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Abstract

Surveys are an indispensable source of data for applied economic research; however, their
reliance on self-reported information can introduce bias, especially if core variables such as
personal income are misreported. To assess the extent and impact of this misreporting bias,
we compare self-reported wages from the German Socio-Economic Panel (SOEP) with ad-
ministrative wages from social security records (IEB) for the same individuals. Using a novel
and unique data linkage (SOEP-ADIAB), we identify a modest but economically signiĄcant
reporting bias, with SOEP respondents underreporting their administrative wages by about
7.3%. This misreporting varies systematically with individual, household, and especially job
and Ąrm characteristics. In replicating common empirical analyses in which wages serve as
either dependent or independent variables, we Ąnd that misreporting is consequential for
some, but not all estimated relationships. It turns out to be inconsequential for examin-
ing the returns to education, but relevant for analyzing the gender wage gap. In addition
we Ąnd that misreporting bias can signiĄcantly affect the results when wage is used as the
independent variable. SpeciĄcally, estimates of the wage-satisfaction relationship are sub-
stantially overestimated when based on survey data, although this bias is mitigated when
focusing on interpersonal changes. Our Ąndings underscore that survey-based measures of
individual wages can signiĄcantly bias commonly estimated empirical relationships. They
also demonstrate the enormous research potential of linked administrative-survey data.
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1 Introduction

While economists often disagree on many issues (Kearl et al., 1979; Fuchs et al., 1997), there

is a consensus on the importance of wages and personal income. Individual wages are a core

component of virtually every model in labor economics and related Ąelds. Economic theory pre-

dicts close relationships between wages and individual decisions about labor supply (Pencavel,

1986; Mulligan and Rubinstein, 2008), household investment (Acemoglu, 1997), consumer de-

mand, or savings (Sandmo, 1970). Wage levels are considered an important measure of economic

well-being (Deaton, 2008), and are closely linked to other economic outcomes such as education

(Becker and Chiswick, 1966), health (Deaton, 2003), and social mobility, and determine tax

liabilities and the eligibility for transfer payments.

Applied researchers working on wage-related issues can choose between two main types of

data. Register-based administrative data are considered highly reliable, often offering superior

measurement quality, larger population coverage, and arguably higher consistency, precision,

and more regular updating (Künn, 2015). Survey-based self-reported data, on the other hand,

provide access to interesting variables that are essential for many modern labor economics appli-

cations Ű personality traits, risk preferences, and cognitive skills are examples Ű but are typically

not available in administrative data (Borghans et al., 2008; Arni et al., 2014; Künn, 2015). More-

over, survey data can be Ćexibly adapted to the speciĄc needs of researchers (Stantcheva, 2022).

As a result, survey data complement or even replace administrative records, depending on the

research question. However, the reliability and quality of self-reported wage information has

often been questioned (Bound et al., 2001).

Against this background, this paper addresses three main research questions. First, we

examine the extent to which survey respondents misreport their wages. Second, we analyze

which observable characteristics can predict the extent of misreporting. Third, we examine

the consequences that applied researchers face when working with these misreported wages.

We use the novel and unique record linkage of the SOEP-ADIAB. This dataset combines the

German Socioeconomic Panel (SOEP), one of the longest running and most widely used house-

hold surveys in the world (Goebel et al., 2019), with high quality administrative data from

the Integrated Employment Biographies (IEB) of the Federal Employment Agency, covering all

dependent employment in Germany. This unique data linkage provides us with 59,118 linked

survey/administrative wage observations on about 5,500 individuals for up to 36 years.
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With this novel data setup, we contribute new answers to an established literature that dates

back to early studies by Bound and Krueger (1991) and Pischke (1995) and that has received

continued attention from researchers (Antoni et al., 2019; Angel et al., 2019; Roth and Slotwinski,

2021). The unprecedented scope of data in the SOEP-ADIAB, both in terms of breadth of data

and individual time series of linked subjective and administrative wage information, allows us

to provide a more detailed characterization of the reporting bias in survey wages than previous

studies. The linkage also provides us with a broad portfolio of available control variables at the

individual, household, job and Ąrm levels to examine a comprehensive set of predictive factors

that goes beyond the existing literature. Finally, we re-examine common empirical relationships

using wages as both dependent and independent variables, describing meaningful consequences

of choosing self-reported survey wages over administrative records for typical empirical exercises

in applied economics.

Our analysis consists of three steps. First, we quantify the extent of reporting bias. Mean

wages differ moderately between SOEP and IEB, with SOEP respondents on average underre-

porting their individual wages by €186, with a mean relative reporting bias of 7.3% . Consistent

with previous research (e.g., Bound and Krueger, 1991; Bound et al., 2001; Kim and Tamborini,

2014; Bollinger et al., 2018), we Ąnd evidence of a regression-to-the-mean component in the re-

porting bias. Low-income individuals in the bottom four ventiles overestimate their true wages

on average. The reporting bias becomes negative from the Ąfth ventile and increases steadily

with income, both in absolute and relative terms. Rounding contributes only modestly to the

reporting bias, and changes in wages appear to be more accurately captured by survey responses

than levels. The results are robust to several alternative wage concepts and deĄnitions.

Second, we analyze which factors at the individual, household, job and Ąrm levels can predict

reporting bias. At the individual level, only a few characteristics such as gender and extroverted

personality play a role in explaining the variation in reporting bias. At the household level, part-

nersŠ income in particular in interaction with oneŠs gender, predicts the direction and magnitude

of the reporting bias, suggesting that social dynamics within households inĆuence the reporting

bias, as recently shown by Roth and Slotwinski (2021). The strongest predictors are job and

Ąrm level characteristics, with union membership, Ąrm size, average wage level, and workforce

composition strongly correlated with reporting bias.

Third, we examine the consequences of using survey rather than administrative wages in

commonly analyzed economic relationships. We consider two settings in which wages are the
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dependent variable: returns to education and the gender wage gap. In the case of returns to

education, the choice of data appears to be largely inconsequential; estimates based on SOEP

and IEB wages are similar in magnitude, and a two-sample GMM t-test rejects signiĄcant

differences in all but one speciĄcation. In the case of the gender wage gap, the signiĄcant

relationship between gender and reporting bias leads to a small but signiĄcant overestimation

of the gender wage gap that links to systematic variation of misreporting by gender. Estimates

differ moderately, with the conditional gap shrinking from 10.7% to 7.7% based on IEB data,

with a two-sample GMM t-test conĄrming signiĄcance of this difference.

To examine the sensitivity of the relationships with wages as the independent variable, we

estimate wage effects on self-reported satisfaction. We show that using self-reported wages leads

to a substantial overestimation of the effect of wages on subjective indicators such as satisfaction

with personal income. For example, while satisfaction with personal income increases with an

additional €1,000 by about 25.4% of a standard deviation when assessed on the basis of the

SOEP, this relationship shrinks by a quarter to only 20.2% of a standard deviation when assessed

on the basis of IEB data. This bias is exacerbated with extended control variables, but mitigated

by relying on inter-personal changes. The difference runs counter to the intuition of attenuation

bias by classical measurement error, but rather hints at the role of systematic correlates of the

measurement error (Bertrand and Mullainathan, 2001).

Taken together, our results should be read as a cautionary tale for researchers relying on

self-reported measures of income and wages. While the reporting bias in wages turns out to be

moderate, it is systematically related to several characteristics, and thus can Ű depending on the

application Ű signiĄcantly bias commonly estimated empirical relationships. This is especially

true when wages are used as explanatory variables to explain subjective measures such as well-

being, concerns, or attitudes. In these cases, subjective measures of the same individual enter the

estimation simultaneously as both dependent and explanatory variables. This may exaggerate

problems of omitted variables driving the relationship, e.g. through individual-speciĄc reporting

behavior or reported wages reĆecting desired or aspired instead of actual wages (Bertrand and

Mullainathan, 2001; Prati, 2017).

Despite these implications, representative survey datasets such as the SOEP remain indis-

pensable for applied economics, underpinning many inĆuential studies and reports. Survey data

allows to augment potentially more reliable information from administrative sources with in-

formation on attitudes, preferences, non-cognitive skills, thus allowing for more far reaching
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explorations of the determinants of wages. However, given the sensitivity of results to mis-

reporting bias, Ąndings should be corroborated with more reliable income measures whenever

possible. Where such measures are not available, the results should be interpreted with ap-

propriate caution. We see the need for further research to extend our exemplary analyses of

common empirical relationshops Ű focusing on the returns to education, the gender gap, and the

wage-satisfaction relationship Ű to additional research questions. This will help to get a clearer

picture of the importance of the problem of misreporting and will further highlight the potential

beneĄts of linked administrative-survey data.

Our analysis contributes to a long-running literature using linked data sources to assess the

reliability of survey wages (see Moore et al., 2000; Bound et al., 2001, for a comprehensive

review). In a seminal study, Duncan and Hill (1985) describe substantial bias in the comparison

of administrative records with employee survey responses from a manufacturing Ąrm. Subsequent

studies (e.g., Bound and Krueger, 1991; Bound et al., 1994; Pischke, 1995) extend this cross-

sectional single-Ąrm analysis to multiple Ąrms over two waves. Overall, the results conĄrm

the existence of reporting errors and show that they are correlated over time (Bound et al.,

1994). Other studies have examined the reliability of survey responses beyond self-reported

wages, e.g., hours worked (Duncan and Hill, 1985), occupation (Isaoglu, 2010), pensions and

unemployment beneĄts (Angel et al., 2019; Bollinger and Tasseva, 2023), or loans and debts

(Madeira et al., 2022). Several studies have extended the originally mostly US-based literature

to test the reliability of German survey data (Antoni et al., 2019; Schmillen et al., 2024; Valet

et al., 2019). We contribute to these studies by relying on an unusually large sample, both

in number of observations and length of individual time series, from a fundamental dataset in

economic research. The scope of our data allows for more in-depth analysis, a broader set of

potential correlates of reporting bias, and the analysis of changes in reporting bias over time.

Compared to previous results, we Ąnd established patterns of mean reversion (e.g., Bound et al.,

1994; Pischke, 1995), while the extent of misreporting is rather moderate, nonetheless comes

with substantial consequences for applied work.

Second, we complement several previous studies by examining which individual-, household-,

job- and Ąrm-level factors are correlated with reporting bias. Duncan and Hill (1985) show a

correlation between misreporting and job tenure, Kim and Tamborini (2014) Ąnd that education,

race, and wage level are associated with reporting bias. Antoni et al. (2019) explore whether

reporting bias could be caused by socially desirable reporting and whether the error is affected
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by interview characteristics. Angel et al. (2019) also Ąnd evidence for social desirability as a

possible explanation for reporting bias. Finally, Roth and Slotwinski (2021) investigate whether

partner income inĆuences wage reporting. Most recently, Meyer et al. (2024) provide a literature

review summarizing patterns of greater measurement error among minorities. Because we are

able to draw on the breadth of characteristics covered by the SOEP, in addition to the Ąrm-level

variables drawn from the IEB, we contribute to this area of research by jointly estimating the

predictive power individual-, household-, job- and Ąrm-level characteristics and examining the

relative contribution of explained variance between these groups.

Finally we contribute to a literature that assesses the consequences of misreported wages for

the estimation of economic parameters. Already Solon (1992) described the role of misreported

income for the estimation of intergenerational mobility. Kim and Solon (2005) found that report-

ing errors can lead to misleading conclusions about the procyclicality of real wages. Gottschalk

(2005) and Gottschalk and Huynh (2010) analyze the effect of misreported survey wages on the

probability of estimating nominal wage cuts. Hurst et al. (2014) show how misreporting may

hinder the accurate estimation of self-employed income. Meyer and Mittag (2019) demonstrate

substantial effects of misreported wages on the estimation of program participation. Bossler

and Westermeier (2020) show that misclassiĄcations of minimum wage eligible workers based on

survey wages can bias treatment effects by up to 30%. Roth and Slotwinski (2021) identify the

consequences of misreporting due to social norms for estimating the gender wage gap. Stüber

et al. (2023) Ąnd differences in aggregate measures of wage inequality between unlinked survey

data and administrative data in Germany. We complement this literature by demonstrating the

importance of misreporting for several commonly analyzed economic relationships relying on

wage as either dependent or independent variable.

The rest of the paper is as follows. In chapter 2 we provide a detailed description of our

unique dataset. We continue by showing the extent of the reporting bias in chapter 3.1 and

provide the empirical analysis of correlating factors in section 3.2. Chapter 3.3 discusses the

implications for economic analyses and chapter 4 concludes.

2 Data

2.1 Data Sources

Our analysis is based on a novel linkage of individual- and Ąrm-level data from German social

security records with survey data on individuals and households in the German Socio-Economic
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Panel (SOEP-ADIAB).1 Starting in 2019, SOEP respondents were asked for their consent to

retrospectively link their survey responses with their employment histories (Integrierte Erwerb-

sbiographien, IEB).

The IEB provide detailed and accurate data on the employment and unemployment histories

of individuals in Germany, capturing labor market outcomes such as exact gross wages for each

job held. The dataset covers employees subject to social security contributions, workers in

marginal employment2, recipients of social security beneĄts, the registered unemployed, and

participants in active labor market programs. It covers both individual- and Ąrm-level data,

such as the size of the establishment, the demographics of the employees, and industry sector.

However, it does not cover civil servants or the self-employed. In addition, wage data in the IEB

are top-coded at the assessment ceiling for social security contributions in Germany. Notably,

top-coding affects only 5.2% of all employment spells between 1975 and 2019, although this rate

varies across subgroups and has increased over time.

The German Socio-Economic Panel (SOEP) has been conducted annually since its inception

in 1984 and currently includes about 30,000 respondents from 15,000 households. The SOEP

contains detailed information on self-reported gross wages. In addition to wages, it collects

extensive self-reported data on individual and household characteristics such as personality

traits, risk preferences, worries, beliefs, and household composition.

By linking the IEB and SOEP, we can directly compare individualsŠ administrative and self-

reported wages to assess the extent of reporting bias. In addition, we can examine factors that

are correlated with reporting discrepancies at the individual, household, job and Ąrm levels.

In the following, we discuss details of the sampling process and data linkage underlying our

empirical analysis.

2.2 Data Cleaning, Linkage and Sample Restrictions

Data Linkage We prepare spells of the administrative information in the SOEP-ADIAB link-

age data using standard procedures following Dauth and Eppelsheimer (2020). The preparation

consists of splitting overlapping spells, creating biographical variables, merging information from

1Our analysis relies on a pilot version of the SOEP-ADIAB linked data, which preceeded the now publicly
available SOEP-CMI-ADIAB (Antoni et al. (2023)), and is largely identical. We use the SOEP Core v37 (SOEP
(2022)), and the SOEP IS 2019 (SOEP-IS (2020)).

2Employees in Germany, with the exception of the self-employed and civil servants, and their respective
employers are obliged to pay social security contributions. Employees earning up to a certain amount per month
(in our observation period this threshold varied between approximately €200 in 1984 and €450 in 2020) are
exempt from paying social security contributions. This type of employment is called marginal employment (or
ŞminijobsŤ).
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the Establishment History Panel (EHP), and cleaning occupational and educational informa-

tion. To this data, all respondents to the SOEP are prepared for linkage who consented to this

procedure. We include both individual respondents from the SOEP core sample and the SOEP

IS sample, an independently drawn sample used to pilot new questions and running since 2011

(Richter and Schupp, 2015).

Unlike the annual SOEP data, the IEB data are stored in spell form. Each work spell is

stored with a start date and an end date. We overcome this mismatch in the data structure by

linking consenting SOEP observations to all administrative spells that either overlap with the

SOEP interview or ended in the month prior to the interview. If SOEP interviews coincide with

more than one parallel IEB spell, indicating multiple jobs at the same time, we sum wages from

all concurrent spells. This linkage results in an unbalanced panel structure with one observation

per individual per year. We link additional establishment-level information from the EHP to

each respective administrative spell.3

Sample Restrictions Table 1 provides details on the number of successful linkages and the

subsequent sample restrictions required. Of the 23,525 observations being asked about linkage in

2019, 15,012 individuals consented.4 Of the consenting respondents, 14,983 can be successfully

linked to their social security records. These linked individuals have at least one spell in the

IEB data set, i.e., they were in dependent employment, active labor market policies or officially

registered as unemployed at least once during their working life. Rows 4 to 9 document how

many observations we can observe, conditional on the necessary sample restrictions. Among the

14,983 successfully linked individuals, 7,614 respondents have a concurrent work spell in the IEB

data in 2019 and thus serve as the basis for our sample. In the SOEP questionnaire, individuals

are asked to report their last monthŠs wage income. Accordingly, we restrict the sample to those

individuals who, at the time of the interview, have a work spell that started at least 30 days

before the interview to ensure that this survey and the administrative wage measure the same

job and period.

We impose several additional sample restrictions. First, we drop individuals who report only

3In the case of multiple spells, we set establishment-level information to missing, leading to slightly reduced
numbers of observation in some analyses.

4Table B.1 in the Appendix describes differences in covariates by consent. Individuals who consented to be
linked and those who refused to be linked do not differ systematically on most basic characteristics, and when
they do, the differences are only very small. Similar Ąndings are reported by Sakshaug and Kreuter (2012) for
the case of linkage of IEB to the ŞGerman Labour Market and Social SecurityŤ (PASS) study. Selective consent
appears to be small, especially for substantive variables like employment, income and beneĄt recipiency.
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self-employment in the SOEP but still have income from dependent employment in the IEB.

For these individuals, we do not know whether their SOEP wage includes only income from

self-employment or whether they have also income from dependent employment. Since income

from self-employment cannot be measured in the IEB, this would mechanically inĆate the SOEP

wage. Second, we drop individuals below the age of 20 or above the age of 65 in order to restrict

our sample to the working age population. We condition the sample on individuals with SOEP

and IEB wages greater than zero, thus entirely focusing on misreporting bias on the intensive

margin. We acknowledge, though, that income nonresponse is a further source of misreporting

(Bollinger et al., 2019).5,6 Finally, we restrict our analysis to individuals with neither censored

administrative wages nor survey wages that exceed the assessment limit for the social security

contributions.7 These restrictions leave us with 6,136 individuals for whom we observe survey

and administrative wages, with about 10% based on the shorter-running SOEP IS sample. On

average, we observe respondents for about ten waves, with the longest running individual linked

histories going back to the very Ąrst SOEP wave in 1984 (Figure B.1 in the Appendix). This

leaves us with 59,118 individual-year observations. The number of observations in various steps

of the subsequent analysis may very further due to item non-response in the covariates.

[Insert Table 1 about here]

DeĄnition of the Reporting Bias We deĄne reporting bias as the difference at the individual

level between equivalent measures of gross monthly wage in both the SOEP and the IEB. In the

SOEP, respondents are asked to report the gross monthly wage they have earned in the month

prior to the interview. During the interview, respondents are also allowed to look at their pay

slip if they do not know their wage. They are asked not to include special payments such as

vacation pay or back pay, but to add overtime compensation.8 Based on this information, we

construct the gross monthly survey wage. In robustness checks, we construct alternative survey

5The IEB wage is reported as 0 in cases of Şemployment interruptionsŤ. During these periods, the employment
relationship continues legally, but no remuneration is paid, e.g., illness after the end of continued pay, maternity
leave and sabbaticals (Frodermann et al., 2021).

6We also drop individuals in informal employment, i.e., who are listed with a zero wage in the administrative
data, but have a positive wage from non-self-employment in the SOEP. This amounts to only about 0.35% of the
spells in the merged sample before any other restrictions are imposed.

7Following Dauth and Eppelsheimer (2020), we drop incomes with an error margin of €120 surrounding the
assessment limit.

8The exact wording in the 2019 English version of the SOEP is as follows: ŞWhat did you earn from your work
last month? Please state both: gross income, which means income before deduction of taxes and social security
and net income, which means income after deduction of taxes, social security, and unemployment and health
insurance. If you received extra income such as vacation pay or back pay, please do not include this. Please do
include overtime pay. If you are self-employed: Please estimate your monthly income before and after taxes.Ť
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wage measures that include information on annual wages instead of monthly wages, as well as

information on special payments (for details, see section 3.1 and Appendix A).

The IEB data include administrative information on gross daily wages. These are calculated

by dividing the employerŠs information on the total wage of the employment period by the

number of calendar days in the same period. In the case of parallel spells linked to a single

SOEP observation, we compute the sum of gross daily wages, as the SOEP survey question

aims at income from any work and is thus not restricted to wage income from the main job.

While bonus payments are included in the IEB wages, the reporting of special payments to

employees is not mandatory. In order to check the extent to which such extra payments might

affect our results, we perform robustness checks as described in Appendix A. Two limitations

of the IEB wage information have to be taken into account: First, until 1998, wages that were

below the marginal employment threshold were not reported and appear as a zero wages in

the administrative data. Consequently, the corresponding SOEP observation is also dropped.

Second, wages are winsorized at the assessment limit for social security contributions. While

there are ways to impute wages above the assessment ceiling, we refrain from doing so because

this imputation procedure would artiĄcially affect the measurement error as our key variable of

interest. Instead, winsorized observations are excluded from the analysis.

To construct a monthly measure of wages from the reported daily wages, we follow the

common practice in IEB-based studies of multiplying the daily wage by 365.25
12 = 30.4375, which

is the average number of days in each month of a year, taking into account leap years. We report

the absolute reporting bias as the simple difference between the wage measured in the SOEP and

the wage measured in the IEB data. We also construct a relative reporting bias by dividing the

absolute reporting bias by the administrative gross wage at the individual level. In addition, we

classify individuals according to whether they ŞoverreportŤ or ŞunderreportŤ their survey wage

relative to the administrative wage. In this classiĄcation, we omit individuals who are close to

reporting correctly, deĄned as deviating by less than 2.5% based on the annuals distributions

of reporting bias. In robustness checks, we vary this deĄnition from 1.25% to 5% around zero

bias, and the results remain qualitatively and quantitatively unchanged.
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3 Empirical Analysis

3.1 The Extent of the Reporting Bias

We Ąrst document the extent and heterogeneity of the reporting bias between the SOEP and

the IEB. Figure 1a shows that the administrative and self-reported wages follow similar but not

perfectly matched distributions. The means of both distributions differ only slightly between

the IEB (€2,292) and the SOEP (€2,106). Both distributions show a clustering of wages at

time-varying earnings thresholds for jobs exempt from social security contributions (marginal

employment). Self-reported SOEP wages appear to be more centered around the mean than

administrative wages, with fewer people reporting very high or very low wages. Figure 1b

illustrates the distribution of reporting bias which is closely centered around zero. Around 71%

of SOEP respondents underreport their wages, with an average underreporting of about €186

(dashed line).9 Despite extreme cases of underreporting and overreporting by more than €5,000,

such outliers are rare and do not signiĄcantly affect the average reporting bias. Restricting the

analysis to biases between the 1st and 99th percentiles of each yearŠs distribution does not

signiĄcantly change the mean reporting bias, which is then €190.

Figure 1c shows the reporting bias across the IEB wage distribution in both absolute and

relative terms. In particular, there is signiĄcant overreporting at very low wages (below the 4th

ventile). The mean bias then becomes negative and steadily larger along the income distribution.

This is consistent with previous Ąndings in the literature that Ąnd evidence for regression-to-the-

mean in different settings (Bound and Krueger, 1991; Kapteyn and Ypma, 2007; Bollinger et al.,

2018, e.g.,), which is to some degree mechanical, with more scope for over-reporting among low

income individuals, and more scope for under-reporting among high-income individuals.10

[Insert Figure 1 about here]

Table 2 provides further insight into the reporting bias by IEB wage ventile to quantify the

graphical representation of Figure 1. Column (1) shows the mean IEB wage of each ventile,

expressed in Euros. For each wage ventile, the table shows the minimum, maximum, mean

and different quantiles (5th, 50th, 95th) in Euros. It also shows the proportion of over- and

underreporting individuals. These results indicate a mean reversion in misreporting, with low-

wage individuals overreporting and high-wage individuals underreporting their income. The

9Only for the graphical representation of the reporting bias in Figure 1b biases outside the 1st and 99th
percentiles are binned to the 1st and 99th percentiles for clarity.

10Figure B.2 in the Appendix shows no systematic age-related trends in wage reporting bias; it remains stable
across different ages.
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mean absolute reporting bias is positive in the Ąrst four wage ventiles and then becomes negative

from the Ąfth ventile onward. In relative terms (column 8), the reporting bias is most pronounced

in the very low income group, with individuals on average overreporting their wages by more than

200% in the Ąrst ventile and by more than 20% in the second ventile. However, this pronounced

mean reporting bias among very low wage individuals is largely due to outliers who overreported

by more than €5,000. Across the wage distribution, the mean relative reporting bias increases

only moderately, up to -13.5% for individuals in the highest wage ventile. Accordingly, the

proportion of individuals who overreport their wages decreases from 57.4% in the Ąrst wage

ventile to 6.7% in the last ventile. Overall, Table 2 corroborates the graphical representation

of Figure 1 and highlights an overall modest reporting bias that nevertheless varies along the

income distribution. The Ąrst central result of our analysis is thus a modest but economically

signiĄcant difference in mean reported wages between the SOEP and the IEB, which averages

7.3% (see column (8) in Table 2, last line).

[Insert Table 2 about here]

Figure 2 shows the reporting bias in wage changes using Ąrst differences, thereby examining

the accuracy of year-to-year changes in wage income. Panel (a) compares the distributions of

these Ąrst differences between SOEP and IEB and shows a high degree of similarity. The sim-

ilarity leads to a narrow and symmetric distribution of deviations, as shown in Panel (b). In

Panel (c), we observe that this minimal reporting bias in changes remains consistently close to

zero across the entire wage distribution. Consequently, we Ąnd that the reporting bias between

subjective SOEP wages and administrative IEB wages is signiĄcantly smaller when assessing

changes rather than levels, suggesting time-invariant reasons for the reporting bias. This con-

trasts with the results from the seminal study by Bound and Krueger (1991) and Schmillen et al.

(2024), who found that the reliability of matched CPS and administrative data declines when

Ąrst differences are analyzed. As we will show later in Section 3.3, controlling for individual

Ąxed effects thus turns out to be a remedy to mitigate the consequences of using misreported

income.

[Insert Figure 2 about here]

Robustness to Other Wage DeĄnitions In Figure A.1 in the Appendix we examine the

robustness of our results to various changes in the SOEP wage deĄnition. We Ąnd that adding
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one-time payments (e.g., Christmas bonuses or a 13th paycheck) or income from additional jobs,

or subtracting other sources of income (e.g., self-employment or work in family businesses) does

not change our conclusions quantitatively or qualitatively. We also show that using self-reported

wage income in the previous calendar year, where participants are asked to report the months

they worked as an employee and their average gross monthly wage, leads to comparable results.

Rounding One likely explanation for differences between self-reported and administrative

wage data is rounding. Survey respondents may rely on rounded wages for convenience, which

reduces cognitive load but leads to noisy information. Instead, administrative data are reported

by the employer based on the official payroll. Wages based on administrative data should

therefore be accurate and unbiased by rounding.

[Insert Figure 3 about here]

Figure 3 plots the fraction of SOEP and IEB wages, that surround full increments of €50 in

panel (a), of €100 in panel (b) of €500 in panel (c) and of €1,000 in panel (d). The subĄgures

show that SOEP wages indeed show a strong excess probability for reporting ŞroundŤ numbers,

while IEB wages show evenly distributed probabilities. Panels (a) and (b) show that about 60%

of individuals round to the nearest €50 or €100, panel (c) shows that almost 25% round to the

nearest €500. Rounding to the nearest €1,000 is not more pronounced in either dataset.

[Insert Figure 4 about here]

To examine the extent to which rounding explains income misreporting, we plot the reporting

bias after excluding ŞroundedŤ SOEP wages (Figure 4). Rounding does indeed partially explain

misreporting, with the resulting distribution being more closely centered around 0. However,

the proportion of underreporting (overreporting) individuals decreases only slightly from 24.5%

to 23.1% (70.5% to 70.3%). Thus, rounding contributes only slightly to the observed total

misreporting.

3.2 Correlates of Reporting Bias

3.2.1 Empirical Strategy

In the previous section, we have described moderate but economically signiĄcant deviations

between SOEP and IEB wages. We now proceed to analyze factors that may be predictive of

these deviations. The richness of our linked dataset allows us to simultaneously examine several
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groups of such potential correlates of the reporting bias: individual-level, household-level, and

Ąrm-level correlates.11 To investigate the correlation of these groups of variables, we estimate a

simple linear regression:

Yit = β0 + β1X ′

i(t) + ξt + uit (1)

As the dependent variable Yit, we use different operationalizations of the reporting bias.

First, we deĄne a binary indicator that takes the value of 1 if the reporting bias is positive,

i.e., if the individual overreports her wage in the SOEP compared to her administrative wage in

the IEB. The indicator takes the value of 0 in the case of correct reporting or underreporting.

Correct reporting is deĄned as no or small reporting bias within a +/- 2.5 percentile range of

the annual reporting bias.12 Second, we use the log reporting bias, the difference in log wages

between SOEP and IEB. For this second outcome variable, and to facilitate interpretation of

the estimated coefficients, we also run split-sample regressions separately for individuals who

overreport and who underreport their wages in the SOEP.13 Our main parameters of interest are

estimated as the coefficient vector β1 for the range of potential correlates X ′

i(t) of the reporting

bias, including individual, household, and Ąrm characteristics. We also examine time-Ąxed

effects ξt for trends in the reporting behavior.

As individual-level correlates, we include socioeconomic characteristics: gender, age, migra-

tion background (none, direct, indirect), years of education, and region of residence. We also

assess personality using standardized measures of the Big 5 (openness, conscientiousness, ex-

troversion, agreeableness and neuroticism). All individual-level variables are drawn from the

SOEP.

As correlates at the household level, we include indicator variables for being married, having

a partner (also interacted with gender), household size, and the number of children.

Finally, we include Ąrm-level correlates. This set of variables includes indicators for the size of

the establishment (less than 10, between 10 and 50, between 50 and 250 and more than 250) and

the establishmentŠs median wage (lower, middle, or higher tercile), the industry, and indicators

11We also examine the role of survey methodology factors, as previously examined by Angel et al. (2018, 2019);
Antoni et al. (2019). In particular, we Ąnd little inĆuence of panel tenure or interview mode. The results are
summarized in Table B.2 in the Appendix.

12Applying alternative bounds at the 1.25th or 5th percentile does not change our conclusions (see Tables B.3
and B.4).

13The interpretation of the log difference per se is not straightforward, as a negative sign of the estimated
coefficient can imply both a decrease in a positive bias and an increase in a negative bias. For this reason, we
estimate this difference separately for individuals with a negative and a positive bias.
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for the composition of the workforce (average age of employees, share of highly qualiĄed, female,

full-time, and German employees in the establishment). Establishment-level variables are based

on IEB administrative data aggregated to the establishment level. In addition, we further assess

individual job characteristics using indicators for working hours (working less than 35 hours,

between 35 and 44 hours, and more than 44 hours per week), an indicator for being a blue-

collar or white-collar worker, and an indicator for trade union membership. These indicators

are derived from the SOEP data.

Shapley Decomposition for Relative Variable Importance To determine the relative

importance of different groups of predictors, we apply a Shorrocks-Shapley decomposition to a

regression based on Equation (1) with the log reporting bias as the dependent variable. This

technique decomposes the coefficient of determination R2 into contributions from individual or

groups of explanatory variables.14 Intuitively, the Shorrocks-Shapley decomposition considers

the marginal effect on the outcome of eliminating each of the contributing factors in turn, and

then assigns to each factor the average of itŠs marginal contributions in all possible elimination

sequences (Shorrocks, 2013). Unlike a simple incremental R2, which depends on the order in

which the variables are added to the model, the Shorrocks-Shapley decomposition is robust to

the order of the variables.

3.2.2 Results

In this subsection we discuss the sources of reporting bias estimated by Equation 1. The results

are presented in Table 3, Appendix Table B.2 additionally documents the coefficients for survey

characteristics as well as year and sector dummies. In column (1) of Table 3, the dependent

variable is an indicator of whether an individual has a positive reporting bias. The indicator is

equal to one if the difference between the survey and administrative wage is larger than zero,

i.e., if the individual overreports the own wage in the survey as compared to the administrative

data.

In column (2), the dependent variable is deĄned as log reporting bias. To facilitate the

interpretation of reporting bias coefficients, in columns (3) and (4) we also report the estimates

separately for overreporters and underreporters, excluding correctly reporting individuals. In

addition, the bottom panel of Table 3 summarizes the results of the Shapley decomposition,

14The decomposition is implemented by using the Shapley2 post-estimation command to compute the decom-
position of the R-squared of the model based on Juarez (2012).

15



which are reported in more detail in Table B.5 in the Appendix.

Individual Characteristics The Shorrocks-Shapley decomposition (Table B.5) shows that

individual-level variables have a relatively small contribution to the explained variation in the

log reporting bias: only about 3.9% of the R-squared can be attributed to these characteristics.

The results in Table 3 can be read as follows: women are 2.1 percentage points less likely than

men to overreport their wages (column 1), and have a smaller difference in log wages by about

1.6 percentage points (column 2). The coefficient on the female dummy is negative but insignif-

icant in column (3), suggesting that there is no difference in the reporting bias for overreporting

women and men. In column (4), however, we see that women who underreport their true wage,

underreport by 0.72 percentage points more on average than men who underreport. Previous

Ąndings on gender differences in wage reporting have been inconclusive. Our results are con-

sistent with the Ąndings of Bound and Krueger (1991); Bollinger (1998); Angel et al. (2019);

Antoni et al. (2019); Roth and Slotwinski (2021), but differ from Bricker and Engelhardt (2008);

Kim and Tamborini (2014); Angel et al. (2018), who Ąnd no gender differences in reporting bias.

For more educated individuals, we observe a lower but insigniĄcant probability of overreport-

ing (column 1), and a lower negative reporting bias (column 4). Again, previous Ąndings on the

relationship between education and reporting bias are mixed: Bricker and Engelhardt (2008);

Angel et al. (2018, 2019) also Ąnd a positive correlation between education and the reporting

bias, while Bound and Krueger (1991); Gottschalk and Huynh (2005) Ąnd no correlation and

Kim and Tamborini (2014); Antoni et al. (2019) Ąnd a negative correlation. Our results also

suggest little regional variation in the reporting bias. Beyond these basic socioeconomic vari-

ables, personality traits of the worker also have little predictive power for reporting bias. One

exception is individuals with higher extroversion, who are more likely to overstate their wages,

in line with the Ąndings of Antoni et al. (2019).

Household characteristics Similar to the individual predictors, household-level variables

are, on average, weak predictors of reporting bias. Only 15.6% of the explained variation in the

log reporting bias can be associated with these characteristics (see Table B.5). The most impor-

tant household characteristic is partner income. Conditional on having a partner, a difference

of €1,000 in partner income increases the probability of being an overreporter by about half a

percentage point (column 1). This effect may be linked to the Ąndings of Roth and Slotwinski

(2021) for Austria and Switzerland, who found that couples in which women out-earn their
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partners systematically underreport their income to conform to the male breadwinner model

(Bertrand et al., 2015). Instead, our results suggest a tendency to equalize reported income,

instead of having a tendency to maintain income rankings in the household.

Job and Firm Characteristics Job and Ąrm characteristics have the strongest predictive

power, accounting for by far the largest share of explained variance, about 69.2% (see Table B.5).

Virtually every observed factor at the job or Ąrm level shows strong correlations with reporting

bias. At the job level, white-collar versus blue-collar employment is negatively correlated with

the likelihood of overreporting. Union membership reduces the probability of overreporting by

3.3 percentage points (column 1) and reduces the log reporting bias (column 2). Looking at

over- and underreporters separately in columns (3) and (4), we Ąnd that union membership has

no effect on the magnitude of a positive reporting bias (overreporting), but increases negative

reporting bias by 0.7 percentage points, i.e., union members tend to underreport their wages

more than non-union members. Working full-time reduces the probability of overreporting wages

by 6.4 percentage points compared to those working less than 35 hours per week.

At the Ąrm level, larger Ąrm size is negatively correlated with the likelihood of wage over-

reporting. Workers in Ąrms with more than 250 employees are 6.2 percentage points less likely

to overreport than workers in small Ąrms with up to nine employees, and show a 6.4% lower

reporting bias, driven by both lower overreporting and higher underreporting. A similar picture

emerges for the average wage level of a Ąrm. Workers employed by Ąrms in the 3rd tercile of the

Ąrm premium distribution are 19.3 percentage points less likely to overreport their wages than

workers in the 1st tercile, mostly driven by stronger underreporting. The composition of the

workforce (in terms of qualiĄcation, gender, nationality and age, as well as the share of full-time

employees) are strong predictors for the reporting bias. Higher proportions of women, German

nationals and full-time employees all predict lower levels of wage misreporting in the Ąrm.

We can only speculate about the reasons for this strong relationship, which may be explained

by heterogeneity in organizational culture and transparency in compensation practices. For

example, larger and higher-paying Ąrms may have more formalized pay structures and human

resource policies, which may reduce the propensity to overreport wages by providing clearer

benchmarks for employee compensation.15

15Table B.2 in the Appendix additionally shows results for the predictive power of several survey characteristics
for the reporting bias, which turn out to have little explanatory power for the reporting bias. An exception are
in-person interviews, which appear to reduce the amount of misreporting.
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[Insert Table 3 about here]

Reporting Bias over Time Finally, we look more closely at the year Ąxed effects included

in Equation (1) to understand potential dynamics in the reporting bias. The year Ąxed effects

account for about 10.6% of the explained variance and thus add non-negligible to the explanation

of the reporting bias. Figure 5 shows that the average reporting bias has increased since the

beginning of the SOEP in 1984, but has leveled off since about 2010. We acknowledge, however,

that we are only observing a selected sample of panel survivors for the early years, as we can

only link information for those respondents who have consented since 2019. Thus, the observed

pattern may also represent an effect of panel tenure.

3.3 Consequences for Economic Analysis

So far, we have established a modest but economically signiĄcant extent of reporting bias between

SOEP and IEB (Section 3.1). This reporting bias can be predicted to some extent by Ąrm-level

factors. Household and individual characteristics have little predictive power. In this section,

we examine the implications of the reporting bias for common empirical applications in applied

economic research.

3.3.1 Wage as Dependent Variable

We Ąrst examine the consequences of using self-reported wages rather than administrative wages

as the dependent variable in the empirical analysis. We estimate simple versions of two commonly

studied economic relationships: the returns to education and the gender wage gap. These topics

are of high societal importance, and have received extensive attention from applied economists,

partly based on the SOEP data itself.

Returns to Education Our Ąrst case study examines how estimates of returns to education

are affected by the use of self-reported versus administrative data. Labor economists have

traditionally studied the relationship between education and subsequent labor market outcomes

to show how investments in education or training can lead to higher future earnings despite

initial opportunity costs such as forgone earnings. This concept, Ąrst proposed by Becker (1962)

and extensively studied using variations of the Mincer equation (Mincer, 1974), relates wages

as the dependent variable to education and experience as explanatory factors. The coefficient

on education, usually measured in years, is interpreted as an estimate of the annual return to
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education, i.e., the Ąnancial beneĄt of an additional year of education. Through this empirical

analysis researchers can address questions about the private returns associated with additional

years of education and how these returns vary over time, across different levels of education,

and for individuals with different background characteristics.

We examine the sensitivity of using either self-reported SOEP or administrative IEB wages

as the dependent variable by estimating the following equation:

ln(Y )it = α + β1Y EDit + γX ′

i(t) + εit (2)

where ln(Y )it is the natural logarithm of the monthly wage taken from either the SOEP

or the IEB, and Y EDit is the years of education attained measured by the SOEP. The control

variables X ′

i(t) consist of a minimum (age, age squared, Ąrm tenure in years, a dummy for being

full-time employment (> 35 hours), year dummies) or an extended set (basic controls plus a

dummy for being female, a dummy for having migration background, full-time and unemploy-

ment experience in years, industry dummies, county of residence dummies, Ąrm size indicators,

a dummy for having children under 16 in the household, marital status indicators) of individual-

speciĄc characteristics. Sample restrictions remain similar to those described in Table 1, i.e., we

consider individuals aged 20-65 in any dependent full- or part-time employment for whom all

relevant controls are non-missing. We cluster standard errors at the individual level.16

Figure 6, Panel (a), shows the estimated coefficients of β as a measure of the returns to

an additional year of education, based on either SOEP or IEB. We estimate three different

speciĄcations: a Şplain vanillaŤ OLS speciĄcation with no additional controls, a Şbasic controlsŤ

speciĄcation, and an ŞextendedŤ speciĄcation, as described above. In all speciĄcations, the

estimated returns to education are of the same order of magnitude, and the conĄdence intervals

of the IEB and SOEP estimates overlap. An additional year of education signiĄcantly increases

wages by 7% to 7.8% when using SOEP wages and by 6.8% to 7.3% when using IEB wages.

Different sets of controls have only little effect on these differences. When estimating the two

regression equations jointly with GMM, a two-sample t-test does not detect signiĄcant differences

in all but the extended speciĄcation.17 We therefore conclude that the choice of data in the

case of the returns to education appears to be largely inconsequential and does not affect its

16The results remain qualitatively and quantitatively similar when we cluster at the household level instead in
order to correct for a potential correlation of reporting bias within households (see Figure B.3 in Appendix B).

17The respective p-values of the test for signiĄcance are 0.30 for the regression without controls, 0.82 with basic
controls and 0.03 with extended controls.
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interpretation in an economically relevant sense.

Gender Wage Gap Perhaps no other measure of labor market inequality receives as much

public attention as the gender wage gap. The gender wage gap describes the average difference

in earnings between women and men in the labor force. It is typically expressed as a percentage

of menŠs earnings to highlight the difference in pay for comparable work. It can be measured

as a raw hourly or monthly wage gap, or as an adjusted gender wage gap, which takes into

account factors such as occupation, industry, work experience, education, hours worked, and job

tenure. Its extent and development is described over time and contexts (Goldin, 2014; Blau and

Kahn, 2017). The gender wage gap has received renewed attention in recent years through the

emerging literature on the Şchild penaltyŤ as a primary reason for these persistent inequalities

(e.g., Bertrand et al., 2010; Goldin, 2014; Adda et al., 2017; Kleven et al., 2019a,b).

To measure the sensitivity of estimates of the gender wage gap to the reliance on self-reported

versus administrative wage data, we estimate the following equation:

ln(Y )it = α + β2Femalei + γX ′

i(t) + εit (3)

which relates the natural logarithm of the monthly wage ln(Y )it, taken from either SOEP or

IEB, to an indicator Femalei that takes the value of 1 for women. The coefficient β approximates

of the gender wage gap. Control variables in X ′

i(t) are equivalent to those used in equation

2, additionally controlling for an individualŠs education level. Again, the sample restrictions

correspond to those described in Table 1. In addition, we impose a restriction on full-time

workers in order to identify wage differences rather than differences in working hours.

Figure 6, Panel (b) shows that the estimated gender wage gap is substantially larger in all

speciĄcations when based on self-reported SOEP data. Without controls, it is about 15.1%

based on SOEP, and only about 13.6% based on IEB data.18 With extended controls, it shrinks

to 10.7% based on SOEP data and to 7.7% based on IEB data. However, the relative difference

between the estimates based on the different data sources increases from 11% to 38% with

extended controls. This difference is directly related to the results observed in Section 3.2: The

negative coefficient of female gender on the reporting bias thus translates into the observed

difference in the gender wage gap. We conclude that the choice of data source is relevant for the

18Both Ągures are substantially smaller than those reported by the German Statistical Office for the same period
(around 19-24% (6-9%) for West (East) Germany in the years 2006-2022, including part-time workers) (Destatis,
2024). The relatively small gender wage gap in our sample is driven by the fact that we only consider full-time
employees and that later years, in which the gender wage gap has already narrowed, are strongly overrepresented.
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gender wage gap. The conĄdence intervals of the coefficients remain overlapping, but a when

estimating the two equations jointly with GMM, the t-test conĄrms signiĄcant differences in all

speciĄcations.19 Note that this difference runs counter the intuition of a mere attenuation bias

by classical measurement error in survey wages, which would lead to a lower gender gap based

on survey data.

[Insert Figure 6 about here]

3.3.2 Wage as Independent Variable

In a second step, we examine the consequences of using self-reported wages instead of admin-

istrative wages as the right-hand side explanatory variable. To this end, we replicate empirical

exercises explaining individual-level subjective outcomes of satisfaction in different domains that

have been shown to be affected by individual income (e.g., Frijters et al., 2004; Boyce et al.,

2010; Cheung and Lucas, 2015).

Estimation Strategy To compare the estimates when using either the SOEP or the IEB

wage as explanatory variables, we estimate the following equation:

SIit = α + βWageit + γX ′

i(t) + δi + εit (4)

where Wageit is the monthly wage (in €1,000), based on either IEB or SOEP data. SIit

is one of several indicators of subjective well-being: life satisfaction and satisfaction with job

and household or personal income. Each of these items is measured by standard questionnaire

items20 and are standardized to have a mean of zero and a standard deviation of one. Our

main parameter of interest is β, which shows the association between wages and the subjective

indicators. The control variables X ′

i(t) are similar to those described above. Standard errors are

clustered at the individual level, sample restrictions are equivalent to those described in Table

1.21

19The respective p-values of the test for signiĄcance are 0.04 for the regression without controls, 0.01 with basic
controls and 0.01 with extended controls.

20The exact wording in the 2019 English version of the SOEP is the following: Şa) for satisfaction with job
and income: How satisĄed are you today with the following areas of your life? ... (if employed) with your job?...
with your household income? ... with your personal income?; Possible answers: 0 Ścompletely dissatisĄedŠ to 10
Ścompletely satisĄedŠ; b) for life satisfaction: In conclusion, we would like to ask you about your satisfaction with
your life in general. How satisĄed are you with your life, all things considered?; possible answers: 0 Ścompletely
dissatisĄedŠ to 10 Ścompletely satisĄedŠ.Ť

21The results remain qualitatively and quantitatively similar when we cluster at the household level instead in
order to correct for a potential correlation of reporting bias within households (see Figure B.4 in Appendix B).
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Results Figure 7 shoes the point estimates βIEB in black and βSOEP in gray with the corre-

sponding 95% conĄdence intervals. Again, we compare speciĄcations that differ in the number

of control variables. In addition, we examine a speciĄcation that focuses on individual changes

by including individual Ąxed effects.

[Insert Figure 7 about here]

The results show that the inĆuence of misreporting depends on the type of satisfaction

assessed. The type of data source appears to be unrelated to general life or job satisfaction

(Panels (a) and (d)), but signiĄcantly affects the estimated income effects for satisfaction with

household income or personal income, i.e., in those dimensions where it is the variable of focal

interest (Panels (b) and (c)). In the latter cases, point estimates based on self-reported data

consistently exceed those based on administrative data. The conĄdence intervals do not overlap.

For example, satisfaction with personal income increases with an additional €1,000 by about

25.4% of a standard deviation when assessed on the basis of self-reported income, but by only

20.2% of a standard deviation when assessed on the basis of IEB data Ű a difference of 26%.

We conclude that the reporting bias can lead to quantitatively different conclusions depending

on the data source when examining income-related subjective outcomes. However, introducing

individual Ąxed effects to rely on interpersonal changes mitigates the bias, reĆecting the fact

that misreporting appears to be less of an issue for changes than for levels. Further note that

this difference cannot be explained by a mere attenuation bias in survey wages, which would hint

at smaller coefficients when working with survey data. Rather, our results may be explained by

unobservable factors that simultaneously and similarly affect both subjective satisfaction and

self-reported income (Bertrand and Mullainathan, 2001). Prati (2017) argues that self-reported

wages may be prone to a hedonic recall bias, meaning that individuals tend to overreport their

wages when they are satisĄed and underreport when they are dissatisĄed with their wages,

leading to an upward bias in the relationship between income and satisfaction.

4 Conclusion

Based on a novel record linkage of the SOEP-ADIAB, which links the German Socioeconomic

Panel (SOEP) to administrative wage information from the Integrated Employment Biographies

(IEB), this paper examines the extent to which survey respondents misreport their wages, which

observable characteristics may predict the extent of misreporting, and the consequences for

22



applied researchers working with these misreported wages.

Our analysis yields three sets of results. First, with respect to the magnitude of the re-

porting bias, the IEB and SOEP wage distributions are closely aligned, with the average SOEP

respondent underreporting individual wages by a modest but economically signiĄcant 7.3% of

the mean. We Ąnd evidence of a mean-reverting component to the reporting bias, with respon-

dents in the very low tails of the wage distribution overreporting their wages and a steadily

increasing underreporting from there. The magnitude of misreporting appears to be smaller in

terms of changes than in terms of levels. While patterns of mean reversion are comparable to

previous studies, the extent of misreporting, as well as the rather good representation of wage

changes seem to be a particularity of the SOEP data.

Second, with respect to the correlates of reporting bias, we Ąnd that job and Ąrm charac-

teristics are particularly predictive of the extent to which individuals misreport their wages.

In contrast, household characteristics and especially individual characteristics contribute only

weakly to explaining the variance in reporting bias.

Third, turning to the consequences of choosing survey over administrative wages, we examine

the sensitivity of prominent economic relationships commonly estimated in applied economic

studies. Using income as the dependent variable, we Ąnd no difference in the estimated returns

to education and an economically meaningful and signiĄcant difference in the gender wage gap.

Using income as an explanatory variable to estimate the relationship between satisfaction and

income, the use of misreported survey data leads to a signiĄcant overestimation, especially in

the dimensions of household income and personal income satisfaction.

Taken together, our Ąndings suggest that researchers may need to be more cautious in in-

terpreting survey-based measures of individual income in empirical research and the empirical

relationships estimated on them. In our exemplary analysis, misreporting was largely inconse-

quential for examining the returns to education, but appeared to be more relevant for analyzing

the gender wage gap Ű reĆecting systematic variation in misreporting along the gender dimen-

sion. In addition, we found that misreporting bias can signiĄcantly affect the results when

wage is used as the independent variable, as we did in estimating the wage-satisfaction rela-

tionship. These consequences of misreported income extend beyond simple attenuation bias

due to classical measurement error in survey wages. Our Ąndings underscore that, at least in

some cases, survey-based measures of individual wages can signiĄcantly bias commonly esti-

mated empirical relationships. They also demonstrate the enormous research potential of linked
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administrative-survey data (see, e.g., also the project by Bee et al., 2023) which would moreover

enable researchers to create a measure of ŞtrueŤ wage income that could be a hybrid version of

the survey and the administrative information (Meijer et al., 2012; Abowd and Stinson, 2013).

Extending our analysis to different research questions will help to get a clearer picture of the

importance of the misreporting problem. It may be the case that even modest misreporting

biases in wages, inĆuenced by various individual, household, job, and Ąrm characteristics, as

shown in our paper, can signiĄcantly bias (or not bias) common empirical exercises. This is an

interesting avenue for future research.
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Tables and Figures

Table 1: Cross-section of individuals interviewed in 2019

Unique Individuals by Sampling Step
Sampling stage Restriction Core IS Total

1. Contacted 20,525 3,000 23,525
2. Have consented 13,166 1,846 15,012
3. Linked 13,154 1,829 14,983
4. Working spell within 30 days 6,903 711 7,614
5. No pure self-employment spell (SOEP) 6,835 711 7,546
6. Age 20-65 6,497 680 7,177
7. SOEP and IEB wages > 0 5,997 622 6,619
8. IEB wages < assessment limit - €120 5,592 584 6,176
9. SOEP wages < assessment limit - €120 5,557 579 6,136

Unique individual x year observations 59,118

Note: This table summarizes the number of observations in the linked SOEP - ADIAB dataset at different
sampling-stages. Observation numbers are displayed separately for the SOEP Core sample and the SOEP Inno-
vation Sample (IS). Rows 4 to 9: cross-section 2019.

Table 2: Reporting Bias per Wage Ventile

Reporting Bias

Ventile Mean IEB Min P5 Mean Median P95 Max Avg. rel. Over Under Zero Bias N
wage in € in € in € in € in € in € in € in % in % in % in %

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

1 249 -513 -94 232 23 1,356 5,127 242.5 57.4 25.4 17.2 2,985
2 439 -590 -127 91 1 594 5,151 22.9 47.0 28.8 24.2 2,989
3 682 -761 -289 53 -6 637 4,807 10.1 37.7 50.5 11.7 2,912
4 973 -1,101 -357 1 -37 532 3,114 0.3 34.6 58.7 6.7 2,952
5 1,207 -1,203 -411 -36 -59 391 4,121 -2.8 30.1 64.9 5.0 2,957
6 1,413 -1,352 -412 -44 -66 377 3,453 -3.2 30.0 64.8 5.2 2,960
7 1,593 -1,452 -463 -64 -72 349 2,784 -4.0 29.5 65.0 5.6 2,953
8 1,772 -1,670 -536 -101 -101 329 2,987 -5.7 24.7 71.3 4.0 2,959
9 1,948 -2,186 -669 -138 -124 387 3,026 -7.1 24.9 71.7 3.4 2,960
10 2,130 -2,424 -654 -152 -145 361 3,230 -7.1 25.5 72.1 2.4 2,944
11 2,310 -2,188 -702 -173 -170 341 2,458 -7.6 21.8 75.6 2.6 2,962
12 2,495 -2,342 -707 -186 -188 347 2,763 -7.5 20.0 77.8 2.1 2,950
13 2,680 -2,770 -777 -226 -221 337 2,492 -8.6 17.7 80.2 2.1 2,963
14 2,876 -2,297 -843 -265 -267 317 1,862 -9.3 15.5 83.1 1.5 2,951
15 3,073 -3,136 -942 -295 -297 325 2,105 -9.7 16.6 81.9 1.5 2,959
16 3,296 -2,674 -1,018 -336 -324 327 2,263 -10.2 15.1 83.8 1.2 2,954
17 3,557 -2,406 -1,091 -377 -369 286 1,852 -10.7 13.4 85.9 0.8 2,958
18 3,879 -3,571 -1,266 -461 -414 210 1,577 -11.9 11.6 87.7 0.7 2,954
19 4,314 -4,321 -1,462 -566 -511 173 1,318 -13.2 9.7 89.5 0.7 2,958
20 5,001 -5,121 -1,670 -679 -605 70 774 -13.5 6.7 92.9 0.4 2,938

All 2,293 -5,121 -921 -186 -138 373 5,151 7.3 24.5 70.5 5.0 59,118

Note: This table reports summary statistics by IEB wage ventiles. Column (1) depicts the mean IEB wage of
each ventile, measured in €. Columns (2) - (11) show various information on the reporting bias, separately for
each wage ventile. The minimum reporting bias in column (2), the 5th percentile value of the reporting bias in
(3), the mean and median reporting bias in (4) and (5), the 95th percentile value of the reporting bias in column
(6) and the maximum reporting bias in (7). Column (8) shows the average relative reporting bias as compared to
the mean wage of each ventile in percent. Column (9) to (11) depict the proportion of individuals overstating their
wage, understating their wage and reporting correctly within a +/- 2.5 % range around the zero bias. Column
(12) gives the number of observations for each ventile.
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Table 3: Factors of reporting bias

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Individual Characteristics

Age -0.0005 0.0000 0.0002 0.0002
(0.0003) (0.0002) (0.0007) (0.0001)

Woman -0.0207∗ -0.0160∗ -0.0195 -0.0072∗

(0.0087) (0.0067) (0.0265) (0.0029)
Years of education -0.0015 0.0007 0.0001 0.0017∗∗∗

(0.0010) (0.0009) (0.0031) (0.0004)
Region (ref. cat: North)
East 0.0022 -0.0080 -0.0383∗ 0.0002

(0.0104) (0.0056) (0.0151) (0.0035)
South -0.0032 0.0092 0.0217 0.0037

(0.0104) (0.0070) (0.0221) (0.0035)
West 0.0103 0.0168∗ 0.0236 0.0083∗∗

(0.0096) (0.0065) (0.0208) (0.0032)

Migration background (ref. cat: none)
Direct migration background -0.0156 -0.0098 -0.0168 -0.0031

(0.0124) (0.0066) (0.0155) (0.0048)
Indirect migration background -0.0105 -0.0019 -0.0017 -0.0010

(0.0163) (0.0091) (0.0228) (0.0071)
Personality Traits
Openness (std.) 0.0015 -0.0016 -0.0037 -0.0014

(0.0045) (0.0027) (0.0080) (0.0015)
Conscientiousness (std.) 0.0033 -0.0008 -0.0089 0.0008

(0.0046) (0.0030) (0.0090) (0.0018)
Extraversion (std.) 0.0136∗∗∗ 0.0067∗∗ 0.0071 0.0005

(0.0041) (0.0026) (0.0082) (0.0015)
Agreeableness (std.) -0.0084 -0.0049 -0.0007 -0.0018

(0.0045) (0.0031) (0.0100) (0.0015)
Neuroticism (std.) 0.0008 -0.0003 -0.0019 -0.0003

(0.0042) (0.0027) (0.0084) (0.0013)
Household Characteristics

Married 0.0004 0.0022 0.0226 -0.0060∗

(0.0091) (0.0046) (0.0123) (0.0029)
Household size -0.0075∗ -0.0019 0.0147 -0.0038∗∗

(0.0036) (0.0027) (0.0094) (0.0013)
Number of kids in HH 0.0085 0.0023 -0.0170 0.0053∗∗∗

(0.0045) (0.0035) (0.0119) (0.0016)
Partner 0.0048 0.0011 -0.0271 0.0094∗∗

(0.0103) (0.0056) (0.0143) (0.0034)
Partner × Partner inc in €1000 0.0057∗∗∗ 0.0031∗∗ 0.0020 0.0013∗

(0.0016) (0.0012) (0.0026) (0.0005)
Continued on next page
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Table 3: Factors of reporting bias - continued

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Job and Firm Characteristics

White collar worker -0.0493∗∗∗ 0.0031 0.0315 0.0104∗∗∗

(0.0087) (0.0062) (0.0186) (0.0030)
Union memberhsip -0.0325∗∗∗ -0.0112∗ 0.0219 -0.0073∗∗

(0.0075) (0.0056) (0.0218) (0.0028)
Working Hours (ref. cat.: <35 hours)
Full-time (35-44) -0.0643∗∗∗ -0.0013 0.0060 0.0297∗∗∗

(0.0080) (0.0055) (0.0184) (0.0031)
Over-time (45+) -0.0183 0.0129 0.0158 0.0276∗∗∗

(0.0101) (0.0067) (0.0206) (0.0035)
Firm Size (ref. cat.: <10 employees)
10-49 employees -0.0328∗∗ -0.0374∗∗∗ -0.0509 -0.0127∗∗∗

(0.0116) (0.0101) (0.0270) (0.0036)
50-249 employees -0.0469∗∗∗ -0.0487∗∗∗ -0.0615∗ -0.0158∗∗∗

(0.0118) (0.0104) (0.0289) (0.0038)
250+ employees -0.0627∗∗∗ -0.0641∗∗∗ -0.0788∗∗ -0.0263∗∗∗

(0.0124) (0.0101) (0.0275) (0.0040)
Pay Tercile Firm (ref. cat.: 1st Tercile)
2. Tercile paying Ąrm -0.1126∗∗∗ -0.0598∗∗∗ -0.0271 -0.0248∗∗∗

(0.0085) (0.0056) (0.0143) (0.0027)
3. Tercile paying Ąrm -0.1932∗∗∗ -0.1083∗∗∗ -0.0257 -0.0543∗∗∗

(0.0101) (0.0074) (0.0215) (0.0035)
Workforce composition
Share of highly qualiĄed employees 0.0037 0.0155 -0.0198 0.0175∗∗

(0.0191) (0.0144) (0.0532) (0.0067)
Share of female employees -0.0600∗∗ -0.0629∗∗∗ -0.1537∗∗∗ 0.0036

(0.0195) (0.0151) (0.0411) (0.0057)
Share of German employees -0.1288∗∗∗ -0.0076 0.0515 0.0213

(0.0385) (0.0212) (0.0478) (0.0134)
Share of fulltime employees -0.1226∗∗∗ -0.1113∗∗∗ -0.2357∗∗∗ -0.0016

(0.0174) (0.0165) (0.0448) (0.0054)
Mean age of employees in Ąrm -0.0015∗ -0.0003 0.0002 -0.0001

(0.0007) (0.0005) (0.0013) (0.0002)
Constant 0.6368∗∗∗ 0.0812∗ 0.3645∗∗∗ -0.1859∗∗∗

(0.0642) (0.0369) (0.1047) (0.0213)

Firm sector controls ✓ ✓ ✓ ✓
Survey characteristics controls ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

Shapley Decomposition:
Individual characteristics 3.93%
Household characteristics 15.61%
Job and Ąrm characteristics 69.24%
Survey characteristics 0.61%
Year FE 10.59%

N 42,046 42,046 9,591 31,732
R2 0.0909 0.0734 0.0557 0.0603
Mean dep. var. 0.2281 -0.0678 0.1687 -0.1408

Note: This table summarizes coefficients of various operationalisations of the reporting error on potential cor-
relates on the individual, household- and Ąrm level, based on Equation 1. Dependent variables are a binary
indicator for over-reporting (column 1), the difference in log wages (column 2), and the difference in log wages
split between over-reporting (column 3) and under-reporting individuals (column 4). Shapley decomposition val-
ues indicate shares of explained variation attributed to groups of variables and are reported for the estimates in
column (2). All regressions include year-Ąxed effects. Standard errors in parentheses. * p < 0.1, ** p < 0.05, ***
p < 0.01
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(a) Distribution of gross monthly wages (b) Distribution of the reporting bias

(c) Reporting bias over the income distribution

Figure 1: Distribution of SOEP and IEB wages and the reporting bias

Note: Panel (a) plots the distribution of wages in SOEP and IEB (winsorized at €7,000). The mean reporting
bias in IEB data is €2,292, and €2,106 Panel (b) shows the density distribution of the reporting bias, deĄned
by the difference of SOEP and IEB wages. Reporting biases that lie below the 1st percentile or above the 99th
percentile of the distribution of differences are binned into the 1st or 99th percentile respectively. Panel (c) shows
the mean reporting bias and the respective 5th and 95th percentile over each IEB wage ventile in absolute (black)
and relative terms (grey).
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(a) Distribution of gross monthly wage changes (b) Distribution of the difference in wage changes

(c) Reporting bias over the distribution in wage
changes

Figure 2: Reporting bias in wage changes

Note: Panel (a) plots the distribution of changes in SOEP and IEB (winsorized at ± €1,000) from one year to an
other. Panel (b) shows the density distribution of the difference in wage changes in SOEP and IEB. Reporting
biases that lie below the 1st percentile or above the 99th percentile of the distribution of differences are binned
into the 1st or 99th percentile respectively. The mean (median) difference in the change is €-16.1 (€-3.7). Panel
(c) shows the difference in wage changes and the respective 5th and 95th percentile over each IEB wage ventile
in absolute (black) and relative terms (grey). All three Ągures are based on 46,196 year-to-year differences.
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(a) 50 (b) 100

(c) 500 (d) 1,000

Figure 3: Rounding of gross monthly income in both datasets

Note: This Ągure plots histograms of gross monthly income in SOEP (dark grey) and IEB (light grey) surrounding
full increments of €50, 100, 500, 1000€. The underlying data is generated by taking the difference between the
reported wage income rounded to the next €50/100/500/1,000 and the actually reported wage income.

Figure 4: Distribution of reporting bias excluding rounding

Note: Graph shows the density distribution of the reporting bias for all differences and for differences excluding
rounding at €50, 100, 500 and 1,000. Observations with mean reporting bias larger than €1,000 are excluded for
graphical reasons.
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Figure 5: Year Fixed Effects

Note: Graph shows the year Ąxed effects estimated based on regression 1 with the difference between log SOEP
and log IEB wages as dependent variable.

(a) Returns to education (b) Gender wage gaps

Figure 6: Returns to education and gender wage gap based on SOEP and IEB wages

Note: This Ągure summarizes results of regressions of log wages, based on either SOEP or IEB data, on various
sets of explanatory variables. Panel (a) summarizes estimates of the returns to education β1 based on equation
2. Panel (b) summarizes estimates of the gender wage gap β2 based on equation 3. Raw, basic and extended
speciĄcations differ in control variables as described in the text. Bar graphs illustrate the relative size of the
difference by dividing the difference between the SOEP and IEB estimate by the IEB estimates. Restricted to
full-time for Panel (b). The graph displays 95% conĄdence intervals, based on standard errors clustered at the
individual level.
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(a) Life satisfaction (b) Satisfaction with household income

(c) Satisfaction with personal income (d) Satisfaction with job

Figure 7: Relation between (life) satisfaction and wages

Note: This Ągure summarizes results of regressions of subjective satisfaction indicators on log wages and control
variables based on Equation 4, with varying sets of control variables. Outcome variables are standardized to a
mean of zero and a standard deviation of one. Raw, basic and extended speciĄcations differ in control variables as
described in the text. Bar graphs illustrate the relative size of the difference by dividing the difference between the
SOEP and IEB estimate by the IEB estimates. The graph displays 95% conĄdence intervals, based on standard
errors clustered at the individual level.
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A Additional Wage Concepts

(a) Distribution of the reporting bias for different
wage concepts

(b) Zoom in: restricted to a reporting bias of + / −

€1,000

Figure A.1: Reporting bias for different wage measures.

Note: Graph shows the density distribution of the reporting bias for different wage concepts. Here, we vary the
deĄnition of SOEP wages. Income from additional sources includes reported vacation pay, Christmas pay, and
the 13th and 14th monthly wage payment. For the exclusion of additional payment we deduct reported income
from other employment. This variable is surveyed in SOEP only for the survey waves from 2017 to 2019, so the
reporting bias is only plotted for these years. The yearly measure is based on a different set of survey items
that asks about the income in the year before, speciĄcally the monthly wage income and the number of months
the individual received the wage income. Reporting biases that lie below the 1st percentile or above the 99th
percentile of the distribution of differences are binned into the 1st or 99th percentile respectively.

Figure A.1 investigates whether taking into account additional information from the SOEP

changes the distribution of the reporting bias. Panel a) shows the whole distribution of the

reporting bias. For presentational reasons, panel b) zooms in and restricts the distribution to a

reporting bias of plus/ minus €1,000.

First, we will consider additional sources of wage from the primary job. The reporting bias

could potentially mislead if the question is perceived as solely pertaining to wage income from

the main job. Consequently, we will incorporate all declared additional income sources, including

vacation pay, Christmas pay, 13th, and 14th monthly wage payments. The resulting effect is

small, with a shift towards a more uniform distribution centered around 0.

Second, we supplement our wage variable from wages earned from other jobs in regular

employment as reported in the SOEP. The phrasing of the primary question (ŞArbeitsverdienst

im letzten MonatŤ) implies that these wages are already accounted for. We verify this. The

graphs indicate that participants either incorporate or exclude wages from other jobs in the

primary SOEP inquiry regarding last monthŠs wage. Unfortunately, this survey item was only

introduced in 2017, so the analysis only analyses responses for the years 2017, 2018 and 2019.

Third, we subtract reported wages from other sources, speciĄcally self-employment, work

in family businesses, and other non-regular employment jobs, from the SOEP wage variable.
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Again, we do not detect a economically relevant difference.

Also, Figure A.1 displays the distribution of the reporting bias based on a SOEP question-

naire. Each year, individuals are asked not only about their income from the previous month but

also about their wages earned during the previous calendar year. Participants are speciĄcally

prompted to report the months they worked as an employee and their average gross monthly

wage in each month. The Figure reveals that the reporting bias that is based on yearly income

is very similar to the reporting bias that is based on the reported income the month before.

38



B Supplementary Figures and Tables

Figure B.1: Number of individuals observed over x periods of observation

Note: This Ągure summarizes the panel tenure of individuals in our sample. Bars show the number of individuals
that are observed for the number of years depicted on the x - axis. A large number of individuals is observed for
8-10 years.

Figure B.2: Distribution of difference SOEP - IEB over age

Note: This Ągure shows the mean reporting bias in absolute terms (black solid line) and the respective 5th and
95th percentile (dashed lines) over age.
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(a) Returns to education (b) Gender wage gaps

Figure B.3: Returns to education and gender wage gap based on SOEP and IEB wages

Note: This Ągure summarizes results of regressions of log wages, based on either SOEP or IEB data, on various
sets of explanatory variables. Panel (a) summarizes estimates of the returns to education β1 based on equation
2. Panel (b) summarizes estimates of the gender wage gap β2 based on equation 3. Raw, basic and extended
speciĄcations differ in control variables as described in the text. Bar graphs illustrate the relative size of the
difference by dividing the difference between the SOEP and IEB estimate by the IEB estimates. Restricted to
full-time for Panel (b). The graph displays 95% conĄdence intervals, based on standard errors clustered at the
household level.
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(a) Life satisfaction (b) Satisfaction with household income

(c) Satisfaction with personal income (d) Satisfaction with job

Figure B.4: Relation between (life) satisfaction and wages

Note: This Ągure summarizes results of regressions of subjective satisfaction indicators on log wages and control
variables based on equation 4, with varying sets of control variables. Outcome variables are standardized to a
mean of zero and a standard deviation of one. Raw, basic and extended speciĄcations differ in control variables as
described in the text. Bar graphs illustrate the relative size of the difference by dividing the difference between the
SOEP and IEB estimate by the IEB estimates. The graph displays 95% conĄdence intervals, based on standard
errors clustered at the household level.
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Table B.1: Differences between Consenters and Non-Consenters, Cross-Section 2019

Consent No Consent Diff C/NC
Mean/SD Mean/SD t-Test/SE

Individual Characteristics

Age 50.70 51.86 1.16***
(17.86) (18.44) (0.25)

Female (0/1) 0.54 0.54 -0.00
(0.50) (0.50) (0.01)

German (0/1) 0.96 0.95 -0.02***
(0.19) (0.22) (0.00)

Married (0/1) 0.57 0.58 0.00
(0.49) (0.49) (0.01)

Ever partner (0/1) 1.04 1.11 0.06***
(0.82) (0.87) (0.01)

Years of education 11.83 11.84 0.01
(4.15) (4.50) (0.06)

Father abitur (0/1) 0.16 0.17 0.01*
(0.37) (0.38) (0.01)

Mother abitur (0/1) 0.11 0.12 0.01
(0.31) (0.32) (0.00)

Personality traits
Optimistic (0/1) 0.80 0.77 -0.03***

(0.40) (0.42) (0.01)
Risk lovingness (std) 0.04 -0.07 -0.11***

(0.90) (0.92) (0.01)
IQ prediction (std) 0.08 0.13 0.04*

(1.00) (0.99) (0.02)
Openness (std) 0.04 -0.01 -0.05***

(0.85) (0.85) (0.01)
Conscientiousness (std) -0.09 -0.07 0.01

(0.86) (0.87) (0.01)
Extraversion (std) 0.03 -0.04 -0.07***

(0.90) (0.90) (0.01)
Agreeableness (std) -0.02 -0.05 -0.04**

(0.84) (0.83) (0.01)
Neuroticism (std) -0.05 0.00 0.05***

(0.88) (0.87) (0.01)
Worriedness (std) -0.02 0.03 0.05**

(0.99) (0.98) (0.01)
Continued on next page
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Table B.1: Differences between Consenters and Non-Consenters, Cross-Section 2019 - continued

Consent No Consent Diff C/NC
Mean/SD Mean/SD t-Test/SE

Job and Firm Characteristics

Monthly wage SOEP 2916.50 3069.70 153.20**
(2514.09) (2594.24) (46.71)

Unemployed >1 Year (0/1) 0.21 0.19 -0.02***
(0.41) (0.39) (0.01)

Public sector empl (0/1) 0.28 0.27 -0.01
(0.45) (0.44) (0.01)

Ever civil servant (0/1) 0.07 0.08 0.01**
(0.25) (0.27) (0.00)

Max. experience fulltime | >0 19.41 20.07 0.66**
(14.00) (13.91) (0.22)

Max. experience parttime | >0 7.85 8.01 0.16
(8.08) (8.35) (0.16)

Max. experience unemployed | >0 3.66 3.12 -0.54***
(5.08) (4.45) (0.12)

White collar worker 0.78 0.80 0.02**
(0.42) (0.40) (0.01)

Union membership 0.12 0.11 -0.01**
(0.33) (0.31) (0.00)

Firm size <=10 0.15 0.16 0.01*
(0.35) (0.37) (0.01)

Firm size < 100 0.23 0.24 0.01
(0.42) (0.43) (0.01)

Firm size < 2000 0.30 0.30 -0.00
(0.46) (0.46) (0.01)

Firm sie >=2000 0.32 0.30 -0.02*
(0.47) (0.46) (0.01)

N 15,014 8,514 23,528

Note: Cross-section 2019. Column 3 shows the difference in means between column 1 and 2. Max. Experience
Fulltime, Parttime and Unemployed is measured conditional on ever having a positive value for fulltime, parttime
or unemployment. All individuals, both SOEP IS and SOEP Core, before any further sample restrictions are
made. Compared to Table 1, the number of consenters deviates by 2 observations, which are missing in the IAB
remote application we are using for linked dataset. Standard errors in parenthesis. * p < 0.1, ** p < 0.05, ***
p < 0.01
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Table B.2: Factors of reporting bias, year effects & survey characteristics

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Firm sector controls

1-digit industries (ref. cat: Agriculture, hunting and forestry)
Fishing -0.2373 -0.0328 -0.1305∗∗ 0.0653∗∗∗

(0.2261) (0.0194) (0.0440) (0.0107)
Mining and quarrying -0.0501 -0.0096 0.1126 -0.0390

(0.0505) (0.0291) (0.1585) (0.0534)
Manufacturing -0.0480 -0.0240 -0.0199 -0.0153

(0.0344) (0.0152) (0.0264) (0.0102)
Electricity, gas and water supply -0.0970∗ -0.0525∗∗ -0.0134 -0.0329∗

(0.0434) (0.0199) (0.0419) (0.0156)
Construction -0.0360 -0.0345∗ -0.0707∗ -0.0102

(0.0361) (0.0157) (0.0280) (0.0112)
Wholesale and retail trade; repair of
motor vehicles, motorcycles and per-
sonal and household goods

-0.0911∗∗ -0.0370∗ -0.0331 -0.0112

(0.0348) (0.0158) (0.0302) (0.0103)
Hotels and restaurants 0.0298 0.0368 0.0698 -0.0362∗

(0.0423) (0.0292) (0.0527) (0.0153)
Transport, storage and communication 0.0159 0.0176 0.0179 -0.0014

(0.0378) (0.0204) (0.0408) (0.0111)
Financial intermediation -0.0621 -0.0473∗∗ -0.0050 -0.0448∗∗∗

(0.0381) (0.0181) (0.0374) (0.0119)
Real estate, renting and business activ-
ities

-0.0323 -0.0092 -0.0025 -0.0070

(0.0347) (0.0159) (0.0297) (0.0106)
Public administration and defence;
compulsory social security

-0.1126∗∗ -0.0384∗ 0.0057 -0.0158

(0.0350) (0.0164) (0.0391) (0.0107)
Education -0.0818∗ -0.0212 0.0309 -0.0077

(0.0363) (0.0182) (0.0453) (0.0114)
Health and social work -0.0487 -0.0115 0.0133 -0.0075

(0.0355) (0.0184) (0.0437) (0.0107)
Other community, social and personal
service activities

-0.0598 -0.0006 0.0697 -0.0063

(0.0368) (0.0207) (0.0553) (0.0114)
Private households with employed per-
sons

0.0326 0.0343 -0.0649 0.0451∗∗∗

(0.1050) (0.0329) (0.0707) (0.0128)
Survey mode (ref.cat.: in person)

Survey: Not In Person -0.0352∗∗∗ 0.0019 0.0082 0.0123∗∗∗

(0.0079) (0.0059) (0.0230) (0.0026)
Survey: Unclear -0.0269 -0.0087 -0.0273 0.0065

(0.0145) (0.0083) (0.0295) (0.0049)
Number of SOEP interviews before -0.0006 -0.0004 -0.0014 0.0001

(0.0005) (0.0003) (0.0010) (0.0002)
Continued on next page
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Table B.2: Factors of reporting bias, year effects & survey characteristics - continued

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Year effects (ref.cat.: 1984)

1985 -0.0013 -0.0220 -0.0361 -0.0205
(0.0322) (0.0153) (0.0653) (0.0111)

1986 0.0342 -0.0288∗ -0.0802 -0.0345∗∗∗

(0.0273) (0.0134) (0.0508) (0.0099)
1987 -0.0169 -0.0266 -0.0783 -0.0174

(0.0284) (0.0141) (0.0589) (0.0114)
1988 0.0400 -0.0195 -0.0568 -0.0299∗

(0.0298) (0.0154) (0.0540) (0.0131)
1989 0.0494 -0.0082 -0.0372 -0.0227

(0.0313) (0.0147) (0.0513) (0.0121)
1990 -0.0149 -0.0377 -0.1256∗ -0.0362

(0.0545) (0.0309) (0.0554) (0.0332)
1991 0.0318 0.0043 -0.0706 -0.0121

(0.0420) (0.0183) (0.0658) (0.0148)
1992 0.0455 -0.0248 -0.0163 -0.0533∗∗∗

(0.0295) (0.0160) (0.0619) (0.0119)
1993 0.0349 -0.0086 -0.0275 -0.0323∗∗

(0.0286) (0.0141) (0.0532) (0.0105)
1994 0.0883∗∗ 0.0254 -0.0255 -0.0057

(0.0290) (0.0140) (0.0530) (0.0104)
1995 0.0576∗ 0.0223 -0.0046 -0.0025

(0.0280) (0.0137) (0.0552) (0.0102)
1996 0.1284∗∗∗ 0.0444∗∗∗ -0.0555 0.0136

(0.0297) (0.0134) (0.0494) (0.0102)
1997 0.1331∗∗∗ 0.0564∗∗∗ -0.0229 0.0194

(0.0286) (0.0134) (0.0496) (0.0102)
1998 0.1276∗∗∗ 0.0463∗∗ -0.0136 0.0082

(0.0283) (0.0146) (0.0553) (0.0109)
1999 0.1296∗∗∗ 0.0390∗∗ -0.0317 0.0016

(0.0295) (0.0142) (0.0534) (0.0105)
2000 0.1754∗∗∗ 0.0688∗∗∗ 0.0166 0.0172

(0.0280) (0.0145) (0.0551) (0.0099)
2001 0.1616∗∗∗ 0.0699∗∗∗ 0.0538 0.0138

(0.0278) (0.0155) (0.0610) (0.0099)
2002 0.1541∗∗∗ 0.0573∗∗∗ 0.0331 0.0059

(0.0270) (0.0146) (0.0561) (0.0101)
2003 0.2144∗∗∗ 0.0775∗∗∗ -0.0042 0.0185

(0.0281) (0.0139) (0.0507) (0.0099)
2004 0.2728∗∗∗ 0.0949∗∗∗ 0.0009 0.0171

(0.0287) (0.0155) (0.0546) (0.0102)
2005 0.2400∗∗∗ 0.0937∗∗∗ 0.0089 0.0258∗

(0.0286) (0.0147) (0.0528) (0.0101)
Continued on next page
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Table B.2: Factors of reporting bias, year effects & survey characteristics - continued

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Year effects (ref.cat.: 1984)

2006 0.2430∗∗∗ 0.0811∗∗∗ -0.0385 0.0224∗

(0.0285) (0.0144) (0.0522) (0.0101)
2007 0.2389∗∗∗ 0.0890∗∗∗ 0.0102 0.0190

(0.0285) (0.0156) (0.0567) (0.0103)
2008 0.2458∗∗∗ 0.0748∗∗∗ -0.0227 0.0063

(0.0287) (0.0158) (0.0562) (0.0108)
2009 0.2388∗∗∗ 0.0919∗∗∗ 0.0114 0.0206∗

(0.0280) (0.0163) (0.0587) (0.0103)
2010 0.2277∗∗∗ 0.0862∗∗∗ 0.0127 0.0200∗

(0.0275) (0.0157) (0.0579) (0.0099)
2011 0.2336∗∗∗ 0.0921∗∗∗ -0.0058 0.0291∗∗

(0.0272) (0.0156) (0.0586) (0.0098)
2012 0.2649∗∗∗ 0.0858∗∗∗ -0.0391 0.0201∗

(0.0270) (0.0154) (0.0569) (0.0099)
2013 0.2325∗∗∗ 0.0919∗∗∗ 0.0056 0.0265∗∗

(0.0270) (0.0158) (0.0584) (0.0099)
2014 0.2449∗∗∗ 0.0967∗∗∗ 0.0077 0.0282∗∗

(0.0272) (0.0160) (0.0582) (0.0100)
2015 0.2307∗∗∗ 0.0939∗∗∗ 0.0002 0.0307∗∗

(0.0273) (0.0158) (0.0579) (0.0099)
2016 0.2523∗∗∗ 0.0921∗∗∗ -0.0264 0.0294∗∗

(0.0275) (0.0158) (0.0578) (0.0099)
2017 0.2342∗∗∗ 0.0937∗∗∗ -0.0145 0.0343∗∗∗

(0.0270) (0.0154) (0.0573) (0.0098)
2018 0.2358∗∗∗ 0.0935∗∗∗ -0.0210 0.0355∗∗∗

(0.0272) (0.0154) (0.0572) (0.0098)
2019 0.2519∗∗∗ 0.0977∗∗∗ -0.0297 0.0383∗∗∗

(0.0272) (0.0154) (0.0572) (0.0098)

N 42,046 42,046 9,591 31,732

Note: This table summarizes coefficients of various operationalisations of the reporting error on potential cor-
relates on the survey mode and year effects based on Equation 1. These coefficients were omitted from Table
3 for clarity reasons. Dependent variables are a binary indicator for overreporting (column 1), the difference in
log wages (column 2), and the difference in log wages split between overreporting (column 3) and underreporting
individuals (column 4). Correct reporting is deĄned as no or small reporting bias within a +/- 2.5 percentile
range of the annual reporting bias. All regressions include year-Ąxed effects. Standard errors in parentheses. *
p < 0.1, ** p < 0.05, *** p < 0.01
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Table B.3: Factors of reporting bias, zero bias deĄned as +/ − 1.25% around 0

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Individual Characteristics

Age -0.0004 0.0000 0.0002 0.0002
(0.0003) (0.0002) (0.0006) (0.0001)

Woman -0.0210∗ -0.0160∗ -0.0193 -0.0068∗

(0.0087) (0.0067) (0.0262) (0.0029)
Years of education -0.0017 0.0007 0.0002 0.0016∗∗∗

(0.0010) (0.0009) (0.0031) (0.0004)
Region (ref. cat: North)
East 0.0029 -0.0080 -0.0382∗ 0.0002

(0.0105) (0.0056) (0.0149) (0.0035)
South -0.0030 0.0092 0.0214 0.0040

(0.0104) (0.0070) (0.0219) (0.0035)
West 0.0106 0.0168∗ 0.0236 0.0088∗∗

(0.0097) (0.0065) (0.0206) (0.0032)

Migration background (ref. cat: none)
Direct migration background -0.0163 -0.0098 -0.0153 -0.0034

(0.0125) (0.0066) (0.0153) (0.0047)
Indirect migration background -0.0075 -0.0019 -0.0040 -0.0007

(0.0162) (0.0091) (0.0225) (0.0070)
Personality Traits
Openness (std.) 0.0017 -0.0016 -0.0037 -0.0013

(0.0045) (0.0027) (0.0079) (0.0015)
Conscientiousness (std.) 0.0036 -0.0008 -0.0092 0.0008

(0.0046) (0.0030) (0.0089) (0.0018)
Extraversion (std.) 0.0134∗∗ 0.0067∗∗ 0.0073 0.0006

(0.0041) (0.0026) (0.0082) (0.0014)
Agreeableness (std.) -0.0082 -0.0049 -0.0007 -0.0021

(0.0045) (0.0031) (0.0100) (0.0015)
Neuroticism (std.) 0.0005 -0.0003 -0.0017 -0.0001

(0.0042) (0.0027) (0.0083) (0.0013)
Household Characteristics

Married -0.0000 0.0022 0.0234 -0.0057
(0.0091) (0.0046) (0.0122) (0.0029)

Household Size -0.0078∗ -0.0019 0.0146 -0.0037∗∗

(0.0036) (0.0027) (0.0094) (0.0013)
Number of kids in HH 0.0090∗ 0.0023 -0.0172 0.0051∗∗

(0.0045) (0.0035) (0.0118) (0.0016)
Partner 0.0047 0.0011 -0.0274 0.0089∗∗

(0.0103) (0.0056) (0.0142) (0.0034)
Partner × Partner Inc in €1,000 0.0056∗∗∗ 0.0031∗∗ 0.0020 0.0014∗∗

(0.0016) (0.0012) (0.0026) (0.0005)
Continued on next page
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Table B.3: Factors of reporting bias, zero bias deĄned as +/ − 1.25% around 0 - continued

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Job and Firm Characteristics

White Collar Worker -0.0494∗∗∗ 0.0031 0.0310 0.0104∗∗∗

(0.0087) (0.0062) (0.0184) (0.0030)
Union memberhsip -0.0322∗∗∗ -0.0112∗ 0.0210 -0.0075∗∗

(0.0075) (0.0056) (0.0216) (0.0028)
Working hours (ref. cat.: <35 hours)
Full-time (35-44) -0.0688∗∗∗ -0.0013 0.0088 0.0262∗∗∗

(0.0080) (0.0055) (0.0183) (0.0031)
Over-time (45+) -0.0231∗ 0.0129 0.0191 0.0242∗∗∗

(0.0102) (0.0067) (0.0204) (0.0035)
Firm size (ref. cat.: <10 employees)
10-49 employees -0.0346∗∗ -0.0374∗∗∗ -0.0497 -0.0155∗∗∗

(0.0116) (0.0101) (0.0266) (0.0036)
50-249 employees -0.0490∗∗∗ -0.0487∗∗∗ -0.0603∗ -0.0193∗∗∗

(0.0118) (0.0104) (0.0285) (0.0038)
250+ employees -0.0654∗∗∗ -0.0641∗∗∗ -0.0766∗∗ -0.0299∗∗∗

(0.0124) (0.0101) (0.0270) (0.0040)
Pay tercile Ąrm (ref. cat.: 1st Tercile)
2. Tertile paying Ąrm -0.1140∗∗∗ -0.0598∗∗∗ -0.0264 -0.0261∗∗∗

(0.0085) (0.0056) (0.0141) (0.0027)
3. Tertile paying Ąrm -0.1949∗∗∗ -0.1083∗∗∗ -0.0254 -0.0560∗∗∗

(0.0101) (0.0074) (0.0213) (0.0035)
Workforce composition
Share of highly qualiĄed employees 0.0031 0.0155 -0.0198 0.0169∗

(0.0192) (0.0144) (0.0525) (0.0067)
Share of female employees -0.0624∗∗ -0.0629∗∗∗ -0.1512∗∗∗ 0.0019

(0.0195) (0.0151) (0.0407) (0.0057)
Share of German employees -0.1309∗∗∗ -0.0076 0.0539 0.0239

(0.0385) (0.0212) (0.0475) (0.0133)
Share of fulltime employees -0.1250∗∗∗ -0.1113∗∗∗ -0.2329∗∗∗ -0.0027

(0.0175) (0.0165) (0.0444) (0.0053)
Mean age of employees in Ąrm -0.0014∗ -0.0003 0.0001 -0.0000

(0.0007) (0.0005) (0.0013) (0.0002)
Constant 0.6478∗∗∗ 0.0812∗ 0.3586∗∗∗ -0.1795∗∗∗

(0.0642) (0.0369) (0.1038) (0.0211)

Firm sector controls ✓ ✓ ✓ ✓
Survey characteristics controls ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

Shapley decomposition:
Individual characteristics 3.93%
Household characteristics 15.61%
Job and Firm characteristics 69.24%
Survey characteristics 0.61%
Year FE 10.59%

N 42,046 42,046 9,704 32,110
R2 0.0925 0.0734 0.0545 0.0613
Mean dep. var. 0.2308 -0.0678 0.1668 -0.1391

Note: This table summarizes coefficients of various operationalisations of the reporting error on potential corre-
lates on the individual, household- and Ąrm level, based on Equation 1. Dependent variables are a binary indicator
for overreporting (column 1), the difference in log wages (column 2), and the difference in log wages split between
overreporting (column 3) and underreporting individuals (column 4). Correct reporting is deĄned as no or small
reporting bias within a +/- 1.25 percentile range of the annual reporting bias. All regressions include year-Ąxed
effects. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table B.4: Factors of reporting bias, zero bias deĄned as +/ − 5% around 0

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Individual Characteristics

Age -0.0004 0.0000 0.0002 0.0002
(0.0003) (0.0002) (0.0007) (0.0001)

Woman -0.0207∗ -0.0160∗ -0.0196 -0.0069∗

(0.0086) (0.0067) (0.0270) (0.0029)
Years of education -0.0012 0.0007 -0.0001 0.0017∗∗∗

(0.0010) (0.0009) (0.0032) (0.0004)
Region (ref. cat: North)
East -0.0005 -0.0080 -0.0366∗ -0.0001

(0.0104) (0.0056) (0.0153) (0.0036)
South -0.0052 0.0092 0.0241 0.0033

(0.0103) (0.0070) (0.0225) (0.0036)
West 0.0085 0.0168∗ 0.0257 0.0077∗

(0.0095) (0.0065) (0.0212) (0.0033)

Migration background (ref. cat: none)
Direct migration background -0.0156 -0.0098 -0.0177 -0.0041

(0.0124) (0.0066) (0.0158) (0.0048)
Indirect migration background -0.0084 -0.0019 -0.0033 -0.0013

(0.0162) (0.0091) (0.0230) (0.0072)
Personality Traits
Openness (std.) 0.0020 -0.0016 -0.0042 -0.0015

(0.0045) (0.0027) (0.0082) (0.0015)
Conscientiousness (std.) 0.0030 -0.0008 -0.0089 0.0012

(0.0046) (0.0030) (0.0092) (0.0019)
Extraversion (std.) 0.0132∗∗ 0.0067∗∗ 0.0074 0.0003

(0.0040) (0.0026) (0.0084) (0.0015)
Agreeableness (std.) -0.0084 -0.0049 -0.0004 -0.0021

(0.0044) (0.0031) (0.0103) (0.0015)
Neuroticism (std.) 0.0008 -0.0003 -0.0016 -0.0004

(0.0042) (0.0027) (0.0085) (0.0013)
Household characteristics

Married 0.0000 0.0022 0.0240 -0.0059∗

(0.0090) (0.0046) (0.0125) (0.0029)
Household Size -0.0076∗ -0.0019 0.0155 -0.0040∗∗

(0.0035) (0.0027) (0.0097) (0.0013)
Number of kids in HH 0.0087 0.0023 -0.0179 0.0055∗∗∗

(0.0044) (0.0035) (0.0121) (0.0016)
Partner 0.0043 0.0011 -0.0277 0.0104∗∗

(0.0102) (0.0056) (0.0145) (0.0035)
Partner × Partner Inc in 1,000€ 0.0058∗∗∗ 0.0031∗∗ 0.0019 0.0013∗

(0.0016) (0.0012) (0.0027) (0.0005)
Continued on next page
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Table B.4: Factors of reporting bias, zero bias deĄned as +/ − 5% around 0 - continued

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

Over Y/N Diff of Logs Diff of Logs (+) Diff of Logs (−)

Job and Ąrm characteristics

White collar worker -0.0504∗∗∗ 0.0031 0.0334 0.0108∗∗∗

(0.0086) (0.0062) (0.0188) (0.0030)
Union memberhsip -0.0325∗∗∗ -0.0112∗ 0.0232 -0.0073∗∗

(0.0075) (0.0056) (0.0221) (0.0028)
Working Hours (ref. cat.: <35 hours)
Full-time (35-44) -0.0583∗∗∗ -0.0013 0.0019 0.0327∗∗∗

(0.0078) (0.0055) (0.0186) (0.0032)
Over-time (45+) -0.0126 0.0129 0.0116 0.0306∗∗∗

(0.0101) (0.0067) (0.0209) (0.0036)
Firm Size (ref. cat.: <10 employees)
10-49 employees -0.0322∗∗ -0.0374∗∗∗ -0.0511 -0.0097∗∗

(0.0115) (0.0101) (0.0279) (0.0037)
50-249 employees -0.0441∗∗∗ -0.0487∗∗∗ -0.0634∗ -0.0111∗∗

(0.0117) (0.0104) (0.0298) (0.0039)
250+ employees -0.0582∗∗∗ -0.0641∗∗∗ -0.0828∗∗ -0.0215∗∗∗

(0.0123) (0.0101) (0.0283) (0.0041)
Pay tercile Ąrm (ref. cat.: 1st Tercile)
2. Tercile paying Ąrm -0.1091∗∗∗ -0.0598∗∗∗ -0.0284 -0.0220∗∗∗

(0.0084) (0.0056) (0.0146) (0.0027)
3. Tercile paying Ąrm -0.1895∗∗∗ -0.1083∗∗∗ -0.0260 -0.0506∗∗∗

(0.0100) (0.0074) (0.0221) (0.0036)
Workforce composition
Share of highly qualiĄed employees 0.0104 0.0155 -0.0261 0.0157∗

(0.0189) (0.0144) (0.0542) (0.0068)
Share of female employees -0.0629∗∗ -0.0629∗∗∗ -0.1547∗∗∗ 0.0056

(0.0194) (0.0151) (0.0421) (0.0058)
Share of German employees -0.1319∗∗∗ -0.0076 0.0549 0.0249

(0.0383) (0.0212) (0.0484) (0.0139)
Share of fulltime employees -0.1217∗∗∗ -0.1113∗∗∗ -0.2397∗∗∗ 0.0000

(0.0174) (0.0165) (0.0459) (0.0055)
Mean age of employees in Ąrm -0.0013 -0.0003 0.0001 -0.0001

(0.0007) (0.0005) (0.0014) (0.0002)
Constant 0.6160∗∗∗ 0.0812∗ 0.3832∗∗∗ -0.2027∗∗∗

(0.0623) (0.0369) (0.1096) (0.0220)

Firm sector controls ✓ ✓ ✓ ✓
Survey characteristics controls ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓

Shapley decomposition:
Individual characteristics 3.93%
Household characteristics 15.61%
Job and Firm characteristics 69.24%
Survey characteristics 0.61%
Year FE 10.59%

N 42,046 42,046 9,375 30,979
R2 0.0879 0.0734 0.0582 0.0571
Mean dep. var. 0.2230 -0.0678 0.1725 -0.1441

Note: This table summarizes coefficients of various operationalisations of the reporting error on potential cor-
relates on the individual, household- and Ąrm level, based on Equation 1. Dependent variables are a binary
indicator for overreporting (column 1), the difference in log wages (column 2), and the difference in log wages
split between overreporting (column 3) and underreporting individuals (column 4). Correct reporting is deĄned
as no or small reporting bias within a +/- 5 percentile range of the annual reporting bias. All regressions include
year-Ąxed effects. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table B.5: Detailed Shapley decomposition

Factor All

Individual characteristics
Socio-demographic variables 2.51%
Personality traits 1.42%
Household characteristics
Household characteristics 15.61%
Job and Firm characteristics
Job characteristics 1.31%
Number of employees 29.50%
Wage tercile Ąrm 15.48%
Sector 17.66%
Workforce composition 5.29%
Survey characteristics
Survey characteristics 0.61%
Year FE
Year FE 10.59%

N 42,046
R2 0.07

Note: Table shows the results of the Shapley decomposition based on an OLS regression with the log of reporting
bias (log) as dependent variable and all individual, household, and Ąrm variables included in Table 3 as explanatory
variables. Shapley values are computed for the groups of variables.
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