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Abstract 

The IAB’s Sample of Integrated Labour Market Biographies (SIAB) and the Socio-Economic Panel (SOEP) are the two 
data sets most commonly used to analyze wage inequality in Germany. While the SIAB is based on administrative 
reports by employers to the social security system, the SOEP is a survey data set in which respondents self-report their 
wages. Both data sources have their specific advantages and disadvantages. The objective of this study is to describe 
and compare the evolution of wage inequality for these two types of data. For this purpose, different sample restric-
tions are applied. The comparison without any harmonization of the data shows different levels and trends. When the 
information is largely harmonized, comparable trends and similar levels emerge.
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1 Introduction
For years, the Socio-Economic Panel (SOEP) has been 
the standard data set for analyzing income and wage1 
inequality in Germany (e.g., Steiner and Wagner 1998; 
Biewen 2000; Gernandt and Pfeiffer 2007; Biewen and 
Juhasz 2012; Sommerfeld 2013). However, research based 
on administrative data has recently gained importance, 
especially in labor economics (e.g., Card et  al. 2013; 
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Fitzenberger and de  Lazzer 2022). Large sample sizes 
and the (expected) accuracy of the information included 
are considered advantages of this type of data. However, 
these data are designed for administrative purposes and 
may not contain all the information needed for research. 
At the same time, most large household surveys have 
begun to increase their samples, in part to include spe-
cific subpopulations.2 Compared to administrative data, 
survey data contain much more information and cover 
more topics, but at the cost of much smaller sample 
sizes and perhaps less precision in certain quantitative 
variables.3

Despite these developments, there is a paucity of work 
comparing survey and administrative data and examining 
whether these data sets produce comparable results.4 In this 
article, we fill this gap for Germany by comparing trends and 
levels of wage inequality based on the SOEP (e.g., Goebel 
et al. 2019) with results based on the Sample of Integrated 
Labour Market Biographies (SIAB; e.g., Frodermann et  al. 
2021).

Both data sets are widely used in empirical labor 
research and have been used extensively in past research 
on wage inequality. Based on the SOEP, Biewen and Juhasz 
(2012), e.g., analyze determinants of the rise in income 
inequality in the early 2000s and show that most of the 
increase is due to rising labor income inequality. Burauel 
et  al. (2020) analyze the impact of the introduction of 
the minimum wage on wage inequality and find that this 
reform leads to a reduction in inequality.5 In addition, the 
SOEP forms the basis of many social reporting statistics 
in Germany. Several German research institutes publish 
inequality statistics based on the SOEP at regular inter-
vals (e.g., Stockhausen and Calderón 2020; Grabka 2021), 
which are incorporated into policy and governmental 
reports (e.g., Bundesregierung 2016, 2021; OECD 2018).

Most studies on wage inequality in Germany based on 
administrative data have been conducted with data sets from 
the Research Data Center (FDZ) of the Federal Employ-
ment Agency (BA) at the Institute for Employment Research 
(IAB). Dustmann et al. (2009), e.g., use the IAB Employment 
Samples (IABS) to examine the West German wage struc-
ture. They show that wage inequality in West Germany has 

increased between 1975 and 2004. Klein et  al. (2013) use 
the IAB’s Linked Employer-Employee Data (LIAB) to ana-
lyze the impact of export activity on wage inequality within 
and across skill groups. Card et al. (2013) use the Integrated 
Employment Biographies (IEB) and find that increasing het-
erogeneity at the establishment level and increasing asser-
tiveness in assigning workers6 to establishments mainly 
explain increasing wage inequality. Dustmann et  al. (2014) 
use the SIAB and show that real wage growth is negative 
for the lower end of the wage distribution. Fitzenberger and 
de  Lazzer (2022) also use SIAB data to examine whether 
changes in the selection into full-time employment among 
German men are a cause of the rise in wage inequality since 
the mid-1990s.7

Recent results based on the SOEP show that (hourly) 
wage inequality—measured as the ratio between the 90th 
and 10th  percentiles—increased substantially in the 
early 2000s, remained relatively stable between 2006 and 
2014, then declined until 2016, and continued to move 
horizontal until 2019, bringing the German labor mar-
ket back to the inequality level of the early 2000s (Grabka 
2021). Using the SIAB data through 2014, Fitzenberger 
and Seidlitz (2020) confirm the same upward trend in the 
early 2000s for full-time worker wage inequality, meas-
ured as the ratio between the  80th and 20th  percen-
tiles. However, in their sample, inequality continued to 
increase for men and decrease for women through 2014. 
The disparate results based on different data sets under-
score the need for a thorough comparative analysis.8

The SOEP data have the advantage that information on 
individuals’ wages is embedded in the full set of infor-
mation available in a large household survey. This allows 
researchers not only to calculate individual earnings or 
individual wages, but also to include the household level 
or to distinguish between measures of income before and 
after transfers and taxes. Administrative data are usu-
ally produced by government agencies in the course of 
implementing certain rules, regulations, and laws. Statis-
tics are a byproduct of these activities. On the one hand, 
administrative data can be considered very accurate in 
terms of the information required for the administrative 
procedure from which the data originate, e.g., as there 
are legal sanctions in case of misreporting. On the other 
hand, some additional information collected as part of 
the administrative procedure, such as educational status 
or occupation, may be considered less reliable.

2 For example, the SOEP included families with many children in 2010, an 
oversampling of high-income households in 2002, migrants in 2013 and 2015, 
and refugees since 2016 (Britzke and Schupp 2019).
3 See, e.g., the SOEP Wave Report 2018 (Britzke and Schupp, eds 2019), the 
technical report for the 11th  wave of the UK Household Longitudinal Study 
(Carpente 2021), or the PSID Main Interview User Manual for the 2021 
release (Beaule et al. 2021).
4 In Appendix A, we briefly review some articles that compare administra-
tive and survey data.
5 Further examples of papers using the SOEP are Bartolucci (2013), Selez-
neva and Van  Kerm (2016), Grabka and Schröder (2018), Tyrowicz et  al. 
(2018), Caliendo and Wittbrodt (2022), and Beckmannshagen and Schröder 
(2022).

6 We use the term worker to describe both, blue collar (workers) and white 
collar (employees).
7 The finding of an increase in wage inequality since the early 1990s is also 
confirmed by Möller (2016). Further examples of papers using the SIAB, or 
its predecessors—the IABS and the IEBS—are, e.g., Kopczuk et  al. (2010) 
and Felbermayr et al. (2014).
8 Another data source for the analysis of wage inequality is the German 
Structure of Earnings Survey (VSE), see Appendix C.
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There is no doubt that the set of potential control vari-
ables in the SIAB is much smaller compared to the SOEP. 
However, because survey costs are substantial, the cover-
age of surveys is usually limited (about 30,000 individu-
als in the last SOEP wave), while the administrative data 
cover almost the entire population of individuals par-
ticipating in the labor market. The IEB covers, inter alia, 
all workers subject to social insurance contributions in 
Germany since 1975. The SIAB is a two-percent random 
sample of the IEB. This restriction is due to data protec-
tion purposes. Nevertheless, the SIAB covers labor mar-
ket related information of around 1.78 million persons.

Administrative data have the advantage that the char-
acteristics essential to the underlying administrative pro-
cess are usually of high quality and therefore have a low 
number of missings and a low measurement error. How-
ever, administrative data can be affected by, e.g., pro-
cessing errors (e.g., duplicate reports, data entry error) 
(Kapteyn and Ypma 2007; Groen 2012; Lindner and 
Andreasch 2014) and/or coverage errors (e.g., adminis-
trative data lack information on the shadow economy). 
Whereas, survey data can be subject to various meas-
urement errors (e.g., Bound et  al. 2001). Basically, a 
distinction can be made between sampling errors and 
non-sampling errors. Sampling errors occur when only 
a non-representative subset of the population is actually 
surveyed. Non-sampling errors include coverage errors, 
framing errors, response/non-response errors, measure-
ment errors, and processing errors (e.g., de Leeuw et al. 
2008). In summary, both survey data and administrative 
data are subject to different types of measurement errors 
and therefore neither data source should be considered 
the only true one.9 For Germany, this has been shown, 
e.g., by Oberski et  al. (2017). They “found for official 
administrative data obtained from the German Federal 
Employment Agency that the reliability of both survey 
and administrative data was far from perfect.” (Ober-
ski et  al. 2017,  p. 1486). Any comparison of survey and 
administrative data additionally faces differences in the 
definitions of the unit of analysis, divergent reference 
periods, or even censoring.

As noted above, both the SOEP and the SIAB have 
been used to analyze wage inequality in the past, using 
different analytical methods that take advantage of the 
unique characteristics of the two data sets. To our knowl-
edge, however, no attempt has ever been made to derive 
comparable inequality estimates from these data sources. 

In this article, we fill this gap by bringing in estimates of 
wage inequality trends for Germany based on (1) samples 
that exploit the strengths of each data set, (2) samples 
that are as comparable in composition as possible, and 
comparing our findings from these approaches.

2  Data
In the following, we briefly introduce the two data sets 
we use—SOEP and SIAB. We then define different sub-
samples of the two data sets that we use for the analyses. 
More detailed information on the data sets, data prepara-
tion, and sub-sampling can be found in Appendix B.

2.1  German Socio‑Economic Panel (SOEP)
The SOEP is a representative household survey. It has 
been conducted annually since 1984 and in the last wave 
covered more than 20,000 households with more than 
30,000 individuals (excluding children). The SOEP covers 
a wide range of topics, including detailed information on 
earnings and wages at both the individual and household 
level (Goebel et  al. 2019). Due to its nature as a house-
hold survey, the SOEP also covers civil servants and 
self-employed persons as well as marginally employed 
persons in addition to employees. Wages are surveyed for 
the previous month, including any overtime pay, and for 
the previous year, broken down into one-time payments 
and severance payments. Wages from secondary employ-
ment are queried separately. It should be noted that the 
way in which information for secondary employment is 
collected has changed fundamentally in 2017. Since then, 
dependent employment can be clearly distinguished from 
an honorary and self-employment secondary employ-
ment. Previously, this distinction was not possible. In 
case of item non-response, the main imputation method 
is the so-called row-and-column imputation developed 
by Little and Su (1989). When longitudinal information 
for the imputation process is missing, OLS regressions 
are applied (see Frick and Grabka 2005).10

We use the SOEP-Core v37 for our analyses. For more 
details and a brief description of the data preparation 
steps performed see Appendix  B1 and Schröder et  al. 
(2020).

2.2  Sample of integrated labour market biographies (SIAB)
The SIAB is a two percent random sample drawn from 
the IEB of the IAB. The IEB is an administrative data set 
with information from various data sources. It includes, 

9 A brief overview of articles examining the error structure in earnings data is 
provided in Appendix A.

10 The SOEP also asks for both agreed and actual working hours, so that 
hourly wages can be calculated in addition to monthly or annual wages. Since 
hourly wages cannot be calculated in the SIAB due to the lack of working time 
data, this wage concept is not presented here.
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among others, all workers subject to social insurance 
contributions and all marginally employed individuals in 
Germany.11

The employment information in the IEB comes from 
the integrated notification procedure for health, pension 
and unemployment insurance (Bender et al. 1996). As a 
part of this procedure, employers are required to submit 
notifications on all their employees subject to social secu-
rity insurance to the relevant social insurance institutions 
at least once a year. Civil servants and self-employed 
individuals are not subject to social security insurance 
and are therefore not included in the data set.

Workers can be identified by an artificial individual ID 
and tracked over years. The data is organized by employ-
ment spells. The maximum length of a spell is one calen-
dar year. For each employment spell, the beginning and 
end of employment on a daily basis and the average gross 
daily wage are known, among other things.

The wage data in the SIAB is very reliable. The infor-
mation is used, e.g., to calculate retirement pensions and 
unemployment insurance benefits. However, the wage 
data is only relevant up to the social security contribu-
tion assessment ceiling. For this reason, the wage infor-
mation in the process data is top-coded, so that we only 
observe wages up to the contribution assessment ceiling. 
Therefore, following Stüber et al. (2023), we impute top-
coded wages using a 2-step imputation procedure similar 
to Dustmann et al. (2009) and Card et al. (2013).12

We use the SIAB 7519 for our analyses. For more 
details and a brief description of the data preparation 
steps performed see Appendix B2 and Frodermann et al. 
(2021).

2.3  Defining sub‑samples for the analyses
To highlight the strengths and weaknesses of the SOEP 
and SIAB data and to compare the two data sources, we 
define different sub-samples of the data sets in Sect. 2.3.1, 
which we then use for the analyses. The rationale behind 
the sub-samples hereby is the following: the samples 
described in the next section play to the individual 
strengths of the two underlying data sets. Researchers 
studying wage inequality based solely on the SOEP or 
the SIAB will most likely end up using one of these sub-
samples. These thus represent the standard use cases of 
the two data sets. In contrast, the samples described in 

Sect.  2.3.2 follow the intention of making the two data 
sets as comparable as possible.

The following basic restrictions apply to all samples we 
draw for our analyses in this article:

• The analyses are performed for the last two decades 
covered by our data, i.e., 2000 to 2019.

• We consider only workers between the ages of 18 and 
65.

• Wages from self-employment or wages paid as part 
of an internship or, e.g., a voluntary social year are 
not taken into account.13

2.3.1  Exploiting the strengths of the SOEP or SIAB
For each data set, we create two sub-samples to take 
advantage of the respective strengths of the data set. The 
basic restrictions listed in Sect. 2.3 apply here as well, of 
course, but are not repeated in the sketches for the indi-
vidual data sets.

2.3.1.1 SOEP‑Pure 1 (monthly wage) Workers consid-
ered: All workers subject to social insurance contributions 
and civil servants.

Sampling: All respondents who reported either posi-
tive wages in the last month or positive wages in a sec-
ond job when wages from the main job were either zero 
or missing.

Wage for the calculation of wage inequality: Nominal 
gross monthly wage of person’s main job or, if not avail-
able, second job in the month prior to the interview.

2.3.1.2 SOEP‑Pure 2 (annual wage) Workers consid-
ered: All workers subject to social insurance contributions 
and civil servants.

Sampling: All respondents who reported positive indi-
vidual wages for the last calendar year. Since the latest 
survey year available in the SOEP v37 is 2020, the latest 
available observation for wages in the last calendar year 
is for 2019.

Wage for the calculation of wage inequality: Nomi-
nal gross annual wages (sum of all labor wages exclud-
ing income from self-employment) of an individual in 
year preceding the survey year, including any one-time 
payments.

11 Information on marginal part-time employed persons has been included in 
the IEB since 1999.
12 We impute right-censored wages mainly to display the mean wages in the 
descriptive statistics in Appendix B2. Imputation does not play a role in the 
calculation of our inequality measures. See also Footnote 18.

13 A precise delineation of the groups of people included in the analyses can 
be found in the Appendix B1 for the SOEP and Appendix B2 for the SIAB.
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2.3.1.3 SIAB‑Pure 1 (average daily wage) Workers con-
sidered: All workers subject to social insurance contribu-
tions.

Sampling: Consideration of all employment spells.
Wage for the calculation of wage inequality: Average 

nominal gross daily wage of all jobs held by a person dur-
ing the year [weighted by the duration of the employment 
spell; following Dustmann et al. (2009)].

2.3.1.4 SIAB‑Pure 2 (daily wage as of June 30) Workers 
considered: All workers subject to social insurance con-
tributions.

Sampling: Consideration of all employment spells as of 
June 30 of each year.

Wage for the calculation of wage inequality: Sum of all 
nominal gross daily wages of an individual as of June 30 
of each year.14

2.3.2  Generating comparable sub‑samples
The samples in the last section correspond to what 
researchers might use if they were analyzing only one 
of the two data sources. In contrast, in this section, we 
create sub-samples that are as comparable as possible 
between the two data sources.

First, we add another basic restriction to all compa-
rable sub-samples: to ensure that the individuals con-
sidered are comparable, we exclude civil servants from 
the SOEP—or, more precisely, wages from civil servant 
employment relationships—in the comparable samples. 
The other basic restrictions listed in Sect. 2.3 also apply 
here, but are not repeated.

2.3.3  SOEP‑SIAB‑comparable 1: Gross monthly wage
The SOEP asks for wage information for the month pre-
ceding the survey month. Interviews are conducted in 
almost all months, but the vast majority of surveys take 
place from February to May.15 Therefore, we replicate this 
survey structure in the SIAB. In each year, we randomly 
assign an interview month to each person in the SIAB. 
We ensure that the random assignment of the month 
results in the same distribution as for individuals aged 18 
to 65 in this year’s SOEP. If a person in the SIAB is not 
employed in the month preceding the assigned interview 
month, this individual is not included in the analysis.

Since the SIAB does not contain the monthly wage, we 
calculate the gross monthly wage to the day as the gross 

daily wage (henceforth daily wage) multiplied by the 
number of days in the employment spell in the respective 
month. The daily wage in the SIAB also includes bonus 
payments, etc. (e.g., Christmas bonus) received by the 
employee in the duration of the spell. This information 
is not included in the monthly wage in the SOEP. How-
ever, the information on bonus payments is collected ret-
rospectively for the last survey year. To mimic the wage 
measure in the SIAB, we use this information as a proxy 
and add 1/12 of the one-time payments collected retro-
spectively in the SOEP to the monthly wage.

If workers are employed by more than one employer, 
only the information for the main employment, i.e., the 
job with the highest monthly wage, is used. This leads us 
to the following comparable samples:

2.3.3.1 SOEP‑comparable 1 Workers considered: All 
workers subject to social insurance contributions.

Sampling: All respondents who reported either positive 
wages in the last month or positive wages in a second job 
when wages from main job were either zero or missing.

Wage for the calculation of wage inequality: Nominal 
gross monthly wage of person’s main job or, if not avail-
able, second job in the month prior to the interview; 
adjusted proportionally for bonuses, etc.

2.3.3.2 SIAB‑comparable 1 Workers considered: All 
workers subject to social insurance contributions.

Sampling: Annual random assignment of a survey 
month; distribution of survey months is predetermined 
by the actual distribution of survey months in SOEP.

Wage for the calculation of wage inequality: Nominal 
gross monthly wage (calculated to the day) of person’s 
main job in the month prior to the assigned interview.

2.3.4  SOEP‑SIAB‑comparable 2: Gross annual wage
Since the SIAB does not include annual wages, we calcu-
late gross annual wages by adding up all wages (employ-
ment spell duration multiplied by the gross daily wage) 
for each person in each year.16

2.3.4.1 SOEP‑comparable 2 Workers considered: All 
workers subject to social insurance contributions.

Sampling: All respondents who reported positive indi-
vidual wages for the last calendar year.

Wage for the calculation of wage inequality: Nominal 
gross annual wage of an individual in year preceding the 
survey year, including any one-time payments.

14 Aggregated data sets, such as the Establishment History Panel (BHP), are 
generated at the FDZ as of June 30. Therefore, on this cut-off date, individual-
level data can be enriched with aggregated establishment data. In addition, 
June 30 is frequently used as the cut-off date in official statistics in Germany.
15 A small fraction of the SOEP surveys is conducted in January and there-
fore contains the monthly wage for December of the previous year. We have 
chosen to report all wages for a given survey year.

16 We apply the distribution of the interview months of the SOEP to the SIAB, 
which is correct for the case that we consider monthly wages. If we consider 
annual wages, we would actually have to use the distribution of year t+1. In 
order to be able to consider the same period throughout the article, we refrain 
from doing so and use the distribution of year t.
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2.3.4.2 SIAB‑comparable 2 Workers considered: All 
workers subject to social insurance contributions.

Sampling: Consideration of all employments.
Wage for the calculation of wage inequality: Sum of the 

nominal gross payrolls of all employment relationships of 
a person during the year.

3  The development of wage inequality in Germany
3.1  Inequality measures
To analyze income inequality and illustrate the differ-
ence between survey and administrative data, we focus 
on wage percentiles and wage percentile ratios. Percen-
tile ratios are widely used, e.g., by the OECD, and are an 
intuitive way of representing income inequality.17

Percentile ratios indicate the ratio of the wages of two 
individuals who are in different positions in a given dis-
tribution. For example, the P90/P10 ratio compares the 
wage at the 90th percentile with that at the  10th per-
centile. If the P90/P10 ratio has increased over a period, 
this indicates that inequality between the top and the 
bottom tails of the wage distribution has increased. The 
disadvantage of the P90/P10 ratio is that wage trends 
above the 90th percentile and below the 10th percentile 
are not considered. Somewhere above the 90th  percen-
tile, however, is the wage threshold above which employ-
ers no longer report detailed wage information, so that 
inaccuracies can occur even when wage information is 
estimated. Thus, using the P90/P10 ratio circumvents the 
uncertainty above the wage threshold.18 For the purposes 
of this article, we consider the following three percentile 
ratios: P90/P10, P90/P50, and P50/P10.

3.2  Using the strengths of survey and administrative data
First, we measure wage inequality in both data sets using 
the two most common wage measures for the respec-
tive data sets: monthly wage (SOEP-Pure 1) and annual 
wage (SOEP-Pure 2) for the SOEP and average daily 
wage (SIAB-Pure 1) and daily wage on June 30 (SIAB-
Pure 2) for the SIAB. These are the native measures for 
the respective data set, i.e., monthly wages as well as 
annual wages are collected directly in the SOEP ques-
tionnaire and wage information are provided as average 
daily wages in the SIAB. In the following section, we then 
measure wage inequality using comparable sub-samples 
of the two data sets.

The results based on monthly and annual wages in the 
SOEP are shown in Fig. 1. Results based on average daily 
wage and daily wage at June 30 in the SIAB are shown in 
Fig. 2.

Looking at the trajectories of the percentile ratios in the 
two data sets, it is immediately apparent that the P90/P10 
value is lower in the SOEP than in the SIAB. The trend 
over the years also shows clear differences.

In the SOEP, the monthly P90/P10 percentile ratio 
is relatively stable until 2016 and then declines (see 
Fig.  1A).19 In contrast, the annual P90/P10 percentile 
ratio shows a weak inverted U-shape: it rises until 2011 
and then falls again starting around 2013 (see Fig. 1B).

In the SIAB, the pattern is much more rigid. However, 
a very weak inverted U-shape can be seen for the P90/
P10 percentile ratio of average daily wages (see Fig. 2A). 
Comparing the P50/P10 percentile ratios, a similar pat-
tern emerges as for the P90/P10 ratios. In contrast, the 
P90/P50 percentile ratios are quite similar in all four sam-
ples: a nearly constant pattern with a ratio of about two.

The fact that the P90/P50 percentile ratios are quite 
similar in all four samples, but there are major differences 
in both the level and trend of the P90/P10 and P50/P10 
percentile ratios, suggests that there are differences in 
the data sets at the lower end of the wage distribution. 
The lower P90/P10 and somewhat lower P50/P10 percen-
tile ratios in the SOEP indicate that the P10 value in the 
SOEP must be higher than that in the SIAB.

Of course, this difference may be because the popula-
tion covered by the two data sets is not fully comparable. 
For example, the SOEP includes wages of civil servants, 
which are not included in the SIAB data. In addition, the 
SOEP surveys do not take place evenly throughout the 
year. Therefore, wages in the SOEP could be influenced 
by seasonal effects.

To examine whether the differences described are due 
to these factors, we consider the comparable sub-samples 

17 An alternative way to measure inequality would be to calculate, e.g, Gini 
indices for the individual data sets. However, while the Gini index is only an 
aggregate measure, percentile ratios provide information on the shape of the 
underlying distribution.
18 The  90th percentiles are not affected by the imputation of wages. We 
impute right-censored wages so that we can display the mean wages in the 
descriptive statistics in Appendix B2. The 90th percentiles however would 
be affected by imputed wages if we were to report our results differentiated, 
eg., by gender and education. As Stüber et al. (2023, p. 6) note: The “wage 
information in the process data is top-coded, and hence we only observe 
wages up to the social security contribution ceiling. While this feature only 
affects approximately 5.2% of all employment spells for workers between 
1975 and 2019, the proportion of censored observations within certain 
subgroups is substantial. For instance, nearly 44% of the spells of regularly 
employed male workers with a degree from a university or university of 
applied science are affected by top-coding.” However, looking at the SIAB-
Pure 2 sample, e.g., and not considering wages below the marginal earnings 
threshold, no year has more than 90% of wages imputed above the  90th 
percentile.

19 The trend of a decline in monthly wage inequality even began several years 
earlier when using gross hourly wages (cf. Grabka 2022).
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in the following section. However, another strategy for 
uncovering potential factors to explain the observed dif-
ferences between SOEP and SIAB may be to use other 
data sources with wage information. Therefore, in further 
analyses, we use the Federal Statistical Office’s Structure 
of Earnings Survey (VSE, Verdienststrukturerhebung) in 
Appendix C to gain further insights.

3.3  Using comparable sub‑samples of survey 
and administrative data

In the following, we consider the four comparable sub-
samples presented in Sect. 2.3.2. Figures 3 and 4 show the 
comparable samples using monthly and annual wages, 
respectively.

The percentile trajectories of monthly wages (Fig. 3A) 
look relatively similar in the two data sets. This is espe-
cially true for the 50th percentile. However, the P10 
of the SOEP is somewhat higher than that of the SIAB, 
especially from 2017 onward. On the other hand, the P90 
of the SIAB is consistently higher than that of the SOEP.

The percentile trajectories of annual wages (Fig. 4A) in 
the two data sets also look quite similar. However, here 
the P10 of the SOEP is significantly higher than the P10 
of the SIAB, and one also sees clear differences in the two 
P50 percentiles.

The differences—in both monthly and annual data—
translate into striking differences when percentile ratios 
are considered (see Figs. 3B and 4B). Here we can see that 
the clear differences in percentile ratios—with the excep-
tion of P50/P10—still exist.

These results suggest that wages at the lower (and 
upper) ends of the wage distribution are captured differ-
ently. It could be that low wages are underrepresented in 
the SOEP. This could be due to sampling, but it could also 
be due to respondents not reporting very low wages or 
simply forgetting about them. It could also be because 

information on second jobs has been collected more pre-
cisely in the SOEP since 2017. Another explanation could 
be that respondents with several marginal part-time 
jobs are very likely to add them together and thus report 
higher wages as captured in the SIAB. This last aspect 
might be particularly relevant, given that the number 
of workers with more than one job more than doubled 
between 1999 and 2019.20

In the period under consideration, low-income wages 
are included in the administrative data (SIAB) because 
since 1999 jobs with wages below the marginal earnings 
threshold are subject to a lump-sum social security con-
tribution payable by the employer. For this reason, mar-
ginal wages should be recorded relatively reliably in the 
SIAB. Here, too, however, it cannot be ruled out that, 
e.g., spells with low wages may occur due to subsequent 
wage declarations that do not represent actual employ-
ment. Although these are administrative data, we observe 
some employment spells with unrealistically low daily 
wages (e.g., ≤ 1 euro)21. This could lead to an overestima-
tion of marginal part-time employment in the SIAB.

To further analyze this, we decided to add another 
restriction to our comparable sub-samples below by lim-
iting the analyses to wages above the marginal earnings 
threshold.22

Fig. 1 Development of wage percentiles ratios in the SOEP 2000–2019. Source: own calculations, SOEP-Core.v37.EU

20 Source: https:// www. desta tis. de/ DE/ Themen/ Arbeit/ Arbei tsmar kt/ Quali 
taet- Arbeit/ Dimen sion-3/ zweit jobl. htm; last accessed: Oct. 23, 2022.
21 Less than 0.15% of workers have a daily wage of ≤ 1 euro (as of June 30); 
the 1% percentile is 3.12 euros and the 5% percentile is 8.22 euros.
22 To better assess the difference between SIAB and SOEP highlighted in 
this section, we additionally rely on the VSE in Appendix C.

https://www.destatis.de/DE/Themen/Arbeit/Arbeitsmarkt/Qualitaet-Arbeit/Dimension-3/zweitjobl.htm
https://www.destatis.de/DE/Themen/Arbeit/Arbeitsmarkt/Qualitaet-Arbeit/Dimension-3/zweitjobl.htm
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3.4  Using the marginal earnings threshold as a lower wage 
floor

Using the marginal earnings threshold23 as a wage floor, 
the results are no longer representative for the entire 
German labor force, but only for workers with wages 
above the marginal earnings threshold. Nevertheless, the 
percentile ratios can be used to examine the development 
of wage inequality in this group and to highlight differ-
ences in the two data sets.

The results of this exercise are striking. Looking only at 
wages above the marginal earnings threshold, the trend is 
now almost identical for all three percentiles considered 
(see Figs. 5A and 6A). Only in 2016 does the P90 in the 
SOEP decrease slightly, but the development in the fol-
lowing years is again in line with that of the SIAB.

The trajectories of the percentile ratios are now also 
quite similar (see Figs. 5B and 6B). However, we still find 
a level difference in the P90/P10 ratio for annual wages 
(see Fig. 6B).24

4  Conclusion
Two very different data sets are often used to describe wage 
inequality in Germany. On the one hand, the administrative 
data of the SIAB and, on the other hand, the information 
obtained from a population survey, the SOEP. Both data 
sources have their specific advantages and disadvantages. 
Using the full information from each data source yields 
comparable trends in wage inequality from 2000 to about 
2015. Since then, the results diverge at first glance. After 

harmonizing the analysis population, comparable trends 
and relatively similar levels emerge again for both data 
sources. However, the comparison of the two data sources 
also shows that there are systematic deviations between 
them in the area of very low wages. Various reasons may be 
responsible for this: On the survey side, it might be the case 
that respondents add up wages from several activities, so 
that the SOEP shows higher wage levels in the lower part 
of the distribution. In addition, it cannot be ruled out that 
money flows from the employer to the employee over and 
above the regular wage, e.g., to pay for short-term over-
time in a mini-job, but not to exceed the official mini-job 
threshold. Accordingly, there are significantly more very 
small wage reports on the SIAB side. One of the reasons 
for this might be short-term registrations and cancella-
tions of employment relationships, which are not consid-
ered relevant for respondents and therefore tend not to be 
reported in survey data. In addition, there is presumably a 
problem on the part of the SIAB, known from minimum 
wage research: if the minimum wage legislation is not com-
plied with or the mini-job limit is exceeded, electronic pay-
roll systems issue a warning message and wages or working 
hours might just be adjusted in the system in accordance to 
the legal situation (e.g., Bachmann et al. 2020, p. 26). This is 
likely to occur more frequently in the lower wage range and 
in short-term employment. Overall, however, the findings 
presented here show that both data sources are well suited 
to adequately describe wage inequality in Germany above 
the mini-job threshold. However, the observed differences 
at the bottom of the wage distribution require further anal-
ysis. The upcoming release of SOEP data linked to SIAB 
data by social security number (SOEP-ADIAB), planned 
for 2023, will provide a database helping to further investi-
gate into these differences.

Fig. 2 Development of wage percentiles ratios in the SIAB 2000–2019. Source: own calculations, SIAB 7519

23 The daily, monthly, and annual marginal earnings threshold are provided at 
http:// doku. iab. de/ fdz/ Bemes sungs grenz en_ de_ en. xls; last accessed: Oct. 23, 
2022.
24 In addition to the marginal earnings threshold, we also calculated the 
respective percentiles for alternative (lower) earnings thresholds (e.g., 100 
EUR and 200 EUR). However, the effect of results converging, was most 
pronounced at the marginal earnings threshold.

http://doku.iab.de/fdz/Bemessungsgrenzen_de_en.xls
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Appendix A

Literature on the comparison of administrative 
and survey data and on the error structures 
in earnings data
This appendix provides a brief summary of the literature 
on comparing administrative and survey data in conjunc-
tion with a review of studies of error structures in earn-
ings data.

There are few papers that compare survey and adminis-
trative data and examine whether these data sets provide 
comparable results. In particular, a number of papers 
compare information from administrative sources and 
from surveys on employment, earnings, and working 
hours. A first simple approach is to look at aggregates 
from the two sources in order to have a micro-macro 

comparison. Using data for Finland, Kavonius and 
Törmälehto (2003) find that wages are almost identical in 
both data sources, while data on investment income and 
income from self-employment differ. The same strategy is 
followed by Törmälehto (2011), who reports that surveys 
in most countries covered by the Luxembourg Income 
Study (LIS) cover more than 90 percent of income. Pis-
chke (1995) finds that information on earnings from 
administrative data and survey data does not differ sig-
nificantly in either mean or variance. Bound and Krueger 
(1991) additionally consider sociodemographic variables 
in their comparisons and show that reliability ratios are 
higher for women than for men when they compare sur-
vey data from the Current Population Survey (CPS) with 
Social Security Administration (SSA) data. Information 
from the SSA is also used in the study by Bricker and 
Engelhardt (2008). They compare administrative infor-
mation with that from the Health and Retirement Study 

Fig. 3 Monthly wages in 2000–2019; sample: comparable sample; no lower limit. Source: own calculations, SOEP-Core.v37.EU & SIAB 7519. 95% 
confidence interval indicated by shaded areas (for percentiles only); 500 bootstrap replications

Fig. 4 Annual wages in 2000–2019; sample: comparable sample; no lower limit. Source: own calculations, SOEP-Core.v37.EU & SIAB 7519. 95% 
confidence interval indicated by shaded areas (for percentiles only); 500 bootstrap replications
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(HRS). By linking the two data sets, they identify meas-
urement errors of about six percent in men’s earnings 
and of approximately seven percent in women’s earnings.

In addition to rather straightforward comparisons of 
point estimates, the shapes of distributions from differ-
ent data sources are also examined. One example is Roe-
mer (2002), who compared CPS data with data from the 
Survey of Income and Program Participation (SIPP) and 
finds that surveys accurately capture the underlying pat-
terns of income distribution.

Another strand of papers examines the error struc-
ture in earnings data. Johansson-Tormod and Klev-
marken (2022) show that both register error and survey 
error are negatively correlated with the true values (rich 
tend to underreport while poor tend to overreport). 
This result has also been shown in previous papers such 
as Bollinger (1998) or Pedace and Bates (2000). Bound 
et  al. (1994) point out that measurement errors are not 

necessarily due to misreporting in the survey data, but 
can be explained by errors in administrative data. Bakker 
(2011) argues that 24% of the variance in official Dutch 
hourly wages is due to random measurement error. 
Imputation is also a relevant source of measurement 
error in this context. For example, Coder (1992) argues 
that mean error is larger when earnings are partially or 
completely imputed. However, the quality of imputation 
also depends strongly on the imputation strategy (Blough 
et al. 2009).

One of the few examples for Germany is Lüthen et al. 
(2022). Based on a record-linkage they compare not only 
the amount of payments coming from public pensions 
between SOEP data and information from the pension 
register, but also a number of demographic variables. 
While, e.g., gender and age show an almost perfect over-
lap, pensions are overestimated by 12.8% at the mean in 

Fig. 5 Monthly wages in 2000–2019; sample: comparable sample; only wages above marginal part-time employment. Source: own calculations, 
SOEP-Core.v37.EU & SIAB 7519. 95% confidence interval indicated by shaded areas (for percentiles only); 500 bootstrap replications

Fig. 6 Annual wages in 2000–2019; sample: comparable sample; only wages above marginal part-time employment ceiling. Source: own 
calculations, SOEP-Core.v37.EU & SIAB 7519. 95% confidence interval indicated by shaded areas (for percentiles only); 500 bootstrap replications
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survey data which decrease to less than 6% at the 90th 
percentile.

Another systematic comparison between different data 
sources were performed by Becker et al. (2003). Analyz-
ing market as well as disposable household income com-
ing from the German income and expenditure survey 
(Einkommens- und Verbrauchsstichprobe, EVS) from the 
federal statistical office and from the SOEP, they show 
that incomes from SOEP are significantly lower and addi-
tionally poverty rates are much higher than in the EVS. 
The authors argue that the results are partly driven by 
an insufficient coverage of foreigners in the EVS which 
yields to biased estimates in the latter data source.

In the context of the third Poverty and Wealth Report 
of the German government, Hauser et  al. (2007) com-
pared differences in disposable household income and 
poverty risk rates between SOEP, the German microcen-
sus (Mikrozensus) and the German part of the EU Sta-
tistics on Income and Living Conditions (EU-SILC). They 
come to the conclusion that SOEP and microcensus show 
large overlaps, whereas the results of EU-SILC deviate 
from them, in some cases significantly. They explain this 
by the fact that the structure of the foreign population 
in EU-SILC does not match that of the other two data 
sources. In addition, EU-SILC massively underestimates 
the number of people in the labor force, while at the same 
time significantly overestimating the number of people 
with tertiary education.

Appendix B
Data
B.1 German socio‑economic panel study (SOEP)
We use the SOEP version SOEP-Core.v37.EU (DOI: 
https:// doi. org/ 10. 5684/ soep. core. v37eu), which covers 
the survey years 1984–2020. As a first step, we restrict 
our sample to the active survey population (SOEP netto-
codes 10–19) and survey years 2000–2020. Although our 
study focuses on the 2000–2019 time window, we need 
to include survey year 2020 because the information on 
annual wages in the SOEP corresponds to the year before 
the survey year. In all our results, we include individual-
level survey weights that exclude the first occurrence of 
the individual in the data (phrf1) to ensure representa-
tiveness of the results on the national level. We then fur-
ther restrict the sample to individuals aged 18–65 years.

Preparation of the base data set
For the analysis of monthly wages, we select dependent 
employees in their main job who report a non-missing 
wage in the current or preceding month of the survey 
(pglabgro). We excluded apprentices and trainees, those 
in partial retirement with working time of zero hours, 

freelancers, and self-employed. Technically, this refers 
to SOEP stib-codes 10–15, 120–150, and 410–433. In 
addition, individuals who were exclusively engaged in 
dependent secondary employment were included back in 
the sample.

The same logic applies to the study of annual wages. 
We include all individuals for whom we have non-
missing information on their annual earnings from the 
year preceding the survey year (i11110-iself). Again, we 
exclude apprentices and trainees, those in partial retire-
ment with working time of zero hours, freelancers, and 
self-employed.25

Preparation of the four data sets for our analyses
We create four data sets for the analyses. All of them use 
wage measures directly surveyed (monthly and annual 
wage). Two of them consist of all workers including civil 
servants and the two “comparable” data sets rely only on 
workers in employment relationships subject to social 
security contributions.

SOEP‑Pure 1: monthly wage
The SOEP-Pure 1 data set represents the base data set 
described above focusing on monthly wages. For the 
final analysis, we only consider wages that are above 
the monthly marginal earnings threshold. Adding this 
restriction, pooled descriptive statistics for the SOEP-
Pure 1 are reported in Table 1.

SOEP‑Pure 2: annual wage
The SOEP-Pure 2 data set represents the base data set 
described above focusing on annual wages. For the final 
analysis, we only consider wages that are above the 
annual marginal earnings threshold. Adding this restric-
tion, pooled descriptive statistics for the SOEP-Pure 2 are 
reported in Table 2.

Comparable sample 1: monthly wage
One important difference between SIAB and SOEP is 
that the SIAB does only cover employment relationships 
liable to social security contributions. This means that 
civil servants are not included in the data. Thus, for our 
comparable samples, we exclude civil servants from our 
SOEP samples. In addition, bonus payments (bonuses, 
holiday pay, Christmas bonus, ...) are included in the 
wage information in the SIAB. In the SOEP, this is usu-
ally not the case for the monthly wage observations. 
However, information on bonus payments are available 
in retrospective for the last calendar year. We use this 

25 It should be noted that this information technically refers to the current 
status of the surveyed individual and does not necessarily apply to employ-
ment relationships from the previous year.

https://doi.org/10.5684/soep.core.v37eu
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information as proxy and add 1/12 of previous year’s 
bonus payments (i13ly, i14ly, ixmas, iholy, igray, iothy, 
itray) to the reported monthly wage.26

For the final analysis, we only consider wages that are 
above the monthly marginal earnings threshold. Sum-
mary statistics for this data set are provided in Table 3.

Comparable sample 2: annual wage
As for the Comparable Sample 1 we exclude civil serv-
ants from our SOEP sample. The annual wage measure 
needs no correction for bonus payments because these 
are natively included. For the final analysis, we only con-
sider wages that are above the annual marginal earnings 
threshold. Summary statistics for this data set are pro-
vided in Table 4.

B.2 Sample of integrated labour market biographies (SIAB)
Only employment information from the weakly 
anonymized version of the SIAB 7519 (DOI: 10.5164/
IAB.FDZ.2101.en.v1) is used for this article (cf. Fro-
dermann et  al. 2021). Information from the SIAB that 
derived from data sources other than the Employment 
History (Beschäftigten-Historik, BeH) is not used.27

In preparing the SIAB, we are largely guided by Stüber 
et al. (2023). They present instructions for preparing the 
SIAB 7519 for scientific analyses. To this end, they pro-
vide a Stata do-file collection consisting of both do-files 
written by themselves and slightly adapted do-files from 
other authors. We made some minor adjustments and 
extensions to the Stata codes and omitted certain pro-
cessing steps when they were not necessary for process-
ing the BeH data or the variables needed for our analysis.

Our analysis is conducted for the years 2000 to 2019. 
However, we prepare the SIAB for 1999 to 2019 because 
we also conduct analyses where we replicate the sur-
vey pattern of the SOEP. That is, we assign an interview 
month to each worker and then look at the previous 
month’s wage, as in the SOEP. Since some years in the 
SOEP surveys were also conducted in January, we need 
the December wage of the previous year for a few cases. 
For this reason, we also reprocess 1999 employment data 
from the SIAB so that we can assign 1999 December pay 
to January 2000 “respondents.”

The remainder of this section briefly describes the 
SIAB data preparation process we used to generate our 

base data set and how we used it to prepare the four data 
sets for our analyses.

Preparation of the base data set
We retain only the BeH spells and omit all periods for 
years prior to 1999. We also restrict the data to employ-
ment periods for workers aged 18 to 65 and drop all 
variables that are not essential for data compilation or 
analysis.

Since 2013, the number of reports with deregistration 
because of a “notification of a one-off wage” (deregistra-
tion reason 54; coded as grund==154) has increased 
sharply (cf. Frodermann et  al. 2021,  Sects. 5.5.1 and 
5.5.12). It is likely that special payments that were 
reported with the annual spells before 2013 are now 
reported separately. Therefore, we add these one-off 
payments proportionally to spells of the same employee 
in the same year in the same company and daily wages 
is recalculated. After recalculating the daily wages, we 
delete all spells with the deregistration reason “notifica-
tion of a one-off wage” and/or with a daily wage of zero. 
Then we calculate the tenure etc., undo the episode split-
ting and restrict our data as described in the following 
paragraph.

We only keep employment spells of the following per-
son groups28: Employees subject to social security with 
no special features [101], employees in partial retirement 
[103], marginal part-time employees in accordance with  
§ 8 para.  1 No. 1 Social Code Book IV (SGB IV) [109], 
casual workers [118, 205], home workers [124], seamen 
[140], seamen in partial retirement [142], maritime pilots 
[143], employees in private households (reported via the 
“household cheque procedure”) [201], artists and publi-
cists subject to social security [203], and marginal part-
time employees in private households (reported via the 
“household cheque procedure”) [209]. Hence we drop, 
e.g., all trainees, apprentices, interns, family workers 
in agriculture, and persons completing a year of volun-
tary social or environmental work or Federal Voluntary 
Service. For an overview of person group codes see, e.g., 
Ganzer et al. (2021, pp. 120–121).

The wage information in the SIAB is rather reliable. 
It stems from the integrated notification procedure for 
health, pension and unemployment insurance. However, 
wage data are only recorded up to the social security con-
tribution ceiling; higher wages are top-coded. Therefore 
we impute top-coded wages following Stüber et al. (2023) 
using a 2-step imputation procedure, similar to Dust-
mann et al. (2009) and Card et al. (2013).

26 Again, it should be noted that bonus payments from the previous year can 
only be a proxy for payments in the current year.
27 The IEB consist of all individuals, which are characterized by at least 
one of the following employment states: employed subject to social secu-
rity or marginal part-time employed in Germany, benefit recipients accord-
ing to the German Social Code III or II, individuals officially registered as 
job-seeking at the German Federal Employment Agency or individuals with 
(planned) participation in programs of active labor market policies. 28 Person group code provided in square brackets.
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Right-censored wages are imputed separately for the 
following groups of people:

• Place of work: East/West Germany
• Three education groups29

Within the imputations we control for: sex, part-time, 
age, age squared, days in job, days in job squared, and 
interaction of age and age squared with “old”, where “old” 
is a dummy that is 1 for individuals older than 40 years. 
We do not consider marginal part-time spells in the 
imputation, since these wages—by definition—cannot be 
right censored.

At the end, we obtain our SIAB base data set, which 
includes full-time, part-time, and marginal part-time 
spells and, inter alia, the (imputed) nominal gross daily 
wage associated with them. We use this data set to create 
the four data sets for our analyses.

Preparation of the four data sets for our analyses
We create four data sets for the analyses. Two of them 
use wage measures that take advantage of the SIAB (aver-
age daily wage and daily wage on June 30) and the two 
“comparable” data sets use wage measures that can also 
be generated with the SOEP (monthly wage and annual 
wage).

SIAB‑Pure 1: average daily wage
To generate this data set, we use all spells from our SIAB 
base data set. If an individual has more than one employ-
ment spell (parallel and/or consecutive) in a year, we 
compute a weighted average daily wage, similar to Dust-
mann et  al. (2009). The weighted average daily wage of 
person i in year t (wdwi,t) is calculated as:

wdwi,t =

Si,t
�

s=1



(dwi,t,s ∗ li,t,s)/

Si,t
�

s

li,t,s



,

where s = [1, Si,t ] indicates the different spells of 
worker i in year t, dwi,t,s is the nominal gross daily 
wage of spell s of worker i in year t and li,t,s is the cor-
responding spell length (in days). Hence, if a worker has 
only one spell (Si,t = 1) , the daily wage is unchanged 
(wdwi,t == dwi,t,s=1) . If more than one spell exists, wdwi,t 
is the spell length weighted average daily wage.

For the final analysis, we only consider wages that are 
above the marginal earnings threshold. Summary statis-
tics for this data set are provided in Table 5.

SIAB‑Pure 2: daily wage on June 30
To create this data set, we use all spells from our SIAB 
base data set that include the June 30 cutoff date. We sum 
up the daily wages for each worker for every year wdwi,t:
dwi,June 30,t =

∑Si,June 30,t

s=1

(

dws,i,t

)

.
For the final analysis, we only consider wages that are 

above the marginal earnings threshold. Summary statis-
tics for this data set are provided in Table 6.

Comparable sample 1: monthly wage
To obtain a comparable monthly wage, we transfer the 
survey pattern of the SOEP to the SIAB. For this pur-
pose, the distribution of the survey months of each year, 
is randomly assigned to the individuals in the SIAB. The 
assigned interview month is then merged to our SIAB 
base data set. As in the SOEP samples, individuals are 
only included if they have earnings in the month prior 
to the assigned interview. This previous month’s wage is 
used in the analyses.

We calculate the exact monthly wage for all employ-
ment spells of the month prior to the assigned interview 
month mwi,main,t as:

where dwi,main,t is the nominal gross daily wage of 
the main employment spell of the month prior to the 
assigned interview month and li,month,t = [1, 31] are the 
days worked in that month.

For the analysis we only keep the main employment 
spell (the spell with the highest monthly wage) of the 
month prior to the assigned interview month.

mwi,main,t = dwi,main,t ∗ li,month,t ,

Table 1 Summary statistics SOEP-Pure 1 sample

Source: own calculations, SOEP-Core.v37.EU, years 2000–2019

Wage: nominal monthly wage the main occupation in euro, mean over (median 
of ) all observations of the sample. Age: mean age in years

Only wages above the marginal earnings threshold are taken into account

No. of observations Mean wage Median wage Mean age

211,911 2737.77 2450.00 42.79

Table 2 Summary statistics SOEP-Pure 2 sample

Source: own calculations, SOEP-Core.v37.EU, years 2001–2020

Wage: nominal annual wage of the main occupation in euro, mean over (median 
of ) all observations of the sample. Age: mean age in years

Only wages above the marginal earnings threshold are taken into account

No. of observations Mean wage Median wage Mean age

204,560 34,369 30,250 43.01

29 (1) neither vocational training nor degree from university (of applied sci-
ence), (2) vocational training, (3) degree from an university (of applied sci-
ence).
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For the final analysis, we only consider wages that are 
above the marginal earnings threshold. Summary statis-
tics for this data set are provided in Table 7.

Comparable sample 2: annual wage
To obtain a comparable annual wage wi,t , we sum up all 
wages of a worker in each year:

where s = [1, Si,t ] indicates the different spells of worker 
i in year t, dwi,t,s is the nominal gross daily wage of spell 
s of worker i in year t and li,t,s is the corresponding spell 
length (in days).

For the final analysis, we only consider wages that are 
above the marginal earnings threshold. Summary statis-
tics for this data set are provided in Table 8.

Appendix C

Structure of earnings survey (VSE)
To better assess the difference between SIAB and SOEP 
highlighted in Sect.  3.3, we draw on the Structure of 
Earnings Survey (VSE, Verdienststrukturerhebung) for 
additional comparison.

The official report on the VSE is a decentralized set 
of statistics and provides gross wage percentiles for the 
years 2014 (Statistisches Bundesamt 2016) and 2018 
(Statistisches Bundesamt 2020). The data are collected 
from public and private sector employers via online 

wi,t =

Si,t
∑

s=1

(

dws,i,t ∗ ls,i,t
)

,

questionnaires. Employers are obliged to provide infor-
mation in accordance with the Earnings Statistics Act. 
The VSE covers full-time and part-time jobs. Compa-
nies that have only marginal employees are not included 
in the VSE. Also self-employment is not covered. Only 
jobs that existed for the entire reporting month and 
for which wages were paid in the reporting month are 
recorded. The reporting period is the calendar year for 
some data and a representative month (April) for most 
data. Therefore, seasonal employment is not captured in 
a representative manner. The VSE covers all sectors with 
the exemption of employees in private households and 
in extraterritorial organizations and entities. We refrain 
from an in-depth comparison between all three data-
sources because the VSE collects wage information only 
every fourth year and micro data are only available since 
2006.

In Table 9, we compare the percentiles and percentile 
ratios of the VSE with the results from the unrestricted 
SOEP (SOEP-Pure 1 and 2) and the comparable SIAB 
data (SIAB-Comparable 1 and 2).

When interpreting the tables, it should be noted that 
the VSE does not record and depict persons, but rather 
employment relationships, i.e. jobs or employment con-
tracts. For example, if an employee has two part-time 
jobs in two different surveyed establishments and is sam-
pled in both establishments, he/she appears in the VSE 
statistics two times. The person appears only once in the 
VSE if the second establishment was not surveyed or he/
she was not sampled in the second establishment.

The VSE considers in the gross nominal monthly wages 
(GMW) only employment relationships that existed dur-
ing the entire reference month (i.e. April) and for which 
remuneration was paid in the reference month. This 
excludes employments that were not started or ended on 
a monthly basis. Therefore, short employments—which 
are usually associated with low wages—are not taken into 
account. In the SIAB, on the other hand, employment is 
recorded on a daily basis. Therefore, short employments—
even just one-day ones—are also taken into account. In 
the SOEP, the wages of the previous month are queried—
here, too, employment that was not started or ended on 

Table 3 Summary statistics SOEP: comparable sample 1

Source: own calculations, SOEP-Core.v37.EU, years 2000–2019

Wage: nominal monthly wage in euro, mean over (median of ) all observations of the sample. Age: mean age in years. Working: f-t = full-time; p-t = part-time. 
Education: low = no vocational training; medium = vocational training; high = university (of applied sciences)

Only wages above the marginal earnings threshold are taken into account

Due to missings in working-time and education, percentages do not sum up to 100%

No. of Wage (in euro) Mean Working (in %) Education (in %)

observations mean median age f‑t p‑t low med. high

195,168 2838.60 2485.83 42.65 70.91 29.09 10.68 68.05 21.04

Table 4 Summary statistics SOEP: comparable sample 2

Source: own calculations, SOEP-Core.v37.EU, years 2001–2020

Wage: nominal annual wage in euro, mean over (median of ) all observations of 
the sample. Age: mean age in years

Only wages above the marginal earnings threshold are taken into account

No. of observations Mean wage Median wage Mean age

187,010 33,654.76 29,400.00 42.87
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a monthly basis is recorded. However, it is questionable 
whether respondents would report one-day or very short 
employment, especially if it is a second or irregular job. In 
the GMW results of the SOEP and the SIAB, only the job 
with the highest gross monthly wage is considered.

In the VSE, the gross nominal annual wages (GAW) 
of partial years were extrapolated to 12 months. Only 
employment relationships with 30 or more working 
weeks in 2014 or 2018 are considered. In the GAW of the 
SOEP and the SIAB, on the other hand, all jobs of a per-
son are taken into account.

Comparing the percentiles of the GMW of the VSE 
with the SOEP and the SIAB, it is noticeable that the 
P10 and P50 in the SOEP are higher than the values in 
the VSE in both years. The P90, on the other hand, is 
higher in both years in the VSE. In the SIAB, a differ-
ent pattern emerges. The P10 of the SIAB and the VSE 
are remarkably close to each other in both years. On the 
other hand, the P50 and P90 of the SIAB are always sig-
nificantly higher than those of the VSE. An explanation 
of the higher P10 in the SOEP could be, that respondents 
with several marginal part-time jobs add them together 
and thus report higher wages than the other two sources.

Comparing the percentiles of the GAW of the VSE with 
those of the SOEP, we find a similar pattern as for the GMW. 
Again, the P10 is higher in the SOEP than in the VSE, and 
the P90 is higher in the VSE. But the P50 is higher in 2018 
only in the SOEP. However, there are stronger deviations in 
the comparison of SIAB and VSE. Here, all three percentiles 
of the SIAB are significantly lower than those of the VSE. 
The large deviations in the GAW can probably be explained 
by the fact that the SIAB includes all employment, no mat-
ter how brief. In other words, many people who are perhaps 
only employed for a few days a year are taken into account 
here and therefore push the percentile values down. In the 
VSE, on the other hand, these short jobs are not taken into 
account at all. It also cannot be ruled out that companies 
with more marginal part-time employees are underrepre-
sented due to the composition of the companies surveyed. 
In addition, the VSE records wages in April and therefore 
seasonal employment is not recorded in a representative 
manner. Also in the SOEP low wages, especially those due 
to short-time jobs, could be underrepresented. This may 
be due to sampling, but also because respondents did not 
report very low wages or simply forget about very short-term 
employment.

In the period we consider, marginal part-time wages 
are included in the SIAB, because since 1999 wages 
below the marginal earnings threshold jobs are subject 
to a lump-sum contribution payable by the employer. For 
this reason, marginal part-time wages should be recorded 
relatively reliably in the SIAB. Here, too, however, it can-
not be ruled out that, e.g. due to subsequent reporting of 

wages, spells with low wages occur that do not represent 
actual employment. Although these are administrative 
data, there are observations with unrealistically low daily 
wages. This could lead to an overestimation of marginal 
part-time employment—and hence an underestimated 
P10—in the SIAB.

To shed more light on the impact of the VSE con-
straints just mentioned, we show in Table 10 what hap-
pens when we apply these constraints to the SIAB. The 
gross nominal monthly wage in April (GMW) for the VSE 
and the gross nominal wage (GMW, SIAB-Comparable 1) 
correspond to the values in Table 9; they are only listed 
again for the sake of clarity. GMW2 to GMW5 show what 
happens when restrictions of the VSE are applied to the 
SIAB.

GMW2 corresponds to GMW of the SIAB, except for 
the fact that the workers must be employed for the entire 
month—as in the VSE—in order to be taken into account. 
As a result, the P10, the P50 and the P90 increase. In 
addition, restricting the SIAB to the month April—as in 
the VSE—causes all percentiles to fall again (see GMW3). 
However, with the exception of the P10 in 2018, they are 
above GMW’s values. GMW4 and GMW5 correspond 
to GMW2 and GMW3, respectively, except that we now 
exclude employment in sectors T and U—as in the VSE. 
As can be seen from Table 10, this additional constraint 
has no effect on P10, but P50 and P90 increase slightly 
compared to GMW2 and GMW3. However, the general 
pattern remains: The P10 percentiles are close, but the 
P50 and P90 percentiles are higher in the SIAB, and this 
difference has increased over time.

It should be noted that it is evident that the VSE restric-
tions have an impact on the wage percentile(s) (ratios). 
However, they do not explain the larger difference, of 

Table 5 Summary statistics SIAB-Pure 1 sample

Source: own calculations, SIAB 7519, years 2000–2019

Wage: nominal daily wage in euro, mean over (median of ) all observations of the 
sample. Age: mean age in years

Only wages above the marginal earnings threshold are taken into account

No. of observations Mean wage Median wage Mean age

11,492,264 90.44 76.15 41.77

Table 6 Summary statistics SIAB-Pure 2 sample

Source: own calculations, SIAB 7519, years 2000–2019

Wage: nominal daily wage in euro, mean over (median of ) all observations of the 
sample. Age: mean age in years

Only wages above the marginal earnings threshold are taken into account

No. of observations Mean wage Median wage Mean age

10,376,844 96.59 82.38 42.41
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about 10%, in the P90 between VSE and SIAB. This is 
noteworthy in that both wage information are employer 
declarations where a high degree of accuracy should be 
expected. What could still be investigated is whether or 
to what extent drawing a company sample has an effect 
on the wage inequality found. Since such an evaluation is 
not possible with SIAB, we leave this to future research.30

Table 7 Summary statistics SIAB: comparable sample 1

Source: own calculations, SIAB 7519, years 2000–2019

Wage: nominal monthly wage in euro, mean over (median of ) all observations of the sample. Age: mean age in years. Working: f-t = full-time; p-t = part-time. 
Education: low = no vocational training; medium = vocational training; high = university (of applied sciences)

Only wages above the marginal earnings threshold are taken into account

Due to missings in working-time and education, percentages do not sum up to 100%

No. of Wage (in euro) Mean Working (in %) Education (in %)

observations mean median age f‑t p‑t low medium high

9,859,452 2905.86 2478.76 42.65 76.34 23.66 7.85 73.82 16.52

Table 8 Summary statistics SIAB, comparable sample 2

Source: wn calculations, SIAB 7519, years 2000–2019

Wage: nominal annual wage in euro, mean over (median of ) all observations of 
the sample. Age: mean age in years

Only wages above the marginal earnings threshold are taken into account

No. of observations Mean wage Median wage Mean age

10,808,103 33,353.38 28,406.06 42.13

Table 9 Selected 2014 and 2018 wage percentiles and wage percentile ratios for VSE, SOEP, and SIAB

VSE Structure of Earnings Survey. GMW: gross nominal monthly wage in April. GAW: gross nominal annual wage. Total without apprentices. Economic sections A-S 
of the Classification of economic activities. Thus, not considered is employment in sectors T (Private households with employed persons) and U (Extraterritorial 
organizations and bodies). Source: Statistisches Bundesamt (2016, 2020)

SOEP Socio-Economic Panel (SOEP-Core.v37.EU, own calculations). GMW: gross nominal monthly wage (SOEP-Pure 1). GAW: gross nominal annual wage (SOEP-Pure 2)

SIAB Sample of Integrated Labour Market Biographies (SIAB 7519, own calculations). GMW: gross nominal wage (SIAB-Comparable 1); GAW: gross nominal annual 
wage (SIAB-Comparable 2)

All wages in euro

Data set VSE SOEP SIAB

Wage measure GMW GAW GMW GAW GMW GAW 

Percentiles Year 2014

P10 396 4800 450 5400 395 2787

P50 2269 29,697 2301 29,600 2355 24,636

P90 4707 62,939 4668 61,800 5109 58,597

Percentile ratios Year 2014

P90/P10 11.89 13.11 10.37 11.44 12.95 21.02

P50/P10 5.73 6.19 5.11 5.48 5.97 8.84

P90/P50 2.07 2.12 2.03 2.09 2.17 2.38

Percentiles Year 2018

P10 438 5337 720 7800 448 3614

P50 2500 32,714 2600 33,000 2621 27,766

P90 5151 68,508 5000 66,097 5633 64,686

Percentile ratios Year 2018

P90/P10 11.76 12.84 6.94 8.47 12.57 17.90

P50/P10 5.71 6.13 3.61 4.23 5.85 7.68

P90/P50 2.06 2.09 1.92 2.00 2.15 2.33

30 It would be conceivable, e.g., to use the SIEED—a 1.5% sample of all estab-
lishments in Germany (see Schmidtlein et al. 2021). For these establishments, 
the entire employment histories of the persons employed in these establish-
ments is available. However, the SIEED would have the disadvantage that the 
data are only available at mid-year (reference date 30.6). In principle, how-
ever, the SIEED would make it possible to show what happens when differ-
ent establishments are drawn and the various measures of inequality are then 
calculated on the basis of the associated employment relationships.
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