings starting at age 25 are considered (for details, see 
Figure SA5 in the Online Supporting Information).

The described development matches very well with previous evidence in 
Corneo (2015a,b) based on the Federal Pension Register. Considering their results 
on cohorts born in or after 1955 only, this previous study also finds a substantial 
decline in UA40 earnings at the bottom of the distribution which equally seemed 
to accelerate sharply for cohorts born in or after the mid- 1960s. At the same time, 
it suggests a similar stagnation in median earnings for the aforementioned period 
(in contrast to substantial gains for earlier cohorts). Similarly, both studies docu-
ment significant gains at the top of the intra- cohort distribution which, however, 
seem to be more pronounced in the present study. Overall, these strong parallels 
are reassuring that the SIAB data denote a feasible complement to the data of the 
Federal Pensions Register for studies in need of a larger set of employment- related 
covariates.

At first glance, the finding of stagnating long- term earnings seems to be at 
odds with previous work on cross- sectional earnings documenting significant 
gains in median hourly/daily earnings over the time period covered in the data at 
hand (e.g., Dustmann et al., 2009). However, looking at the previous findings more 
closely, the results show that gains in cross- sectional earnings among German men 
were distributed very unevenly over the overall time period. Dustmann et al. (2009) 
show that real gains were almost exclusively realized before the German unifica-
tion, whereas median earnings largely stagnated in the post- unification period, i.e., 
at a time when the later cohorts entered the labor market. Figure SA3 in the Online 
Supporting Information shows the indexed growth in cross- sectional earnings over 
the period 1975– 2014 among full- time men at different ages. It reveals that cohorts 
1955 and 1974 earned largely similar real full- time daily earnings at both age 25 
(when most of the cohorts already entered the labor market) and age 40, which can 
be easily seen by comparing the age- 25- earnings in the years 1980 and 1999 as well 

Figure 2. Indexed Real Growth in UA40 
Notes: Indexed growth in percentiles of the unconditional UA40 distribution, cohorts 1955– 1974
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as the age- 40- earnings in the years 1995 and 2014. Although this finding on cross- 
sectional earnings does not directly translate into stagnating long- term earnings 
(mainly because of potential differences in employment patterns), it is well aligned 
with the finding on stagnating long- term earnings among later cohorts.

Figure 3 summarizes the impact of the outlined development on inequality 
in different long- term earnings measures (UA40/UA45/UA50). Overall, the graph 
reveals a strong inequality increase in all parts of the UAX- measures with the 
aforementioned acceleration among cohorts born in the early 1970s. In terms of 
UA40, this is reflected in a sharp increase in the Gini coefficient from 0.168 to 
0.226 (approximately +35 percent), which affected both the upper part (85- 50 log 
earnings gap, approximately +39 percent) and the lower part (50- 15 log earnings 
gap, +45 percent) of the distribution. In this regard, the results partly differ from 
previous findings on Germany (see Bönke et al., 2015a) who assigned most of the 
increase in inequality to the bottom of the distribution. Interestingly, the increase 
at the top of the distribution was mostly driven by cohorts born in the early 1970s 
that were not included in the previous study. In line with existing evidence, inequal-
ity as captured by the different measures is increasing over the life cycle. An excep-
tion is the lower part of the distribution, which exhibits higher levels of inequality 
in terms of UA40. Confirming the general trends and argument provided in Bönke 
et al. (2015a), the presented graphical evidence suggests that the development in 
UA40 earnings appears to be closely linked to the developments in UA45/UA50 
which can, however, be observed only for a limited number of cohorts.

Figure 3. Inequality in up- to- age- X 
Notes: Development of inequality in long- term earnings (UA40/UA45/UA50), cohorts 1955– 1974
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As the German workforce was subject to some major educational upgrad-
ing during the period of study (see Section 3.3 for more details), it is important 
to study the development within the different education groups more carefully. 
Figure 4 summarizes the development within three broad educational groups, i.e., 
No Degree, High School and/or Voc. Training, and University. The graph on the left 
includes the development of inequality in terms of the Gini coefficient, the graph 
on the right the change in median earnings. The graph documents that inequality 
increased not only among all individuals of later cohorts but also within education 
groups. This increase was strongest within the lowest educational group (approx-
imately +70 percent) and roughly similar among individuals holding a university 
degree or with vocational background (approximately +29 percent). Nevertheless, 
the impact of the sharp rise of inequality within the lowest educational group on 
overall inequality should not be overstated given the small relative group size. In 
addition, the graph shows that inequality levels tend to be highest among individ-
uals with university background. At the same time, the graph reveals a decrease 
in median earnings among individuals without a university degree. These losses 
were strongest for individuals without a degree (approximately −17 percent) when 
compared to rather marginal losses among individuals with vocational training 
(approximately −1.8 percent). At the same time, university graduates born in 1974 
realized marginal gains (approximately +1.1 percent) relative to graduates born in 
1955. This mirrors the previous findings of losses in UA40 being mostly located at 
the bottom of the UA40 distribution. As overall median earnings virtually stag-
nated (approximately −0.2 percent), this result suggests that the losses among indi-
viduals with lower levels of education were neutralized by a shift toward higher 
average educational attainment among later birth cohorts.

3.2. Trends in Employment Patterns

Against the background of the trends outlined in the previous section, it is 
insightful to take a closer look at factors that can potentially explain this devel-
opment. Hereby, it is crucial to understand whether the observed changes are 
caused by changes in individuals’ labor market participation during the working 

Figure 4. Evolution of UA40 Within Education Groups 
Notes: Illustration shows development of Gini coefficient (left) and median (right) within 

educational subgroups, cohorts 1955– 1974
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life, or whether they are because of changes in earnings during the time individ-
uals were actually employed (i.e., changes in long- term hours worked vs. changes 
in daily/hourly earnings while being employed). Although the SIAB does not 
include precise information on hours worked, the data allow to consistently distin-
guish between episodes of full- time, part- time, and non- employment in individual 
employment biographies using the information of the Employee History (BeH). In 
principle, it would also be possible to distinguish episodes of unemployment from 
other forms of non- employment by exploiting information on unemployment ben-
efits recorded in the Benefit Recipient History (LeH), the Unemployment Benefit 
II Recipient Histories (LHG and XLHG), as well as the Jobseeker- Histories (ASU 
and XASU) provided by the Federal Employment Agency. However, the latter 
data sources are not available in the early years. Furthermore, there were several 
reforms that affected the entitlement to unemployment benefits, and therefore, a 
consistent measure across the cohorts used in this study cannot be constructed. As 
a consequence, the measure used for non- employment is defined as all episodes in 
individual employment biographies (after labor market entry) where an individual 
did not follow an employment subject to social insurance contributions. Besides 
unemployment spells, these include marginal part- time employment (Minijobs), 
self- employment, as well as time spent in further education.

Figure 5 presents the indexed changes in employment patterns across cohorts. 
It includes changes in the duration of full- time employment, part- time employ-
ment, non- employment, and total employment (i.e., either full- time or part- time 

Figure 5. Evolution of Employment Patterns 
Notes: Changes in number of months spent in different forms of employment by quartile of the 

UA40 distribution, cohorts 1955– 1974
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employment) relative to the baseline cohort 1955. Although remaining the by far 
most frequent form of employment among German men, the figure reveals a con-
siderable reduction in full- time employment among later cohorts which is found to 
be strongest for individuals at the bottom of the UA40 distribution. For example, 
the average time spent in full- time employment among individuals in the bottom 
quartile of UA40 decreased by approximately 16 months, or 8.7 percent, between 
cohorts 1955 and 1974. At the same time, there was also some reduction for higher 
quartiles which is, however, quantitatively less pronounced and decreasing over 
the distribution. Numerically, the average time spent in full- time employment 
decreased by on average 8.8 months for quartile 2, 7.1 months for quartile 3, and 
2.5 months for the highest quartile.

This development was mirrored by an increase in part- time employment. 
Starting from a very low level among individuals of birth cohorts 1955– 1957, the 
graph documents an increase in the average duration spent in part- time employment 
in all parts of the UA40 distribution. The graph also shows that individuals in the 
bottom quartile of the UA40 distribution were by far most affected by this expan-
sion, with the average time spent in part- time employment increasing by nearly an 
entire year (11.8 months). This growing importance of part- time employment in 
recent decades applied, contrary to common perceptions, also to German men (see, 
e.g., Brenke, 2011; Biewen et al., 2018). Besides ongoing structural changes and a 
resulting demand for more flexible working arrangements, this development was 
also enforced by several legal changes, such as the Teilzeit und Befristungsgesetz 
(TzBfG), which increased the relative attractiveness of part- time employment. 
The outlined development had a potentially twofold effect on long- term earnings. 
Besides a simple reduction in long- term labor market participation (in the form of 
fewer working hours) and the resulting earnings losses, the previous literature (see 
Section 2 for references) has also documented adverse effects of part- time employ-
ment and non- employment on future earnings growth. In addition, the data show 
that part- time employment does not only occur at the beginning of the life cycle, 
but also throughout individuals’ careers. More precisely, the last observable cohort 
1974 exhibited a roughly stable overall part- time employment rate of 3– 5 percent 
until the age of 40 (measured as the share of individuals being employed part- time 
on June 1 of each year), while the cohort 1955 (the first cohort being part of the 
analysis) even experienced a moderate growth over the life cycle, though starting 
from very low levels. Therefore, the finding of higher part- time employment rates 
up to age 40 among later cohorts can likely be generalized to the overall life cycle.

From a normative perspective, an important question is whether these higher 
rates of part- time employment are by choice or resulting from a failure to obtain 
an adequate full- time position. While this question cannot be fully addressed 
within the scope of this paper, the literature sheds some light on this aspect. On 
one hand, it shows that the number of involuntary part- time employment has been 
increasing in the US, explaining most of the rise in part- time employment in recent 
decades (Tilly, 1996; Canon et al., 2014, Even and Macpherson, 2019). Green and 
Livanos (2017) argue that involuntary part- time employment has also grown in 
many European countries, with levels being comparably moderate in Germany. 
Though being somewhat speculative, the observation of an increasing number 
of involuntary part- time employment also fits well with the results presented in 
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Section 5, showing that part- time employment has mainly increased inequality at 
the bottom of the long- term earnings distribution. On the other hand, it would 
also be conceivable that, in light of changing gender roles and an increasing relative 
attractiveness of part- time work, an increasing number of men voluntarily decided 
to work part- time (e.g., for family reasons).

Simultaneously, this development was accompanied by an increase in the 
incidence of non- employment which was, however, much more moderate when 
compared to the increase in part- time employment. Numerically, it amounted to 
2.6 months for the lowest and 1.2 months for the highest quartile. A comparison 
with the results on unemployment in Bönke et al. (2015a) reveals some differences 
that can be resolved on closer examination. Contrary to the findings in this paper, 
Bönke et al. (2015a) provide evidence for a sharp rise in unemployment among 
individuals in the lowest quartile between cohorts born in the mid- 1930s and early 
1960s. However, the by far largest part of this increase took place up to the birth 
cohorts of the late 1950s (mainly as a result of the oil crisis) with growth rates slow-
ing down thereafter. Therefore, while equally documenting the strongest growth 
in the lowest quartile, observable difference can be traced back to the different 
cohorts covered. In direct comparison to non- employment, the expansion in part- 
time employment is found to be substantially stronger (e.g., by approximately the 
factor 4.5 for the lowest quartile) for the cohorts covered in the present study and 
more unevenly distributed along the UA40 distribution.

Finally, these findings raise the question of how the total employment dura-
tion (i.e., full-  or part- time) was affected by these changes. Figure 5 shows a rela-
tively modest decrease of approximately 4 months for the lowest 75 percent of the 
UA40 distribution and a marginal increase (+0.7 months) for the highest quartile. 
Overall, the descriptive evidence suggests that much of the reduction in full- time 
employment among cohorts 1955– 1974 was in fact due to a shift toward part- time 
rather than non- employment.

3.3. Trends in Education

The cohorts included in the study also differ substantially in terms of their 
educational attainment. Figure 6 displays the share of individuals within cohorts 
in the three broad categories No Degree, High School and/or Vocational Training, 
as well as University. The graph shows the educational expansion of recent decades 
as similarly documented in previous research. Most importantly, there was a strong 
increase in the share of individuals holding a university degree, which increased 
from 11.5 percent among individuals of birth cohort 1955 to 18.4 percent among 
those born in 1974. This development was accompanied by corresponding declines 
in both the share of medium skilled workers (i.e., individuals with a high school 
degree and/or vocational training) and the share of low skilled workers (i.e., indi-
viduals who neither completed vocational training nor hold a high school degree). 
Note that the later decomposition analysis uses a more fine- grained educational 
measure distinguishing between six categories: Lower/middle secondary with-
out vocational training, Lower/middle secondary with vocational training, Upper 
 secondary (German high school equivalent) without vocational training, Upper 
secondary (German high school equivalent) with vocational training, University or 
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Fachhochschule degree, as well as Missing information. To improve on the education 
variable in the SIAB, which in some cases suffers from both missing and implausi-
ble information, the imputation procedure (IP2A) suggested by Fitzenberger et al. 
(2006) is used.

3.4. Trends in Job Mobility, Migration, and Firm Characteristics

In addition to changing employment patterns and educational upgrading, 
the subsequent analysis considers further important characteristics related to indi-
vidual employment biographies as shown in Table SA1. Some of these have also 
changed to noteworthy degree and are therefore considered as potential sources of 
increasing inequality in long- term earnings. A few examples are described below.

For example, changing job mobility patterns across cohorts might constitute 
another source of increasing inequality in long- term earnings. Against this back-
ground, the further analysis distinguishes two different types of job mobility in 
line with Gius (2014): firm changes within the same industry or occupation (job 
changes) on one hand, and firm changes where both the industry and occupation 
change (career changes) on the other hand. Gius (2014) shows this to be an import-
ant distinction, given that the first type of job change is associated with a posi-
tive earnings effect, whereas the latter one is found to have an adverse effect. The 
underlying theoretical argument is that individuals with a high number of career 
changes tend to accumulate fewer industry and occupation- specific human capital 
and should, on average, have a slower earnings growth over their career. Contrary 
to that, job changes within a certain occupation or industry (or within both) could 
potentially be linked to positive earnings effects due to a faster accumulation of 
human capital. However, the net effect of this second type of job change also 

Figure 6. Share of Different Education Groups 
Notes: Share of individuals in different educational groups, cohorts 1955– 1974
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remains to a certain extent unclear as it potentially includes a significant share 
of layoffs or other types of non- voluntary job changes. The descriptive evidence 
presented in Table SA1 shows that job changes were generally more frequent than 
career changes and the mean of both type of firm changes moderately increased 
among individuals born in the years 1972– 1974.

To capture the potential impact of migration, a dummy variable indicating 
whether a person is German by birth is included. According to the definition used 
in this paper, a person is classified as German by birth if  he or she has German citi-
zenship throughout the entire observable working life recorded in the data. During 
the study period, there was an increase in individuals with migration background 
with their relative shares increasing from 11 to 22 percent between pooled cohorts 
1955– 1957 and 1972– 1974. Given the previous finding that changing occupational 
characteristics (as a result of SBTC) potentially explain a significant share of rising 
cross- sectional wage inequality (see, Ehrl, 2017), a set of 32 occupation dummies 
are included in the analysis. Differences across industries are captured by the inclu-
sion of sector dummies (44 categories). Both measures refer to the most frequent 
occupation/sector an individual worked in until the age of 40.

As the previous research on cross- sectional earnings inequality points toward 
an increasing importance of between- firm differences (see Section 2), the anal-
ysis includes a number of firm characteristics that can be constructed from the 
data. Against the background of the previous literature, the establishment size 
an individual worked at mostly denotes a potentially important feature for the 
development of individual long- term earnings. For the subsequent analysis, three 
firm sizes are distinguished which are small (1– 50 employees), medium (51– 500 
employees), and large (>500 employees) establishments. To capture firm- level tech-
nological change, this paper follows a strategy similar to the most recent literature 
(e.g., Harrigan et  al., 2016; Barth et  al., 2017) by exploiting information in the 
Establishment History Panel on the number of engineers and natural scientists 
(Techies) working in an establishment. As these numbers potentially differ system-
atically across different industries, an establishment is defined as high tech if  its 
share of engineers and natural scientists lies above the mean of the industry. In 
an analogues way, regional heterogeneities are accounted for by the inclusion of 
federal state dummies for the establishment’s location (10 categories). Once again, 
these firm- level measures are aggregated over an individual’s biography and there-
fore refer to the type of firm an individual worked at mostly.

4. econoMetric Methods

The subsequent analysis builds on RIF decomposition to disentangle the 
increasing inequality in UA40 earnings between pooled cohorts 1955– 1957 and 
1972– 1974. The method represents an extension of the well- known Oaxaca– 
Blinder decomposition that allows to decompose changes in any distributional sta-
tistics into a part being because of changes in the distribution of covariates while 
fixing the corresponding returns (composition effect), and one because of changes 
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in the returns to these covariates leaving the distribution of covariates unchanged 
(returns effect).4 Contrary to other decomposition techniques, the major advan-
tage of RIF decomposition lies in the fact that it is the only method that allows for 
both a path- independent and detailed decomposition of any distributional statistic 
of interest. Therefore, it allows to link changes in a number of inequality measures 
(85- 15/85- 50/50- 15 log earnings gaps, Gini, log variance) to the different covariates 
outlined in Section 3.

The method itself  is based on unconditional quantile regression as intro-
duced in the seminal contribution by Firpo et al. (2009). The main idea is to run 
regressions of the RIF of some distributional statistic of interest on explana-
tory variables. The RIF is a recentered version of the influence function defined 
as RIF(y,ν)=ν+IF(y;ν), where ν denotes the statistic of interest and IF(y;ν) the 
influence function corresponding to an observed outcome (or UA40 earnings) 
y for a distributional statistic of interest ν. It can easily be shown that the RIF 
has the same expectation as the original statistic of interest and integrates to ν 
as ∫ RIF (y;�) dF(y) = ∫ (� + IF (y;�)) dF(y) = �

(
Fy

)
, where Fy is the distribution 

function of the dependent variable. Assuming that the conditional expectation of 
the RIF is a linear function of the explanatory variables, the RIF is modeled as 
E[RIF(Y;ν)|X]=Xγ, where γ can be estimated by OLS. Given this linear specifica-
tion, the Oaxaca– Blinder decompositions using the RIF regression coefficients can 
be used to split up the overall change Δ�

O
 in a distributional statistic of interest ν 

into a composition Δ�
X

 and a returns effect Δ�
S
. 

where FY0|c=s and FY1|c=s denote the distributions of UA40 earnings among work-
ers in cohort s receiving the returns to characteristics of cohort 0 and cohort 1, 
respectively.

Firpo et  al. (2007) point out that because of their linear specification, the 
RIFs are only local approximations that potentially lead to biased results in case of 
large changes in the distribution of characteristics. This shortcoming is addressed 
by a refined version of the decomposition suggested in Firpo et al. (2014, 2018), 
which additionally incorporates inverse probability weighting (DiNardo et  al., 
1996). The main idea lies in the creation of an artificial cohort 01, in which the 
cohort 0 distribution of characteristics X is reweighted to that of the target cohort 
1. Using two separate Oaxaca– Blinder decompositions, the overall change Δ�

O
 is 

split up into four components: 

where Δ�
X,p

 denotes the estimate for the detailed composition effect, i.e., the effect 
from changing the distribution of a certain group of covariates while fixing its 

4The decomposition literature often uses the term wage structure effect. However, as this paper 
analyzes long- term earnings, as opposed to wages, the suggested terminology is used.
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returns (at the level of cohort 0). For instance, the detailed composition effect linked 
to part- time employment would reflect the change in ν that results from changing 
the distribution of UA40 part- time spells of cohort 0 to that of cohort 1. The term 
Δ�
X,c

 denotes the specification error that reflects differences in the estimated RIF 
coefficients between the cohorts 01 and 0. In other words, it corresponds to the 
difference between the linear approximation of the composition effect estimated 
by RIF decomposition and the estimate of the composition effect received from 
applying DiNardo et al. (1996) reweighting (which does not impose any conditions 
regarding the functional form). Therefore, a small value for the specification error 
indicates that a linear approximation of the composition effect is appropriate. The 
term Δ�

S,p
 denotes the detailed returns effects that capture the effect from changes 

in γ for a certain group of covariates. As γ is estimated from unconditional (as 
opposed to conditional) quantile regression, it represents changes both between 
and within subgroups. Finally, Δ�

S,c
 represents the reweighting error that stems from 

differences in the distribution of covariates between cohort 1 and the reweighted 
base cohort 01 and should, in case the reweighting procedure was successful, be 
close to zero.

Fortin et al. (2011), among others, point out that the detailed decomposition 
results of the returns effect for groups of categorical variables depend arbitrarily 
on the choice of the omitted reference group. To address this concern, RIF regres-
sion coefficients are normalized such that they sum up to zero within a group of 
categorical variables J, i.e., 

∑
j∈J� j = 0 (see Gardeazabal and Ugidos, 2004), effec-

tively making the results independent of the chosen reference group. As another 
advantage, this kind of normalization facilitates the interpretation of results as 
information on the general level of ν is captured by the intercept, whereas the 
regression coefficients mirror deviations of individual categories from this general 
level. Accordingly, the intercept also captures changes in the relative importance of 
different groups of covariates as well as the contribution of unobservable factors 
(see Biewen and Seckler, 2019, for a more rigorous discussion).

Finally, note that the results from RIF decomposition should not be inter-
preted as causal effects. This is because of the fact that statistical decomposition 
techniques (including RIF decomposition) do not account for general equilib-
rium effects, as they generally assume invariance of the conditional distribution. 
Similarly, the method does not account for the fact that different explanatory fac-
tors might be dynamically related, i.e., changes in one group of covariates (e.g., job 
mobility) might be the result of changes in another group (e.g., education). Despite 
these limitations, RIF decomposition represents a highly useful tool to deepen the 
understanding of what factors are associated with the observed changes in the 
distribution of individual long- term and lifetime earnings.

5. decoMposition results

5.1. Inequality in Average Yearly Earnings vs. Total Years of Employment

This section provides a descriptive analysis of UA40 earnings inequality 
along both the extensive and intensive margins, i.e., (i) inequality in total years of 
employment (=days in full- time or part- time employment/365) and (ii) inequality in 
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average yearly earnings (=UA40/total years of employment). In doing so, it follows 
the intuitive logic that long- term (UA40) earnings can be described as UA40 earn-
ings = total years of employment UA40×average yearly earnings UA40. Therefore, 
it provides a first answer to the question of whether the observed increase in UA40 
earnings inequality was due to an increasing inequality in long- term labor market 
participation (as measured by total years of employment) or due to an increasing 
inequality in earnings during times of employment (as measured by the average 
yearly earnings).

Table 1 summarizes the development in all three quantities. Starting with a 
description of UA40 earnings, the results show a substantial increase along the 
entire distribution as shown in Section 3.1. With regard to average yearly earn-
ings, the results reveal a similar pattern. For example, the 85- 15 log earnings gap 
in UA40 increased from 0.605 to 0.818 (i.e., by approximately +35 percent), while 
the inequality in average yearly earning rose from 0.551 to 0.721 (i.e., approxi-
mately +31 percent). Turning to the total years of employment, the analysis shows 
a moderate increases in all inequality measure, which are, however, quantitatively 
smaller when compared to the other two quantities. Numerically, overall inequal-
ity in terms of the 85- 15 log earnings gap rose from 0.329 to 0.367 (approximately 
+12 percent). Increases in the Gini coefficient and log variance were more modest 
amounting to 8.2 and 2.7 percent, respectively.

In a further step of analysis, the relative importance of both margins is illus-
trated in a variance decomposition (see, e.g., Juhn et al., 1993; Blau and Kahn, 
2011; Biewen and Plötze, 2019). The total inequality in UA40 is decomposed 
according to var(logUA40) = var(log(av. yearly earnings UA40)) + var(log(total 
years of employment UA40) + 2cov(log(av. yearly earnings UA40), log(total years 
of employment UA40)). The results in Table 2 show that for the cohorts studied, 
inequality in average earnings explain about three- fourths (approximately 77 per-
cent) of total long- term earnings inequality, with the remaining parts being due to 
inequality in the total years of employment and the covariance term. Interestingly, 
the log variance in total employment only increased moderately (+2.7 percent). 
Therefore, the observable increase (0.073) in UA40 can mostly be attributed to an 
increasing inequality in average yearly earnings (approximately +77 percent), with 
the remaining share being due to an increase in the total years of employment 
(approximately +1 percent) and the covariance term (approximately +12 percent).

How do these results fit to the descriptive evidence on employment patterns 
presented earlier in the paper? First, it is important to recall that total employ-
ment as defined here captures both periods of full- time and part- time employment. 
Therefore, the substantial shift from full-  to part- time employment (see Figure 5) 
leaves the total years of employment unaltered. Second, as commonly argued in 
the literature (see, e.g., Biewen and Plötze, 2019), classical variance decomposi-
tions are restrictive for several reasons. Most importantly, the analysis is limited to 
the variance of logs, and therefore, a very specific inequality measure. Therefore, 
it implicitly assumes that the impact of changes in total years of employment in 
fact worked through changes in the variance of log total employment. In con-
trast to the findings on the log variance, the descriptive evidence provided in 
Table 1 showed substantially stronger increases in the other inequality measures 
provided. Independent of this discussion, the result persists that the increase in 
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UA40 earnings is largely because of an increase in the inequality of average yearly 
earnings as opposed to the total years of employment.

5.2. Determinants of Long- Term Earnings Inequality

The first step of analysis is a decomposition of the observed changes in total 
long- term (UA40) earnings inequality. For reasons of clarity, the previously pre-
sented covariates are summarized in five groups in line with Table 3. For the base-
line model, these are Education, Occupation, Job mobility, Nationality, and Firm. A 
more comprehensive analysis of the impact of changing employment patterns, 
which are not included in the baseline model, is provided in a separate analysis in 
Section 5.5.5

5As pointed out by a referee, it is generally difficult to include variables related to employment 
patterns alongside other covariates. This is for two reasons: First because of a mechanically close rela-
tionship between long- term earnings and years of employment. Second, because of the fact that factors 
like educational upgrading likely impacted both employment patterns (such as increasing part- time 
employment) and long- term earnings simultaneously. Therefore, it is difficult to assess the importance 
of both channels relative to each other. Nevertheless, there are also examples in the literature using a 
similar estimation strategy (e.g., Boll et al., 2017).

TABLE 3  
groups of covariates

Group Covariates

1. Education Highest educational degree UA40 (6 categories)
2. Occupation Most frequent occupation UA40 (32 categories)
3. Nationality German by birth (binary, no spells with foreign 

nationality)
4. Job mobility Number of firm changes UA40 (with change in 

both occupation/industry)
Number of firm changes UA40 (without change in 

both occupation/industry)
5. Firm Most frequent firm size UA40 (3 categories)

Mostly in high- tech firm UA40 (binary)
Most frequent sector UA40 (44 categories)
Most frequent federal state UA40 (10 categories)

Figure 7. RIF Decomposition, UA40 
Notes: Results for pooled cohorts 1955– 1957 vs. 1972– 1974. Illustration shows changes in 

unconditional quantiles of the corresponding UA40 distributions. [Colour figure can be viewed at 
wileyonlinelibrary.com]

www.wileyonlinelibrary.com
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In the presentation of results, it is insightful to start with a graphical analy-
sis. Figure 7a includes the total change in unconditional quantiles together with 
the aggregate composition and returns effect. The total change in unconditional 
quantiles was characterized by a monotonic development in the sense that uncon-
ditional quantiles below the median suffered losses in terms of UA40, whereas the 
upper half  gained. In this regard, the development somewhat resembles previous 
findings on inequality in daily/hourly earnings. The aggregate composition effect 
reveals a similar monotonic pattern, but was negative for most of the distribution 
and only had a weakly positive effect above the 60th percentile. Also monotonic, 
the aggregate returns effect is found to be weakly positive in the upper and negative 
in the lower part of the distribution.

Figure 7b further disentangles the overall composition effect by displaying 
the detailed composition effects linked to the groups of covariates. Being the most 
important individual composition effect, compositional changes in education led 
to an upward shift of the UA40 distribution across all quantiles. Beyond education, 
the analysis reveals only moderate composition effects, e.g., because of changes 
in occupation or job mobility. Figure 7c provides detailed results for the returns 
effect. The analysis reveals an important contribution of a general returns effect 
as captured by the constant, which had a very negative impact on the bottom of 
the distribution and was favorable for the top. As argued in Section 4, the constant 
captures that part of the returns effect that cannot be attributed to the charac-
teristics included in the decomposition (e.g., unobserved ability or idiosyncratic 
shocks), but might as well reflect changes in the relative importance of different 
groups of covariates.

Table 4 presents the corresponding numerical results for the decomposition of 
UA40 earnings, which underpin the findings of the preceding graphical analysis. 
Numerically, the total composition effect (7.11) explains only about one- third of 
the overall 21.35 log percentage points increase in the 85- 15 log wage differential, 
with the specification and reweighting error (together) amounting to 1.90 points. 
Note that this result is partly due to the fact that the decomposition does not con-
tain explicit controls for differences in employment patterns. By far the strongest 
composition effect was due to changes in educational attainment (4.10 points). 
Further, there seemed to be moderate composition effects linked to changes in the 
job mobility (1.52 points) as well as the occupational structure (1.01 points). The 
bottom half  of the table, displaying detailed results for the returns effect, shows 
that the estimated effects are less precise and mostly turn out insignificant.

5.3. Determinants of Inequality in Average Yearly Earnings

It is again informative to start the study of changes in average yearly earnings 
with a graphical representation. Figure 8a reveals that overall changes in average 
yearly earnings were also monotonic over the unconditional distribution (of aver-
age yearly earnings). More precisely, individuals below the median suffered losses 
whereas the upper half  gained substantially. The overall composition effect is neg-
ligible in the lower half  of the distribution and monotonically increasing in the 
upper half. The aggregate returns effect resembles an inverse U- shape and is found 
to have a particularly negative effect in the lower tail of the average yearly earnings 
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distribution. Figure 8b further disentangles the overall composition effect. It exhib-
its the outstanding role of educational upgrading, which once more increases over 
the distribution and sharply rises in the upper tail. Further, it indicates that changes 
in the occupational composition of cohorts seemed to have moderately favored the 
upper half  of the distribution. Similar to the results on UA40, Figure 8c stresses an 
important contribution of the constant term that puts downward pressure on the 
lower tail of the distribution.

The corresponding numerical results in Table 4 confirm the outstanding 
importance of compositional changes in education. More precisely, the factor 
alone explains nearly half  (48 percent) of the increase in overall inequality in terms 
of the 85- 15 log earnings gap and nearly the entire increase in average earnings 
inequality at the top (6.50 of 7.31 in terms of the 85- 50 log earnings gap). At the 
same time, its effect was only moderate at the bottom of the distribution. In com-
parison to the decomposition in UA40, composition effects were generally more 
important, explaining close to 60 percent (10.09 of 17.00 points) of the increase in 
overall inequality. Once again, the table finds evidence for moderate composition 
effects linked to occupation (1.38 points) and job mobility (0.47 points). Apart 
from the constant, the results provide some evidence in favor of a relatively large 
negative returns effect linked to occupation that seems to have compressed wages at 
the top of the distribution. At the same time, the numbers suggest that the returns 
effect linked to job mobility increased inequality at the bottom of the distribution. 
However, both effects should not be overemphasized given that the effect turns out 
to be insignificant in the decomposition over overall UA40.

Figure 8. RIF Decomposition, Average Yearly Earnings (Top Row), and Total Employment  
(Bottom Row) 

Notes: Results for pooled cohorts 1955– 1957 vs. 1972– 1974. Illustration shows changes in 
unconditional quantiles of the corresponding average yearly earnings (top row) and total years of 
employment (bottom row) distributions. [Colour figure can be viewed at wileyonlinelibrary.com]

www.wileyonlinelibrary.com
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5.4. Determinants of Inequality in Total Years of Employment

The graphs in the bottom row of Figure 8 provide results of a graphical anal-
ysis for the total years of employment. Overall, Figure 8d shows a monotonic 
change in the sense that total employment decreased below the 70th percentile 
of the unconditional distribution (of total employment) and remained mostly 
unchanged above. A very similar image emerges for the overall composition effect 
that tends to even moderately exceed the total change. At the same time, the overall 
returns effect seems to have moderately compressed the distribution of total years 
of employment, especially in the lower half  of the unconditional distribution. A 
detailed analysis of the related composition effect is provided in Figure 8e. Again, 
the findings show a leading role of compositional shifts in education in the sense 
that it decreased total employment throughout the entire distribution (but more in 
lower quantiles). This appears plausible because of the higher share of individuals 
with university background among later cohorts. Because of the additional time 
spent in education, these high- skilled individuals ended up at the bottom of the 
distribution of total years of employment thereby shifting the lower tail down-
wards. The returns effects in Figure 8f seem to be relatively homogenous along 
the unconditional distribution, suggesting a somewhat-  limited impact on inequal-
ity in total years of employment. As shown in Table 4, education emerges once 
more as the decisive factor explaining close to 70 percent of the overall increase in 
inequality (2.61 of 3.81 in terms of the 85- 50 log earnings gap) and even seems to 
overexplain changes in the Gini coefficient or the log variance. The same holds true 
for the aggregate composition effect. Simultaneously, the table also shows moder-
ate inequality- increasing effects linked to the other factors. As stated earlier, the 
total returns effect turns out negative, especially at the bottom of the distribu-
tion. However, the individual effects are estimated less precisely and are generally 
insignificant.

5.5. A More Cautious Look on the Role of Employment Patterns

The decomposition results presented so far did not differentiate between 
part- time and full- time employment. At the same time, the presented descrip-
tive evidence in Section 3.2 showed a substantial shift from full- time to part- time 
employment among the cohorts covered in the present study. It is therefore insight-
ful to study the impact of increasing part- time employment within a separate 
analysis and to determine its importance relative to other channels, most notably 
employment interruptions in the form of non- employment. In doing so, two sets 
of results are provided: first, decomposition results including employment patterns 
(years of part- time employment/years of non- employment) only, and second, the 
two variables mentioned alongside the covariates used in the preceding analyses.

The results on the isolated effect of changing employment patterns (i.e., with-
out conditioning on other covariates) in Table 5 show a strong composition effect 
linked to part- time employment, explaining up to 12.06 of the 21.35 points increase 
in the 85- 15 log earnings gap. Confirming descriptive evidence, this effect was par-
ticularly pronounced at the bottom of the distribution (8.68 of 12.77 increase 
in the 50- 15 log earnings gap). At the same time, the results show that the effect 
of increasing part- time work was much stronger than that of non- employment, 
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explaining only 1.51 of the 21.35 points increase in the 85- 15 log earnings gap. 
Note that this sort of decomposition analysis using variables on employment pat-
terns only likely overestimates their effect, as it tends to spuriously pick up the 
effect of the left- out variables. For example, individuals with a high incidence of 
part- time employment might also have less favorable characteristics in terms of 
other covariates such as education or other occupational characteristics. Therefore, 
to obtain a more conservative estimate of its overall effect and to rule out spurious 
findings, the table equally shows results of a specification including years of part- 
time and non- employment along the other covariates used in the previous analysis. 
In this alternative specification, the composition effect linked to part- time employ-
ment shrinks considerably, whereas the one attached to non- employment remains 
largely unchanged. Nevertheless, the results still suggest that approximately 12 
percent (2.51 of 21.35 points in terms of the 85- 15 log earnings gap) of overall 
inequality and 17 percent (2.18 of 12.77 points in terms of the 50- 15 log earnings 
gap) of increasing inequality at the lower tail can be explained by the expansion of 
part- time employment.

Tables SA6 and SA7 in the Online Supporting Information contain decompo-
sition results for the two subcomponents average yearly earnings and total years of 
employment. While both are important, the former is in the1 focus of the further 
discussion. Table SA6 shows that increasing part- time employment explains up to 
62 percent (10.53 of the 17.00 points) of the increase in average yearly earnings 
when studying the isolated effect of changing employment patterns. Once again, 

TABLE 5  
detailed decoMposition results for eMployMent patterns, ua40

Inequality measure 85- 15 85- 50 50- 15 Gini Log Variance

Total change 21.35*** 8.58*** 12.77*** 4.91*** 7.25***
(1.23) (0.77) (0.99) (0.20) (0.34)

Composition effects (without additional covariates)
Part- time 12.06*** 3.37* 8.68*** 3.19*** 5.58***

(1.84) (0.59) (1.50) (0.46) (1.07)
Non- employment 1.51*** 0.51*** 1.00*** 0.41*** 0.68***

(0.59) (0.20) (0.39) (0.16) (0.27)
Composition effects (with additional covariates)

Part- time 2.51*** 0.34** 2.18*** 0.69*** 1.33***
(0.34) (0.16) (0.26) (0.09) (0.23)

Non- employment 2.03*** 0.55*** 1.48*** 0.55*** 0.95***
(0.31) (0.09) (0.23) (0.09) (0.15)

Returns effects (without additional covariates)
Part- time −1.63* 0.06 −1.70** 0.00 0.55

(0.91) (0.28) (0.82) (0.13) (0.33)
Non- employment 0.50 *** −0.59*** 1.09*** 0.80** 3.64***

(3.15) (0.75) (3.27) (0.29) (0.96)
Returns effects (with additional covariates)

Part- time −1.51** −0.19 −1.32** −0.24** −0.09
(0.69) (0.25) (0.59) (0.12) (0.29)

Non- employment 4.22* 0.69 3.53* 0.57** 3.13***
(2.24) (0.81) (1.90) (0.29) (0.74)

Notes: Log differentials×100. Bootstrapped standard errors (100 replications) in parentheses 
***/**/* statistically significant at 1 percent/5 percent/10 percent- level. Additional covariates as out-
lined in Table 3.

Source: Sample of Integrated Labour Market Biographies (SIAB) 1975– 2014 and own calculations.



Review of Income and Wealth, Series 68, Number 3, September 2022

645

© 2021 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf  of 
International Association for Research in Income and Wealth.

T
A

B
L

E
 6

  
r

if
 d

e
c

o
M

p
o

si
t

io
n

 r
e

su
lt

s,
 p

r
e

d
e

t
e

r
M

in
e

d
 f

a
c

t
o

r
s

U
A

40
A

ve
ra

ge
 y

ea
rl

y
Y

ea
rs

 o
f 

em
pl

oy
m

en
t

In
eq

ua
lit

y 
m

ea
su

re
85

- 1
5

85
- 5

0
50

- 1
5

G
in

i
L

og
 V

ar
85

- 1
5

85
- 5

0
50

- 1
5

G
in

i
L

og
 V

ar
85

- 1
5

85
- 5

0
50

- 1
5

G
in

i
L

og
 V

ar

To
ta

l c
ha

ng
e2

1.
35

**
*

8.
58

**
*

12
.7

7*
**

4.
78

**
*

6.
95

**
*

17
.0

0*
**

7.
31

**
*

9.
69

**
*

4.
71

**
*

5.
53

**
*

3.
81

**
*

1.
35

**
*

2.
46

**
*

0.
61

**
*

0.
06

(1
.2

2)
(0

.6
1)

(1
.1

0)
(0

.1
9)

(0
.3

6)
(1

.2
2)

(1
.0

7)
(0

.5
8)

(0
.2

2)
(0

.2
7)

(0
.6

4)
(0

.2
6)

(0
.5

9)
(0

.1
2)

(0
.1

0)
To

ta
l c

om
-

po
si

ti
on

6.
42

**
*

4.
08

**
*

2.
34

**
*

1.
60

**
*

1.
99

**
*

8.
79

**
*

7.
09

**
*

1.
70

**
*

2.
40

**
*

2.
19

**
*

4.
26

**
*

3.
38

**
*

0.
88

**
*

1.
65

**
*

1.
00

**
*

(0
.5

5)
(0

.3
8)

(0
.3

8)
(0

.1
2)

(0
.2

0)
(0

.4
6)

(0
.3

9)
(0

.2
2)

(0
.1

3)
(0

.1
1)

(0
.3

5)
(0

.2
2)

(0
.2

7)
(0

.1
1)

(0
.0

9)
E

du
ca

ti
on

4.
39

**
*

2.
74

**
*

1.
65

**
*

0.
90

**
*

0.
93

**
*

8.
45

**
*

6.
41

**
*

2.
04

**
*

2.
08

**
*

1.
85

**
*

2.
54

**
*

1.
86

**
*

0.
69

**
*

0.
99

**
*

0.
52

**
*

(0
.3

7)
(0

.2
5)

(0
.2

3)
(0

.0
8)

(0
.1

2)
(0

.3
9)

(0
.3

0)
(0

.1
6)

(0
.1

1)
(0

.0
9)

(0
.2

6)
(0

.1
4)

(0
.1

9)
(0

.0
7)

(0
.0

5)
O

cc
up

at
io

n
0.

40
**

*
0.

35
**

0.
06

0.
11

**
0.

16
**

0.
37

**
0.

39
**

−
0.

01
0.

17
**

*
0.

17
**

*
0.

30
**

*
0.

08
0.

22
**

0.
05

**
0.

03
(0

.1
9)

(0
.1

4)
(0

.1
4)

(0
.0

4)
(0

.0
8)

(0
.1

6)
(0

.1
5)

(0
.1

0)
(0

.0
4)

(0
.0

4)
(0

.1
0)

(0
.0

7)
(0

.0
9)

(0
.0

2)
(0

.0
3)

N
at

io
na

lit
y

0.
05

−
0.

01
0.

06
0.

09
*

0.
20

*
−

0.
54

**
*

−
0.

15
−

0.
39

**
*

−
0.

05
−

0.
03

0.
60

**
*

0.
73

**
*

−
0.

12
0.

18
**

*
0.

14
**

*
(0

.2
4)

(0
.1

7)
(0

.2
0)

(0
.0

5)
(0

.1
0)

(0
.1

5)
(0

.1
5)

(0
.1

3)
(0

.0
4)

(0
.0

4)
(0

.1
4)

(0
.0

9)
(0

.1
4)

(0
.0

4)
(0

.0
4)

Jo
b 

m
ob

ili
ty

1.
75

**
*

0.
66

**
*

1.
09

**
*

0.
46

**
*

0.
72

**
*

0.
54

**
*

0.
38

**
*

0.
16

**
*

0.
11

**
*

0.
10

**
*

0.
73

**
*

0.
56

**
*

0.
17

**
0.

32
**

*
0.

22
**

*
(0

.2
7)

(0
.1

0)
(0

.1
8)

(0
.0

7)
(0

.1
2)

(0
.0

9)
(0

.0
7)

(0
.0

4)
(0

.0
2)

(0
.0

2)
(0

.1
3)

(0
.0

8)
(0

.0
7)

(0
.0

5)
(0

.0
4)

F
ir

m
−

0.
17

0.
34

*
−

0.
52

**
0.

03
−

0.
01

−
0.

03
0.

07
−

0.
10

0.
09

*
0.

10
**

0.
09

0.
16

−
0.

07
0.

10
**

*
0.

09
**

(0
.2

2)
(0

.1
9)

(0
.2

0)
(0

.0
5)

(0
.0

9)
(0

.1
9)

(0
.1

8)
(0

.1
3)

(0
.0

5)
(0

.0
4)

(0
.1

5)
(0

.1
0)

(0
.1

2)
(0

.0
3)

(0
.0

4)
To

ta
l e

ff
ec

t 
re

tu
rn

s
12

.0
8*

**
3.

57
**

*
8.

51
**

*
3.

18
**

*
4.

84
**

*
4.

81
**

*
−

3.
02

**
*

7.
83

**
*

2.
58

**
*

3.
44

**
*

−
3.

02
**

*
−

0.
86

**
*

−
2.

16
**

*
−

0.
87

**
*

−
0.

85
**

*

(1
.1

4)
(0

.7
0)

(0
.9

4)
(0

.2
2)

(0
.4

3)
(1

.1
4)

(0
.9

8)
(0

.5
7)

(0
.1

8)
(0

.2
2)

(0
.7

6)
(0

.3
0)

(0
.7

5)
(0

.1
3)

(0
.1

4)
E

du
ca

ti
on

−
4.

87
−

1.
93

−
2.

94
−

2.
56

**
−

8.
25

**
*

−
9.

20
**

*
−

6.
02

**
−

3.
18

−
2.

48
**

*
−

5.
89

**
*

0.
71

−
1.

85
2.

56
−

0.
54

−
0.

37
(5

.4
4)

(2
.7

8)
(4

.6
1)

(1
.0

3)
(2

.8
4)

(3
.5

0)
(2

.4
3)

(3
.2

2)
(0

.8
9)

(2
.1

3)
(3

.3
3)

(1
.6

1)
(2

.9
7)

(0
.5

8)
(0

.5
0)

O
cc

up
at

io
n

−
4.

89
**

−
2.

64
**

−
2.

25
−

0.
93

**
*

−
1.

13
*

−
3.

57
**

−
3.

11
**

−
0.

46
−

0.
76

**
−

0.
73

*
−

3.
36

**
*

−
0.

24
−

3.
12

**
*

−
0.

44
*

−
0.

21
(1

.8
4)

(1
.2

2)
(1

.4
3)

(0
.3

0)
(0

.6
7)

(1
.5

4)
(1

.5
0)

(0
.8

5)
(0

.3
3)

(0
.4

0)
(1

.2
5)

(0
.5

8)
(1

.1
0)

(0
.2

3)
(0

.2
4)

N
at

io
na

lit
y

0.
18

0.
79

−
0.

61
0.

26
0.

65
1.

79
*

2.
62

**
*

−
0.

84
0.

08
0.

29
−

0.
46

−
0.

39
−

0.
07

0.
11

0.
19

(1
.5

2)
(0

.9
2)

(1
.2

1)
(0

.2
5)

(0
.5

3)
(1

.0
5)

(0
.9

2)
(0

.6
8)

(0
.2

1)
(0

.2
5)

(0
.9

3)
(0

.4
6)

(0
.8

6)
(0

.1
8)

(0
.2

2)
Jo

b 
m

ob
ili

ty
3.

72
1.

08
2.

64
0.

34
1.

46
3.

60
**

0.
34

3.
26

**
*

0.
46

0.
70

−
1.

39
−

0.
66

−
0.

73
−

0.
13

−
0.

17
(3

.4
5)

(1
.2

2)
(2

.4
9)

(0
.6

9)
(1

.3
2)

(1
.7

5)
(1

.2
4)

(0
.8

5)
(0

.3
6)

(0
.4

4)
(1

.1
8)

(0
.6

4)
(0

.9
2)

(0
.3

3)
(0

.2
8)

F
ir

m
−

1.
08

−
0.

73
−

0.
35

−
0.

51
−

1.
80

**
−

0.
47

1.
56

−
2.

04
*

−
0.

08
−

0.
68

−
0.

95
0.

04
−

1.
00

−
0.

08
−

0.
08

(2
.3

8)
(1

.8
1)

(1
.8

7)
(0

.4
1)

(0
.7

4)
(2

.0
9)

(1
.8

3)
(1

.1
1)

(0
.4

1)
(0

.4
7)

(1
.5

2)
(0

.6
8)

(1
.4

0)
(0

.2
5)

(0
.2

4)
C

on
st

an
t

19
.0

2*
**

7.
00

*
12

.0
2*

*
6.

57
**

*
13

.9
1*

**
12

.6
7*

**
1.

59
11

.0
8*

**
5.

36
**

*
9.

75
**

*
2.

44
2.

24
0.

20
0.

21
−

0.
19

(6
.6

7)
(3

.6
6)

(4
.8

7)
(1

.3
1)

(3
.2

5)
(4

.8
6)

(3
.7

5)
(3

.5
9)

(1
.2

1)
(2

.4
2)

(3
.7

3)
(1

.9
8)

(3
.2

9)
(0

.6
6)

(0
.5

8)



Review of Income and Wealth, Series 68, Number 3, September 2022

646

© 2021 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf  of 
International Association for Research in Income and Wealth.

U
A

40
A

ve
ra

ge
 y

ea
rl

y
Y

ea
rs

 o
f 

em
pl

oy
m

en
t

In
eq

ua
lit

y 
m

ea
su

re
85

- 1
5

85
- 5

0
50

- 1
5

G
in

i
L

og
 V

ar
85

- 1
5

85
- 5

0
50

- 1
5

G
in

i
L

og
 V

ar
85

- 1
5

85
- 5

0
50

- 1
5

G
in

i
L

og
 V

ar

Sp
ec

if
ic

at
io

n 
er

ro
r

2.
24

**
*

1.
03

**
*

1.
21

**
*

0.
05

0.
20

**
3.

32
**

*
3.

18
**

*
0.

13
−

0.
23

**
−

0.
05

2.
47

**
*

−
1.

20
**

*
3.

67
**

*
−

0.
10

 *
**

−
0.

06

(0
.4

8)
(0

.3
5)

(0
.4

0)
(0

.0
4)

(0
.0

8)
(0

.6
3)

(0
.6

4)
(0

.1
8)

(0
.0

5)
(0

.0
4)

(0
.5

5)
(0

.1
8)

(0
.5

6)
(0

.0
3)

(0
.0

4)
R

ew
ei

gh
ti

ng
 

er
ro

r
−

0.
13

−
0.

09
−

0.
04

−
0.

05
−

0.
08

−
0.

22
−

0.
18

−
0.

04
−

0.
04

−
0.

05
−

0.
14

−
0.

16
**

0.
02

−
0.

06
**

−
0.

04
**

(0
.2

0)
(0

.1
1)

(0
.1

3)
(0

.0
4)

(0
.0

6)
(0

.2
3)

(0
.1

7)
(0

.0
8)

(0
.0

4)
(0

.0
4)

(0
.1

3)
(0

.0
8)

(0
.0

9)
(0

.0
3)

(0
.0

2)

N
ot

es
: L

og
 d

iff
er

en
ti

al
s×

10
0.

 B
oo

ts
tr

ap
pe

d 
st

an
da

rd
 e

rr
or

s (
10

0 
re

pl
ic

at
io

ns
) i

n 
pa

re
nt

he
se

s.
 *

**
/*

*/
* 

st
at

is
ti

ca
lly

 si
gn

if
ic

an
t a

t 1
 p

er
ce

nt
/5

 p
er

ce
nt

/1
0 

pe
rc

en
t-

 le
ve

l.
S

ou
rc

e:
 S

am
pl

e 
of

 I
nt

eg
ra

te
d 

L
ab

ou
r 

M
ar

ke
t 

B
io

gr
ap

hi
es

 (
SI

A
B

) 
19

75
– 2

01
4 

an
d 

ow
n 

ca
lc

ul
at

io
ns

.

T
A

B
L

E
 6

 
(C

O
N

T
IN

U
E

D
)



Review of Income and Wealth, Series 68, Number 3, September 2022

647

© 2021 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf  of 
International Association for Research in Income and Wealth.

the effect of non- employment seems to be substantially less pronounced (0.44 of 
17.00 points). At the same time, the effect linked to part- time employment turns out 
more moderate when conditioning on the full set of other covariates (0.89 of 17.00 
points). In this regard, the result confirms the difficulty to determine the impor-
tance of changing employment patterns relative to other covariates discussed at the 
beginning of Section 5.2. In substantive term, a possible interpretation of this find-
ing is that while both changes in the intensive margin (via part- time employment) 
and the hourly wage rate seem to be important, their relative contributions cannot 
be completely disentangled.

Besides the outlined composition effects, Table 5 indicates potentially import-
ant contribution from changes in the returns to non- employment and part- time 
work. Note that these findings should generally be interpreted with some caution 
because of the relatively large standard errors. Nevertheless, the findings on non- 
employment indicate a returns effect at the bottom of the distribution, suggesting 
that later birth cohorts faced greater losses in terms of long- term earnings follow-
ing an episode of non- employment. Simultaneously, the results indicate a reverse 
effect for part- time work, i.e., a shrinking of the long- term earnings penalty linked 
to part- time work.

5.6. The Role of Predetermined Factors

Another aspect worth studying is the role of predetermined factors. It 
addresses the question of how much of increasing long- term earnings inequality 
is because of factors that are predetermined at the beginning of an individual’s 
career, such as education or nationality, as opposed to other transmission channels 
(e.g., job mobility or changing employment patterns). To shed light on this blind 
spot, a separate set of decomposition results is provided. Hereby, the previously 
used modal categories (i.e., most frequent occupation and firm characteristics) are 
replaced by the respective realizations at the beginning of an individual’s career 
(i.e., the information contained in the first observable spell in the data).

Overall, the analysis shows that beyond education, the other predetermined 
factors only had a moderate impact on the recent increase in long- term inequality. 
For example, Table 6 shows that the impact of the initial occupation (as opposed 
to the respective modal category) only explains about 0.40 of the 21.35 points 
increase in the 85- 15 log earnings gap. Similarly, the effect related to characteristics 
of the first firm the individual worked seems inconclusive. At the same time, the 
composition effect related to education is found to be once more very robust in this 
specification with effect sizes marginally increasing. Compared to the specifica-
tions including the respective modal categories (see Table 4), the unexplained part 
tends to increase both in the decomposition of total long- term earnings and for 
the two margins. Overall, mostly due to the strong impact attributed to education, 
compositional changes in predetermined factors (i.e., education, nationality, first 
occupation, and characteristics of first firm) account for approximately 22 percent 
(4.67 of 21.35 points) of the increase in the 85- 15 log earnings gap of UA40. For 
average yearly earnings and total employment, the corresponding shares amount 
to approximately 49 percent (8.25 of 17 points) and up to 93 percent (3.53 of 3.81 
points).
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It is important to highlight that because of the administrative nature of the 
data, important predetermined factors such as ability or socioeconomic back-
ground remain unobservable. As an example, it would be conceivable that, against 
the background of educational upgrading, later cohorts experienced an increas-
ing heterogeneity in the remuneration of unobservable ability. Similarly, family 
background or other early child characteristics might have gained in importance. 
In this regard, the inability to observe these factors in administrative data poten-
tially adds to explain the remaining unexplained part found in all decompositions. 
Nevertheless, the result persists that pre- determined factors in the form of educa-
tion seem to be a leading factor in explaining long- term earnings inequality.

6. suMMary and discussion

This study has investigated potential determinants of increasing long- term 
earnings inequality using detailed employment biographies of West German men 
born between the years 1955 and 1974. Adopting a perspective based on cohorts, 
the paper contributes to a comparatively small but growing literature document-
ing an increasing inequality in individual long- term and lifetime earnings (Bönke 
et al., 2015a; Corneo, 2015a,b; Guevenen et al., 2017). The paper goes beyond pre-
vious contributions by formally disentangling these changes by means of a detailed 
decomposition analysis based on RIF regression.

The analysis explicitly addresses changes in long- term inequality along both 
the extensive (total years of employment) and intensive (average yearly earnings 
while being employed) margin. The descriptive analysis provides evidence for an 
increasing dispersion in both quantities. However, most of the increasing inequal-
ity in long- term earnings can in fact be attributed to an increasing disparity in 
average yearly earnings. Simultaneously, the analysis shows a substantial shift from 
full-  to part- time employment which was considerably stronger than the increase 
in non- employment. Therefore, while leaving the total years of employment unal-
tered, the latter development corresponded to a reduction in overall long- term 
working hours.

The results suggest a leading role of composition effects linked to education, 
both in terms of total long- term earnings inequality and along the intensive and 
extensive margin. This educational expansion predominantly explains changes in 
the upper part of the long- term earnings distribution. In this way, about 20 percent 
of increasing inequality in total long- term earnings can be attributed to a shift in 
educational patterns. At the same time, the study documents that the higher educa-
tional attainment is able to explain about half  of the increasing inequality in aver-
age yearly earnings and more than two- thirds of increasing inequality in the total 
years of employment. The analysis also shows that long- term earnings tend to be 
more compressed among individuals with high school degree and/or vocational 
training as compared to individuals holding a university degree. It also provides 
evidence for a substantial and persistent long- term university earnings premium. 
Therefore, it seems more than plausible that the sharp increase in the share of 
individuals with tertiary background substantially increased long- term earnings 
inequality, both by shrinking the education group where long- term earnings were 
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more compressed and by simultaneously increasing the still comparably small 
share of the population receiving a university earnings premium.

These findings on education are also striking from a policy perspective, as 
they show that higher average levels of education do not necessarily reduce long- 
term inequalities. In fact, it is very likely that its inequality increasing effect will be 
even larger in terms of lifetime earnings. This is because of university graduates 
suffering earnings losses in their early career caused by the delayed entry into the 
labor market, which, however, decreases in importance when looking at lifetime 
earnings. Finally, the provided evidence also fits the hypothesis of SBTC increasing 
the demand for high- skilled labor. At the same time, the analysis finds only limited 
evidence for an effect beyond educational upgrading. As such, only a moderate 
impact from changes in the composition of occupations is found.

A detailed analysis of employment patterns shows a robust effect of part- time 
employment in explaining increasing inequality in long- term earnings. Contrary 
to the findings on education, its effect was mostly limited to the lower half  of the 
distribution. This result seems very plausible given the strong expansion of part- 
time work among individuals in the lowest quartile of later cohorts. The findings 
from this study also complement Biewen et al. (2018) by showing that the increas-
ing incidence of part- time employment among German men does not only explain 
increasing inequality in cross- sectional earnings, but is also reflected in a substan-
tial increase in long- term inequality. At the same time, only a relatively small frac-
tion of the overall inequality increase is attributed to changes in total years of 
employment, which is in line with the finding of an only moderate increase in the 
incidence of non- employment. These results are nevertheless not at odds with the 
findings of Bönke et al. (2015a) because of the different cohorts covered. Instead, 
the study adds to the literature by showing that the increasing inequality among 
cohorts born in the years 1955– 1974 was, in addition to a moderate effect linked 
to non- employment, driven by the educational expansion and longer episodes of 
part- time employment. At the same time, the analysis shows that changing employ-
ment patterns can only partly explain losses suffered by individuals at the bottom 
of the long- term distribution. This points toward some similarities with the devel-
opment in the US where losses in lifetime earnings of later cohorts were mostly due 
to a decline in the levels of earnings while being employed (Guevenen et al., 2017).

The present study also shows a stagnation in long- term earnings until the age 
of 40, i.e., during a major part of the career. In this regard, the development in 
Germany resembled the one in the US, though somewhat delayed and less pro-
nounced. For the latter, Guevenen et al. (2017) document significant losses in life-
time earnings among men starting with cohorts born in 1942. Similarly, the results 
of the present study show moderate earnings losses among individuals without 
tertiary education, which were counterbalanced by the educational expansion.
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Figure SA1 Changes in UAX Notes: Differences in UAX earnings for different 
ages between pooled cohorts 1955– 57 and 1972– 74

Figure SA2 Inequality in up- to- age- X, federal discounting Notes: Development 
of inequality in long- term earnings (UA40/UA45/UA50), cohorts 1955– 1974

Figure SA3 Indexed growth in daily earnings, years 1975– 2014 Notes: Numbers 
in the illustration are based on all West Germany men in full- time employment on 
June 1 of each year (whereas the present study generally covers only individuals 
with a sufficient labor market attachment). This is due to the fact that the con-
ditions for a sufficient labor market attachment can only be derived for cohorts 
1955– 1974

Figure SA4 Evolution of UA40 within education groups, federal discounting 
Notes: Illustration shows development of Gini coefficient within educational sub-
groups, cohorts 1955– 1974

Figure SA5 Indexed real growth in earnings age 25– 40 Notes: Indexed growth 
in percentiles of the unconditional distribution, cohorts 1955– 1974

Figure SA6 Inequality in earnings age 25– 40 Notes: Development of inequal-
ity in long- term earnings (UA40/UA45/UA50), cohorts 1955– 1974

Figure SA7 Inequality in earnings age 25- 40, federal discounting Notes: 
Development of inequality in long- term earnings (UA40/UA45/UA50), cohorts 
1955- 1974

Table SA1 Observations per cohort
Table SA2 UA40/Inequality average yearly earnings/years employed, federal 

discounting
Table SA3 Decomposition of log(UA40), federal discounting
Table SA4 RIF decomposition results, federal discounting
Table SA5 Detailed decomposition results for employment patterns, UA40, 

federal discounting
Table SA6 Detailed decomposition results for employment patterns, average 

yearly earnings (UA40)
Table SA7 Detailed decomposition results for employment patterns, total 

years of employment (UA40)
Table SA8 RIF decomposition results, initial endowments, federal discounting
Table SA9 RIF decomposition results, UA40
Table SA10 RIF decomposition results, UA40, federal discounting
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