
Bruckmeier, Kerstin; Hohmeyer, Katrin; Schwarz, Stefan

Article
Welfare receipt misreporting in survey data and its consequences for
state dependence estimates: new insights from linked administrative
and survey data

Journal for Labour Market Research

Provided in Cooperation with:
Institute for Employment Research (IAB)

Suggested Citation: Bruckmeier, Kerstin; Hohmeyer, Katrin; Schwarz, Stefan (2018) : Welfare
receipt misreporting in survey data and its consequences for state dependence estimates: new
insights from linked administrative and survey data, Journal for Labour Market Research, ISSN
2510-5027, Springer, Heidelberg, Vol. 52, Iss. 16, pp. 1-21,
https://doi.org/10.1186/s12651-018-0250-z

This Version is available at:
http://hdl.handle.net/10419/216674

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

  https://creativecommons.org/licenses/by/4.0/



Bruckmeier et al.  
J Labour Market Res           (2018) 52:16  
https://doi.org/10.1186/s12651-018-0250-z

ORIGINAL ARTICLE

Welfare receipt misreporting in survey 
data and its consequences for state dependence 
estimates: new insights from linked 
administrative and survey data
Kerstin Bruckmeier, Katrin Hohmeyer and Stefan Schwarz* 

Abstract 

In many advanced welfare states, welfare recipients often receive benefits for long periods. This persistence of welfare 
receipt can be caused by two distinct mechanisms: genuine or spurious state dependence. Knowledge of which of 
the two mechanisms drives the observed state dependence is important because the policy implications are dif-
ferent. Most of the empirical evidence on state dependence relies on survey data. However, survey data on welfare 
receipt are subject to substantial measurement error (i.e., misreporting of welfare benefit receipt), which may also 
bias state dependence estimates. This paper uses rich linked survey and administrative data to measure the effect 
of misreporting in the survey data on the estimated state dependence in welfare receipt in Germany. We find a rate 
of underreporting of welfare benefits of 8.6%. Recipients with relatively good labour market chances tend to under-
report benefits more frequently. Overreporting benefits is less pronounced with a rate of 1.6%. Within the survey 
data, we observe more transitions into and out of the welfare system. However, our estimates of state dependence in 
welfare receipt based on a dynamic random effects model reveal that the effect of misreporting on estimated state 
dependence is small, even when we distinguish between working and non-working recipients in the model.
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1 Introduction
Most developed countries provide basic income support 
for needy working-age individuals and their families. 
Many welfare recipients receive these benefits persis-
tently (e.g., Bane and Ellwood 1994; Blank 1989). This 
persistence in welfare receipt can be explained via two 
distinct mechanisms (Heckman 1981a): Genuine (or true) 
state dependence arises if the experience of past welfare 
benefits receipt has direct consequences on future wel-
fare receipt. This would be the case if an individual who 
experienced benefit receipt in the past behaves or is 
assessed differently in the future compared to an identical 

individual who did not experience benefit receipt (e.g., 
through the stigma of benefit receipt or a loss of human 
capital during unemployment). Spurious state depend-
ence implies that the observed or unobserved charac-
teristics of an individual affect the likelihood to receive 
welfare benefits. Welfare recipients might differ from 
non-recipients in socio-economic characteristics or in 
unobserved preferences, and individuals with disad-
vantageous characteristics, such as a large number of 
children or low educational attainment, might select 
themselves into welfare receipt (Königs 2014). These dif-
ferences in characteristics might contribute to the differ-
ent rates of future welfare receipt for welfare recipients 
and non-recipients.

The distinction between true and spurious state 
dependence is of considerable interest since policy 
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implications are different. If state dependence is mainly 
driven by past welfare receipt, then policies that prevent 
individuals from welfare entry might decrease the persis-
tence rates. If, in contrast, state dependence is driven by 
certain characteristics (such as a low educational level) 
of welfare recipients, then addressing these obstacles 
directly might be more beneficial.

Most empirical evidence on state dependence in wel-
fare receipt relies on survey data (e.g., Cappellari and 
Jenkins 2008; Königs 2014; Wunder and Riphahn 2014). 
However, the quality of data from household surveys 
suffers from several problems (Meyer et  al. 2015a). The 
problem of unit nonresponse occurs when households 
from the sampling frame do not answer the survey at all. 
The problem of item non-response arises when house-
holds participate in the survey but do not answer single 
questions. Both problems lead to a potential bias of sur-
vey estimates if unit and item non-response on income 
and wealth questions could not be considered as ran-
domly across the population (Groves 2006; Meyer et  al. 
2015a; Riphahn and Serfling 2005). Last, a potential bias 
to survey based estimates accrues, if respondents do not 
answer accurately or even give false answers. Concern-
ing welfare benefits, a substantial fraction of individuals 
do not report that they receive benefits (e.g., because of 
the stigma of benefit receipt, see, e.g., Meyer et al. 2015a). 
Not only this so-called underreporting can bias the esti-
mates of state dependence when using survey data but 
also non-recipients who report to receive welfare benefits 
(overreporting). In our paper, we focus on the effects of 
this specific form of measurement error, under- and over-
reporting of welfare benefits, on the estimates of state 
dependence in welfare receipt. Over- and underreporting 
of benefits seem to be especially relevant for the analysis 
of state dependence if misreporting changes over time, 
which can lead to observed transitions between welfare 
receipt and non-receipt that, in reality, did not happen.

This paper uses survey data from the German panel 
study “Labour Market and Social Security (PASS)” for 
the years 2007 to 2014 to analyse the effects of benefit 
misreporting on estimates of state dependence. A major 
advantage of the PASS is that the survey data can be 
linked to individual administrative records from the Fed-
eral Employment Agency, which is responsible for the 
administration of welfare benefits in Germany. We make 
use of this linked data to describe the extent of misre-
porting in the survey data and to measure the effect of 
misreporting on the estimates of state dependence in 
welfare receipt in Germany. Germany is an interesting 
case to study: Although the economy managed to survive 
comparatively well through the last great recession, Ger-
many is characterized by a high incidence of long-term 
unemployment and long-term benefit receipt. Most of 

the long-term unemployed receive means-tested welfare 
benefits called unemployment benefit II (Arbeitslosen-
geld II, UB II), the relevant institution for our analysis.

The welfare benefit is paid to needy households with at 
least one member between 15 and 64  years of age who 
is capable of working and whose income is insufficient 
to maintain the legally defined minimum income level 
of the household. Hence, eligibility does not depend on 
unemployment and a significant number of persons 
receive the benefits in addition to their wage income. 
We, therefore, focus in our empirical analysis on transi-
tions between four different labour market states: welfare 
benefit receipt, welfare benefit receipt while having a job, 
inactivity and employment.

To model the probability of being in one of the four 
different labour market states, we employ a dynamic 
multinomial logit model with controls for observed and 
unobserved heterogeneity and endogenous initial condi-
tions. We find a welfare benefit underreporting rate of 
8.6% and an overreporting rate of 1.6% in the PASS data. 
Within the survey data, we observe slightly more transi-
tions into and out of the welfare system. However, our 
estimates of state dependence in welfare receipt based on 
a dynamic random effects model reveal that the effect of 
mismeasurement caused by misreporting on estimated 
state dependence is small, even when we distinguish 
between working and non-working recipients in the 
model.

2  Institutional background
High unemployment persistence, increasing unemploy-
ment rates and low female labour force participation 
in Germany gave rise to comprehensive labour market 
reforms in the early 2000s (see, e.g. Caliendo 2009; Eich-
horst et  al. 2010). One main goal of the ‘Hartz reforms’ 
was to increase the incentives for unemployed individu-
als to take up work. Hartz IV, the fourth package of the 
Hartz reforms, was implemented in January 2005 and 
intensely changed the unemployment and social assis-
tance schemes: The previous unemployment and social 
assistance benefits were replaced by the means-tested 
welfare benefit called UB  II for needy individuals who 
are capable of working. UB  II is designed to prevent 
people from falling into poverty by providing a legally 
defined minimum income and to strengthen the incen-
tives to take up work. Eligibility is defined at the house-
hold level, however, the relevant benefit-receiving unit 
is only the (core) family living in the same household 
(Bedarfsgemeinschaft), i.e., recipients with their partner 
and children aged below 25  years. When talking about 
households in the following, we always refer to the UB II 
eligible unit. Households are eligible for the welfare ben-
efit if they pass the means test, i.e., if the household’s total 
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needs exceed the allowable income and the household’s 
wealth remains below the household specific maximum. 
Total needs are defined by a standard benefit for each 
member of the household and by housing costs. The wel-
fare benefit is paid to needy households with at least one 
member between 15 and 64 years of age who is capable 
of working. Hence, eligibility does not depend on unem-
ployment but on at least one household member being 
able to work for at least 3  hours per day under regular 
labour market conditions.

Large groups within UB II are (a) the long-term unem-
ployed whose claims to unemployment insurance ben-
efits (UB  I) have been exhausted, (b) the short-term 
unemployed who are not entitled to (sufficient) UB  I, 
and (c) employed persons whose earnings are insufficient 
to maintain the legally defined minimum income level. 
Table  1 shows the different labour market activities of 
welfare benefit recipients in 2016: Of a total of approxi-
mately 6 million recipients in 2016, 4.3 million were capa-
ble of working, and the others were mainly their children. 
Less than half of the recipients capable of working were 
registered as unemployed (1.8 million). The others were 
participating in active labour market policy measures, 
employed, involved in education, engaged in child or 
elderly care activities, temporarily not able to work or in 
early retirement. The largest group among the recipients 
who were not registered as unemployed were employed 
welfare recipients working at least 15 h a week (to be not 

counted as unemployed). In fact, UB II acts as an in-work 
benefit for this group.

In our analysis, we solely focus on UB  II receipt of 
individuals capable of working. Because the share of 
employed benefit recipients is considerable and both the 
determinants and the patterns of state dependence could 
be assumed to differ between unemployed and working 
recipients, we additionally distinguish between working 
and non-working recipients in the empirical analysis.

3  State dependence in welfare receipt
A small but growing number of studies aims to investi-
gate the extent of true state dependence in welfare ben-
efit receipt. These studies employ dynamic panel models 
to estimate the likelihood of receiving welfare benefit as a 
function of the past welfare receipt, covariates (observed 
heterogeneity) and time-constant individual unobserved 
heterogeneity.

Cappellari and Jenkins (2008) use data from the Brit-
ish Household Panel Survey (1991–2005) to investigate 
the dynamics of welfare receipt in Britain. They find that 
after controlling for heterogeneity, past welfare receipt 
is associated with a 15-percentage-point (i.e., approxi-
mately four times) higher probability of benefit receipt 
than if there were no benefit receipt in the last period. 
Hansen et al. (2006) use survey data to study social assis-
tance dynamics in Canada from 1993 to 2000. They find 
evidence for the existence of true state dependence, 
but its extent differs among the different geographi-
cal regions of Canada. Hansen and Lofstrom (2009) use 
administrative panel data to study the transition dynam-
ics among unemployment, employment and social 
assistance in Sweden from 1990 to 1996. They find that 
refugee immigrants experience a higher structural state 
dependence than natives. Whereas 17% of the observed 
state dependence for natives is structural, the same figure 
amounts to approximately 80% for immigrants from ref-
ugee countries. The authors argue that this observation 
might result from the existence of a welfare trap for refu-
gee immigrants, while the high persistence rate of natives 
and non-refugee immigrants, in the raw data, mostly 
arises from unobserved individual heterogeneity. Bhuller 
et  al. (2017) use comprehensive administrative data to 
study welfare state dependence in Norway. They find that 
the estimated state dependence varies strongly with the 
time unit of analysis: the average treatment effect of past 
benefit receipt increases with the level of aggregation.

Recently, the dynamics of welfare benefit receipt have 
gained attention in Germany. All studies are based 
on survey data from the Socio-Economic Panel Study 
(SOEP). Königs (2014) studies the dynamics of social 
assistance receipt in Germany before and after the ‘Hartz 
Reforms’ (1995–2011). He uses a broad definition of 

Table 1 Welfare benefit recipients and their activities 2016 
(annual average)

Source: Statistik der Bundesagentur für Arbeit, Tabellen, Strukturen der 
Grundsicherung SGB II (Zeitreihe Monats- und Jahreszahlen ab 2005), Nürnberg, 
November 2017

Welfare benefit recipients and their activities  Total (in 1000)

Households 3267

Recipients 5925

Incapable of working 1613

Recipients capable of 
working

4312

Unemployed recipients 1777

Not unemployed 
recipients

2535

thereof

Participants in labour market 
policy measures

495

Employed recipients 682

In Education 360

Care for relatives or children 295

Temporarily incapable of 
working

300

Early retirement 162

Else 241
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the benefit variable and finds evidence for the existence 
of true state dependence, although a large part of the 
observed persistence can be attributed to spurious state 
dependence through individual heterogeneity. His results 
imply that after controlling for individual heterogeneity 
a welfare recipient is 3.4 times more likely to experience 
welfare benefit receipt in the following year compared to 
a non-recipient, which results in an average partial effect 
of 13 percentage points. Wunder and Riphahn (2014) and 
Riphahn and Wunder (2016) distinguish among three 
labour market states: welfare, inactivity and employment. 
They find that the high welfare persistence rates in raw 
data can be largely explained by observed and unob-
served characteristics. The persistence in welfare receipt 
for natives and immigrants is reduced from 75% and 77% 
to 9% and 3%, respectively, after controlling for observ-
able characteristics and time-invariant unobserved het-
erogeneity (Wunder and Riphahn 2014). Königs (2014) 
ascribes the difference between his estimates for true 
state dependence and the ones of Wunder and Riphahn 
(2014) to the differences in the definition of the sample 
and of the benefit variable.

4  Misreporting of welfare receipt and its impact 
on estimated state dependence

Most studies investigating state dependence in wel-
fare receipt rely on survey data, which might be subject 
to measurement error due to the misreporting of ben-
efit receipt. Respondents might misreport their ben-
efit receipt for several reasons (Eggs 2016; Meyer et  al. 
2015b). First, individuals misremember their benefit 
receipt (e.g., its name or its timing). Second, they refrain 
from reporting their benefit receipt because of the stigma 
of welfare benefit receipt, the sensitivity of the informa-
tion or the desire to decrease the interview burden. Dif-
ferent studies have shown that the underreporting of 
welfare receipt is more common than the overreport-
ing of welfare receipt (see e.g. Bollinger and David 2001; 
Bruckmeier et  al. 2014). Underreporting of benefits has 
been studied for different benefits in the United States. 
Bollinger and David (1997, 2001) use linked adminis-
trative data to study the misreporting of Food Stamp 
programme participation in the Survey of Income and 
Program Participation (SIPP). They find that Food Stamp 
participation is not reported by 12% of the participants 
in their sample. Meyer and Mittag (2018) and Meyer 
et  al. (2015b) study misreporting for several major gov-
ernment benefit programmes in the US (e.g., Temporary 
Assistance for Needy Families (TANF), Food Stamps, 
unemployment insurance). Using linked administrative 
and survey data, Meyer and Mittag (2018) find under-
reporting to differ by programme and by survey, rang-
ing between 30 and 60% of the participants not reporting 

their benefit receipt. Underreporting is related to both 
the benefit receipt and the amount of benefit received.

Meyer et  al. (2015b) study underreporting of partici-
pation in different programmes by comparing admin-
istrative data to the weighted results from survey data. 
Comparing different programmes, they do not find evi-
dence of the major importance of stigma and the sen-
sitivity of information but attribute the differences in 
underreporting to the survey design and the desire to 
decrease the interview burden.

Misreporting has also recently been studied for the 
German welfare benefit UB II, on the basis of the panel 
study “Labour Market and Social Security (PASS)” linked 
to administrative data. Bruckmeier et  al. (2014) find an 
underreporting rate of 10.5% among welfare recipients 
in Germany. Moreover, they find that welfare recipients 
with relatively good labour market prospects, who are 
young or who receive welfare benefits only for a short 
period are less likely to report their welfare receipt. Fur-
thermore, the characteristics of the interviewer and 
of the interview matter (Bruckmeier et  al. 2015). Eggs 
(2016) studies misreporting of welfare receipt in Ger-
many based on a longitudinal perspective and finds that 
the extent of underreporting decreases over panel waves 
and is correlated with several other variables, such as age 
and household income. Consequently, misreporting can-
not be considered random.

Many studies that analyse benefits to inform policy 
makers about programme success rely on survey data. 
The problem of misreporting might lead to a bias in 
their estimates and imply wrong advice to policy makers. 
However, the studies to date on the role of misreporting 
in survey data when analysing benefits are sparse. Look-
ing at data from the State New York, Meyer and Mittag 
(2018) find that analyses based on survey data subject to 
underreporting lead to an underestimation of the num-
ber of participants and of poverty reduction provided 
through a benefit and to an overestimation of the num-
ber of disconnected people. Bollinger and David (1997, 
2001) find that even a small extent of underreporting 
can lead to biased estimates of the participation prob-
ability in the Food Stamps programme.1 The majority of 
studies on state dependence in welfare receipt rely on 
survey data because suitable administrative data cover-
ing welfare recipients and non-recipients are often not 
available (exceptions are Bhuller et  al. 2017 for Norway 

1 Not only government benefits can be subject to measurement error but also 
income information. Pavlopoulos et al. (2012) study the effect of measurement 
error in income information on low-pay transition. They do not use additional 
(correct) data to study measurement error but a Mixed Latent Markov model 
with two measurements of income. They find half of the observed transitions 
to be caused by measurement error.
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and Hansen and Lofstrom 2009 for Sweden). Therefore, 
misreporting might also affect the transition rates and 
estimates of state dependence in these studies. However, 
there is no evidence yet on the effects of misreporting 
on the state dependence analyses. It is not straightfor-
ward how the estimated state dependence is likely to be 
affected by misreporting. On the one hand, the direction 
of the bias depends on whether individuals continuously 
underreport their welfare receipt or whether they only 
underreport once. If the misreporting of benefit receipts 
decreases over time (as observed by Eggs 2016), then 
studies based on survey data count a number of errone-
ous transitions and might therefore underestimate the 
state dependence in welfare receipt. On the other hand, 
the direction of the bias depends on who misreports. As 
better risk recipients are more likely not to report their 
welfare receipt, studies based on survey data might over-
estimate the state dependence in welfare receipt.

5  Data and method
5.1  Data
We use data from the annual panel study “Labour Mar-
ket and Social Security” (PASS). PASS was especially 
designed for research on unemployment and poverty 
dynamics (Trappmann et  al. 2013). It combines a sub-
sample of welfare recipients with a population sample 
that oversamples households with low socio-economic 
status. The subsample of welfare recipients is drawn by 
the use of an identification number assigned by the wel-
fare administration. The sample is refreshed in each wave 
by a sample of households from welfare benefit inflows. 
For the population subsample, population registers com-
piled by the German municipalities are used.2 The first 
wave of PASS was conducted in 2006/2007 and is not 
considered in our analysis due to the changes in the sur-
vey instruments and interview programme after the first 
wave. Hence, our analysis uses data from waves 2 to 8, 
with 95,823 individual-year-observations (see Table  2). 
We only include working-age individuals (25 to 57 years3) 
who are working or available for the labour market (i.e., 
not in education or incapable of working) in our analysis 

sample. Furthermore, civil servants and self-employed 
are excluded, which leaves us with 54,874 observations.

A major advantage of the PASS is that it can be linked 
on the individual level to administrative data from the 
Federal Employment Agency. Due to legal considera-
tions, the survey information can only be linked to the 
administrative data of respondents who consented to 
linkage in the survey. We had to drop 2374 observations 
from our sample because the respondents did not con-
sent to the linkage (see Table 2).

Next, the respondents consenting to linkage have to 
be found in the administrative data. We use the identi-
fication keys provided by the German data linkage cen-
tre to identify respondents in the administrative data. 
The German data linkage centre combines information 
on names, addresses, identification number, gender and 
date of birth from several administrative data sources 
(on dependent employment, registered unemployment 
and welfare benefits), which is used for record linkage to 
the survey data (Antoni et al. 2017; Sakshaug et al. 2017). 
These used administrative data sources are collected by 
the Federal Employment Agency and build the basis for 
the official statistics in Germany. Note that these data 
do not cover individuals who are completely out of the 
labour force or are not registered at the Federal Employ-
ment Agency, e.g., self-employed persons, civil servants 
or housewives. Therefore, not all respondents can be 
linked to the administrative data. We could not identify 
approximately 8000 observations in the administrative 
data and drop them from our sample.

Table 2 Sample selection

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

Total number of observations 114,777

Observations excluded because…

Wave 1 18,954

Pensioners and young people < 25 years 37,698

Pupils, students, civil servants, individuals incapable of working, 
self-employed

3251

No consent to linking 2374

Not found in administrative data 8091

No information on UB II receipt (PASS) 152

Missing in covariates 2926

No 2 consecutive waves 10,972

No information on state in t−1 or t0 8360

Estimation sample: Observations 21,999

 Individuals 7909

Transitions per individual

 Average 2.782

 Min. 1

 Max. 6

2 The PASS offers combined weights to balance the two subsamples. As we 
are not primarily interested in determining the absolute level of state depend-
ence in German welfare benefit receipt, but in determining the role of mis-
reporting for the estimated state dependence, we present only unweighted 
descriptive and estimation results. In the estimations, we control for the two 
subsamples with a dummy variable.
3 We restricted our analyses to observations younger than 58 years because 
of the special position of individuals aged 58 years or above in the German 
welfare benefit system: Since 2008 welfare recipients are no longer counted 
as unemployed after receiving welfare benefit for at least 12  months after 
their 58th birthday without an offer of work that is liable to social insurance.
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From the remaining sample of respondents, who could 
be identified in the administrative data, we dropped 152 
observations without information on welfare receipt in 
the survey. Nearly 3000 observations were dropped due 
to missing values in covariates. For our regression analy-
sis, individuals must be observed for at least three times: 
one observation for addressing the initial condition prob-
lem (Wooldridge 2005) and two additional consecutive 
observations for the measurement of state dependence. 
This leaves us with 21,999 individual-year observations 
for our analysis.

The previously described matching of the survey and 
the administrative data may lead to a selectivity bias in 
our final sample and limit representativeness. The bias 
could arise from the exclusion of individuals, who did 
not give consent to linkage or who could not be identi-
fied in the data. Appendix: Table 9 provides a comparison 
of our final estimation sample with individuals not con-
senting to data linkage or not found in the administrative 
data. The comparison shows statistically significant dif-
ferences between both groups in most socio-economic 
and regional characteristics. There are significantly 
more  higher educated individuals, individuals with a 
migration background and individuals who live in a 
household with young children in the sample of unlinked 
observations. However, absolute differences between 
both groups are only small in most cases. To address the 
potential selectivity bias resulting from the matching pro-
cedure, we will provide the results of a robustness check 
based on unlinked data in Sect. 7 for our main findings.

An important methodological aspect of studying 
welfare benefit dynamics is the definition of the ben-
efit receipt (Cappellari and Jenkins 2008). Königs (2014) 
shows that estimated transition probabilities react sensi-
tively to whether the benefit receipt for the individual is 
defined at the household or individual level. Most stud-
ies use information on the benefit receipt collected at the 
household level, as the eligibility for most means-tested 
income support programmes is assessed on the income, 
wealth and needs of a benefit-receiving unit, i.e. the 
household. For the German UB  II, the benefit-receiving 
unit generally differs from the household: The relevant 
benefit-receiving unit is only the (core) family (Bedarfs-
gemeinschaft) living in the same household, i.e., recipi-
ents with their partner and children aged below 25 years 
(see Sect. 2). The PASS data allow us to determine exactly 
the members of the benefit receiving family, in the afore-
mentioned sense. We use this information and define the 
benefit receipt by the membership in a core family who 
receive welfare benefits in the month of the interview. 
Note that this definition does not allow us to exactly draw 
conclusions about the individual motives of under- or 

overreporting, because the head of the household reports 
benefit receipt for the household.

In PASS the question on UB II receipt is asked in the 
annual household interview. Households being inter-
viewed for the first time are asked whether they received 
UB  II at any time during the past 2  years and are also 
asked to indicate all spells of UB II receipt. In the inter-
views of wave 8 (interviews between February and Sep-
tember 2014) the question was:

“Now we are only interested in unemployment ben-
efit 2 (“Arbeitslosengeld 2“), otherwise known as 
Hartz 4. Thinking of the time since January 2012, 
what about your household? Have you or has any 
other member of your household obtained unem-
ployment benefit 2 at any stage since January 2012? 
And from when to when exactly was this the case? 
Please give me the month and the year. If that was 
the case more often than once, please begin with the 
first space of time.”

The answer to this question is then used to generate 
the information on welfare benefit receipt at the date of 
the interview which we use in our analysis. We do nei-
ther impute the welfare benefit receipt variable at the 
time of the interview nor any explanatory variable if the 
information is missing due to item-nonresponse. The 
interviews of panel households are conducted dependent 
on the answers regarding UB II receipt in the previous 
interview (roughly 1 year ago). Households that stated in 
the previous wave not to receive UB II are asked if they 
have received benefits at any time since the last inter-
view, whereas households that stated to receive UB II are 
asked until when they received these benefits without 
interruption.

To measure under- and overreporting, we use the 
information on benefit receipt available in the adminis-
trative welfare records collected in the “Leistungshistorik 
Grundsicherung (LHG)” and the Integrated Employ-
ment Biographies (IEB) respectively. The records con-
tain daily information on the welfare benefit receipt 
until 31 December 2014. In the administrative data, 
all members of the core family are registered as benefit 
recipient. While misreporting is an issue in survey data, 
administrative data on welfare receipt can be regarded 
as highly reliable since it is based on actual welfare ben-
efit payments that local welfare offices make to welfare 
recipients (Eggs 2016). We define underreporting as not 
reporting welfare benefit receipt at the interview date in 
the household interview although the administrative data 
contains individual benefit receipt for at least 1 day in the 
month of the interview. Underreporting is defined for the 
month of the interview because the benefit is granted on 
a monthly basis. Correspondingly, overreporting occurs 



Page 7 of 21Bruckmeier et al. J Labour Market Res           (2018) 52:16 

if we find no benefit receipt during the whole month of 
the interview in the administrative data, while in the 
household survey current benefit receipt was reported.

5.2  Method
For the econometric analysis, we use a dynamic mul-
tinomial logit model with controls for observed and 
unobserved heterogeneity and for endogenous initial 
conditions. This is the most frequently applied estima-
tion strategy in latest research on the dynamics of welfare 
benefit receipt. The model is based on transitions among 
four different labour market states, which we obtain by 
interacting the information on welfare benefit receipt 
with the employment state: welfare benefit receipt, wel-
fare benefit receipt while having a job, inactivity and 
employment. For the PASS data, both information stem 
from the survey data. The IEB outcome variable also uses 
the employment state from the PASS but the welfare 
receipt information is taken from the IEB. Employment 
comprises employment subject to social security contri-
butions as well as marginal employment.4 Table 6 shows 
the misclassification of the PASS outcome variable result-
ing exclusively from individuals misreporting welfare 
benefits in the PASS survey. The cases on the diagonal 
from the top left to the bottom right corner are correctly 
classified as they represent the cases in which the PASS 
information on welfare benefit receipt corresponds to the 
administrative information while all off-diagonal cases 
are falsely classified.

The probability of being in one of the four different 
states is based on a random utility model, which means 
that individual i chooses the labour market state j at the 
time of the interview t that yields the highest utility U. 
This model can be formalized as:

where Uijt depends on a vector of strictly exogenous 
regressors xit and the corresponding state-specific coef-
ficient vector βj, the labour market state in the previous 
period yit−1, the corresponding state-specific coefficient 
vector λj that measures state dependence and a compos-
ite error term uijt. This error term can further be decom-
posed into uijt = αij + εijt , where αij represents individual 
and labour market state specific unobserved heteroge-
neity and ɛijt is an idiosyncratic error component that is 
assumed to be independently distributed with a type I 

(1)
Uijt = x′itβj + �jyit−1 + uijt for i = 1, . . . ,N ;

t = 1, . . . ,Ti; j = 1, 2, 3, 4

extreme value distribution. The inclusion of αij allows us 
to distinguish between true  and spurious state depend-
ence. As exogenous regressors, we include information 
on age, sex, education,5 migration background, health, 
partner, children, regional unemployment rate, region, 
and wave.

As in every dynamic panel data model allowing for the 
presence of unobserved heterogeneity, the problem of 
endogenous initial conditions arises. Transitions to the 
first labour market state cannot be observed because we 
have no information on the labour market state in the 
preceding period. When first observed in the data, indi-
viduals can be in a particular labour market state because 
they have already been in the same state in the precend-
ing period (true state dependence) or because their 
observed and unobserved characteristics increase the 
probability to be in this state (spurious state dependence). 
The correlation of unobserved heterogeneity with the ini-
tial benefit receipt state is responsible for the fact that the 
initial values of the labour market state are endogenous 
(Heckman 1981a).

In general, there are different ways to address the initial 
conditions problem. The earliest approach was proposed 
by Heckman (1981b). He suggested approximating the 
unknown density of yi0|xi, αij to remove the former condi-
tioning on the individual specific time-invariant effect αij. 
A simpler approach to deal with endogenous initial con-
ditions was suggested by Wooldridge (2005). Wooldridge 
proposed a conditional maximum likelihood estimator by 
specifying a distribution of unobserved heterogeneity αij 
conditional on the initial observation of the welfare ben-
efit receipt state yi0 and all observations of time-varying 
explanatory variables xi that have not yet been included 
in xit such that the model coincides with the correlated 
random effects model proposed by Chamberlain (1984). 
In empirical practice, the distribution of the unobserved 
individual heterogeneity is usually  not specified to be 
conditional on all lags and leads of the time-varying 
explanatory variables but on individual averages of the 
time-varying explanatory variables x̄i and a new random 
error nijwith nij

∣

∣yi0, xi ∼ N
(

0, σ 2
n

)

 . nij is now uncorre-
lated with the benefit receipt in the initial period such 
that the model coincides with the Mundlak (1978) quasi-
fixed effects approach:

Inserting (2) into the random utility model (1) 
described above yields:

(2)αij = γj1yi0 + x̄′iγj2 + nij

(3)
Uijt = x′itβj + �jyit−1 + γj1yi0 + x̄′iγj2 + nij + εijt

4 In our observation window, marginal employment was defined as employ-
ment with monthly earnings up to €400 through 2012 and up to €450 since 
2013. For marginal employment, the employee is not required to pay social 
security contributions.

5 We include education according to the Casmin classification (König et  al. 
1988).
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The assumption that the idiosyncratic error ɛijt follows 
a Type I extreme value distribution results in a dynamic 
multinomial logit model with random effects. The proba-
bility of individual i being in labour market state j at time 
t is thus given by:

Setting the coefficients β4, �4, γ41, γ42 and the unob-
served heterogeneity ni4 to zero for the labour mar-
ket state “employment” (j = 4), we are able to estimate a 
dynamic multinomial logit model with random effects. 
Due to the non-linearity of the model, the size of the 
estimated coefficients for the lagged labour market 
state dummies (and all other coefficients) cannot be 
interpreted directly, and thus we calculate the marginal 
effects of all variables on the four different response 
probabilities.

The empirical model yields credible results if the fol-
lowing identifying assumptions are met. First, the model 
assumes that state dependence follows a first-order 
Markov process, meaning that only the labour mar-
ket state of the last period is correlated with the labour 
market state of the current period. Second, the model 
assumes that after controlling for initial labour market 
states and the averages of time-varying observable char-
acteristics any remaining unobserved heterogeneity is 
uncorrelated with the regressors (including the lagged 
labour market state).

To assess whether measurement error induced by the 
misreporting of welfare benefits affects the estimate of true 
state dependence, we run two separate dynamic multino-
mial logit regressions and compare the obtained marginal 
effects. The only difference between the two regressions is 
that the information on whether a person receives welfare 
benefits stems from different sources: In the first regres-
sion, the information is taken from the PASS panel sur-
vey, and in the second regression, we take the information 
from the administrative records of the German Federal 
Employment Agency. However, in both regressions we 
use information on the employment state from the PASS 
panel survey to construct the four categories of our out-
come variable. By comparing the two different estimates of 
structural state dependence, we can assess whether using 
survey data yields correct estimates or whether misre-
ported welfare benefits endanger the validity of the results.

6  Descriptive analysis
6.1  Extent and nature of misreporting
According to administrative records, we have 7102 
person-year observations (3211 individuals) in which 

(4)

P
(

yit = j|xit , yit−1,αij
)

=
exp(x′itβj + �jyit−1 + γj1yi0 + x̄′iγj2 + nij)

∑4
h=1 exp(x

′
itβh + �hyit−1 + γh1yi0 + x̄′iγh2 + nih)

employed and non-employed person received welfare 
benefits in the month of the interview (Table 3). For 6489 
observations, this agrees with the information in the 
survey, and in 613 cases, respondents did not report the 
benefit receipt in the PASS survey. This yields an under-
reporting rate of 8.6% (13.9% weighted). Regarding all 
non-recipients, the share of respondents who overre-
ported welfare benefit receipt in our sample amounted to 
1.6% (0.3% weighted) or 238 observations.

From Table  3 we see that 428 respondents underre-
port welfare benefit receipt only once which makes about 
two-third of all underreporting cases (428/613). Approxi-
mately half of them have received welfare benefits only 
in this wave according to the administrative data. The 
remaining third of underreporting cases consists of 56 
respondents (112 observations) who underreported twice 
and 21 respondents (73 observations) who underreported 
in more than two waves. Thus, we find no clear pattern 
in the way that the majority of under-reporters tend to 
underreport permanently or occasionally. In 44% of the 
underreporting cases, the respondents underreported 
benefit receipt in each wave in which they received ben-
efits, according to administrative records (permanent 
underreporting). However, most of these cases are the 
respondents who were observed only once as recipients.

Table  4 shows how the share of under-reporters 
changes depending on the number of waves in which 
respondents are observed in our analysis sample and in 
which they have received welfare benefits, according to 
administrative records. For panel participation, we see a 
slight decrease in underreporting from 10.6% for the sub-
group who participated in three waves to 8.3% for those 
who participated in all 8 waves. This finding is in line 
with Eggs (2016), who shows that the accuracy of survey 
responses concerning benefit receipt increases from wave 
to wave for the PASS. According to his findings, under-
reporting was especially high in the first two PASS waves. 
However, since it is necessary to observe individuals for 

Table 3 Extent of benefit misreporting

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

Estimation sample (N) 21,999

…thereof with benefit receipt (administrative data, N) 7102

  …thereof without reported benefit receipt in the survey data 
(underreporting, N)

613

   …thereof with underreporting in only one wave (N) 428

   …thereof with underreporting in two waves (N) 112

   …thereof with underreporting in more than two waves (N) 73

Underreporting rate 0.086

…thereof without benefit receipt (administrative data, N) 14,897

  …thereof with reported benefit receipt in the survey data 
(overreporting, N)

238

Overreporting rate 0.016
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at least two consecutive waves (t1, t2) and in one previ-
ous wave (t0) to measure transitions and the initial con-
dition, we do not have individuals who participated only 
in the first two waves in our analysis sample.

For benefit receipt, the results point to a stronger rela-
tionship in which underreporting seems to be higher 
for short-term recipients, i.e., those in our analysis sam-
ple who received benefits in only one or two waves. The 
share of under-reporters included in the sample declines 
from 14.0% for the group who received benefits in only 
one wave to approximately 5.1% for respondents with 
benefit receipt in 5 waves.

Taken together, the figures on the length of benefit 
receipt and underreporting do not allow any clear con-
clusions to be drawn on the impact of underreporting 
benefit receipt on the transitions measured in the sur-
vey data. On the one hand, those who received benefits 
only in one wave and were classified as under-reporters 
have never been observed as benefit recipients in the 
survey data, which would lead to an underestimation 
of transitions into and out of benefit receipt in the sur-
vey data. On the other hand, the observed dynamics in 
welfare benefit receipt could be overestimated relying 
on survey data because most respondents underreport 
only once but receive benefits for more than one wave. 
This should result in artificial transitions into and out 
of the welfare system. Since the observed underreport-
ing rate is small and no clear dynamic pattern of under-
reporting emerges, the effects on observed transitions 
should be minor.

6.2  Characteristics of under‑reporters
Table  5 depicts the marginal effects of a regression of 
underreporting on respondents’  characteristics for 

welfare benefit recipients who reported and those who 
did not report benefit receipt in our analysis sample.

The results show that higher educated respondents, 
respondents without health restrictions and who live 
together with a partner in a household without young 
children in the household have a statistically signifi-
cant higher probability to not correctly report benefit 
receipt in the survey. These figures indicate that benefit 
recipients with relatively good labour market prospects 
tend to underreport welfare benefits more often, which 
is completely in line with the results of Bruckmeier 
et al. (2014). A possible explanation for this result could 
be that the recipients do not identify themselves with 
benefit recipients because the amount of benefits is low 
or they expect to receive benefits only temporarily. It 
could also be argued that if the benefit is prone to be 
seen as a stigma, the stigma costs are higher for those 
with good labour market prospects, as benefit depend-
ence for them is less accepted within society.

6.3  Misreporting and transitions between employment 
and welfare receipt

The finding that underreporting seems to correlate 
with certain characteristics is of particular interest for 
our analysis, as we do not only distinguish between 
benefit receipt and non-receipt. In addition to benefit 
receipt, we account for employment when defining the 
four outcome states: benefit receipt only, employed 
with benefit receipt, inactive without benefit receipt 

Table 4 Benefit underreporting by  panel participation 
and benefit receipt in the analysis sample

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

Participation in … waves Benefit receipt in … wave(s)

Underreporting
rate

Observations Underreporting
rate

Observations

1 0.140 1350

2 0.090 1794

3 0.106 649 0.078 1092

4 0.088 1250 0.063 1124

5 0.098 716 0.051 860

6 0.087 1015 0.070 882

7 0.075 1400

8 0.083 2072

All 0.086 7102 0.086 7102

Table 5 Regression of  underreporting on  socio-
demographic and  household characteristics: marginal 
effects

Marginal effects on the probability to underreport UB II benefits based on 
the sample of 7102 respondents who could be identified as recipients in the 
administrative data (613 Underreporters, 6489 respondents who reported 
correctly). Standard errors clustered at the individual level. ***/**/* denote 
statistical significance at the 0.001, 0.01, 0.05 levels

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

Marg. effect Std. error

Age in years − 0.0019*** 0.0004

Male 0.0036 0.0081

Education (Casmin, categories 1–3) 0.0187** 0.0059

Health restrictions − 0.0632*** 0.0084

Migration background 0.0066 0.0092

Partner 0.0273** 0.0080

Child < 2 years − 0.0525* 0.0189

Child 2 to 3 years − 0.0458* 0.0157

Child 4 to 6 years − 0.0006 0.0110

Child 7 to 16 years − 0.0256** 0.0086

Living in East Germany − 0.0109 0.0098

Local unemployment rate (annual average) − 0.0031* 0.0015
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and employed without benefit receipt. Table  6 shows 
the effects of under- and overreporting on our four 
labour market categories. Due to the underreporting of 
welfare receipt, 193 cases are falsely classified as inac-
tive without benefit receipt and 420 cases are falsely 
classified as employed without benefit receipt when 
using PASS survey data. Considering that the group of 
employed benefit recipients is only half the size of the 
non-employed benefit recipients, these figures show 
that the state “benefit receipt and employment” is more 
strongly affected by underreporting. This is in line with 
the expectations arising from the results on the compo-
sition of the under-reporters. Most over-reporters, in 
contrast, would be correctly classified as inactive with-
out employment (135 observations). The incidence of 
overreporting benefit receipt is much more pronounced 
among the inactive compared to the employed. The 
share of over-reporters among the inactive amounts to 
8.5% (135/1580) while among the employed the share is 
about 0.7% (103/13,317). Since non-employed individu-
als who receive other kinds of benefits (e.g. unemploy-
ment benefit I) are included in the inactivity group we 
assume that the major driver for overreporting is con-
fusion about different benefits.

Table  7 summarizes all transitions between the time 
of the previous interview t−1 and the time of the cur-
rent interview t in the two different data sources for the 
four states. Panel A depicts the welfare transitions when 
using PASS survey data, and Panel B depicts welfare tran-
sitions that are observed for the same individuals when 
both benefit under- and overreporting are corrected 
based on the administrative records. First, Table 7 shows 
that the effects of the correction on the transition rates 
are rather small. Thus, we find no difference in the pro-
portion of recipients who also receive benefits in the 
following wave (74%). With regard to exits from benefit 
receipt, the table shows that the incidence of benefit mis-
reporting leads to more exits in survey data. 5% of the 
welfare benefit recipients exit benefit receipt into inac-
tivity and 9% into employment compared to 4% and 7% 

in the administrative data. Using the misreporting cor-
rected measure from administrative data, we can see that 
a larger proportion of benefit recipients is still depend-
ent on benefits after finding a job (14% vs. 12%). Consist-
ent with this finding, slightly more employed recipients 
remain in the status “benefit receipt and employment” in 
the next wave when the administrative data is considered 
(61% vs. 60%). We also find that inflows into the welfare 
system in the survey data are somewhat higher for groups 
of inactive respondents (13% vs. 10%), whereas in the 
administrative data, more inactive respondents remain in 
this state in the next year (57% vs. 52%). This finding can 
be explained by two distinct mechanisms. Both benefit 
recipients who underreport in t−1 but not in t and inac-
tive individuals in t−1 who overreport in t lead to higher 
inflows into benefit receipt and lower persistence in inac-
tivity when using survey data.

In summary, the description of the transitions shows 
that the impact of misreporting on observed transitions 
is rather small. Furthermore, misreporting seems to 
lead to slightly higher observed dynamics in the survey 
data concerning both inflows into and outflows from the 
welfare system. In addition, the transitions of employed 
beneficiaries are more affected since, proportionally, 
underreporting is observed more frequently among this 
group.

7  Estimation results
The average partial effects (APE) of the different states in 
the preceding period on the four different response prob-
abilities based on the unweighted estimates are shown in 
Table 8.6 Panel A depicts the results for the self-indicated 
welfare measures obtained from the PASS survey data, 

Table 6 Classification of outcomes using survey data only and correcting for overreporting and underreporting

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

Outcomes survey data (PASS) Outcomes corrected survey data (IEB) Total

Benefit receipt Benefit receipt 
and employment

Inactivity Employment

Benefit receipt 4215 – 135 – 4350

Benefit receipt and employment – 2274 – 103 2377

Inactivity 193 – 1445 – 1638

Employment – 420 – 13,214 13,634

Total 4408 2694 1580 13,317 21,999

6 The average partial effects are obtained from the coefficient estimates shown 
in Appendix: Tables 10 (PASS) and 11 (Administrative data). The average par-
tial effects must always be interpreted relative to the base category, which is 
‘employed in t−1’. The average partial effects for all variables used in the esti-
mation are shown in Appendix: Tables  13 (PASS) and 14 (Administrative 
data).
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and Panel B corresponds to the misreporting-corrected 
measures from the administrative records. Overall, we 
can see that the differences between the two different 
measures are rather small: All significant average partial 
effects go in the same direction and remain significant 
when underreporting and overreporting are corrected 
based on administrative records (except for the effect of 
welfare receipt in t−1 on inactivity which becomes insig-
nificant). In addition, in absolute numbers, the effects do 
not differ considerably between the data sources.7

7.1  APE of receiving welfare benefits in t−1
Receiving welfare benefits in t−1 compared to being 
employed in t−1 is, on average, associated with an 
increase of the probability to receive welfare benefits in 
t by 42.28 percentage points when using survey data, 
but the probability increases to about 45.43 percent-
age points when using the corrected measure. The lower 

state dependence in the survey data can be explained by 
two different facts.

First, due to the incidence of misreporting the welfare 
benefits, the composition of the base outcome between 
the two data sources differs. When using administrative 
records, the base category solely consists of employed 
non-recipients in t−1, but the base category in the esti-
mations with the survey data, in addition to employed 
individuals, includes underreporting employed welfare 
benefit recipients in t−1.

Since employed welfare recipients tend to move more 
often into welfare than employed non-recipients, state 
dependence in welfare benefit receipt is underestimated 
when survey data is being used. Second, when individu-
als receive welfare benefits in t−1 and t but only indicate 
that they receive benefits in t−1, they only contribute 
to the state dependence estimate when using adminis-
trative data, while they are coded as inactive in t when 
using survey data. The average partial effects for welfare 
benefit receipt on the inactivity response probability (col-
umn 3 of Table 8) indicates that underreporting of wel-
fare receipt is, indeed, an important factor. Compared to 
being employed in t−1, receiving welfare benefits in t−1 

Table 7 Transitions among the four labour market states between t−1 and t

First row shows the absolute numbers of labour market transitions between t−1 and t. Second row shows labour market transitions between t−1 and t as a share of 
the labour market state in t−1

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

State at time t−1 State at time t

Benefit receipt Benefit receipt 
and employment

Inactivity Employment

Panel A: PASS survey data

Benefit receipt 3480 572 239 404

74% 12% 5% 9%

Benefit receipt and employment 468 1492 54 480

19% 60% 2% 19%

Inactivity 218 49 858 522

13% 3% 52% 32%

Employment 184 264 487 12,228

1% 2% 4% 93%

Total 4350 2377 1638 13,634

Panel B: administrative data

Benefit receipt 3567 688 196 339

74% 14% 4% 7%

Benefit receipt and employment 546 1755 41 527

19% 61% 1% 18%

Inactivity 151 39 881 481

10% 3% 57% 31%

Employment 144 212 462 11,970

1% 2% 4% 94%

Total 4408 2694 1580 13,317

7 To address the potential selectivity of the data linkage, we rerun the estima-
tion with survey data including the individuals who could not be linked to the 
administrative data. It turned out that our main findings are robust to this 
data selection (see Appendix: Table 15 ).
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is associated with a higher chance to move into the inac-
tivity category in t. The likelihood increases by approxi-
mately 2.4 percentage points when using survey data but 
only by approximately 0.8 percentage points (not signifi-
cant) when using the corrected measure from adminis-
trative records.

The average partial effect of receiving welfare benefits 
in t−1 on the probability of being in the welfare and 
employment category in t is approximately 3 percent-
age points lower when survey data are used than when 
administrative data are used (11.9 vs 8.9 percentage 
points). Again, the difference emerges from the differ-
ent base categories between the different data sources. 
Since employed welfare recipients display a higher prob-
ability of being employed welfare recipients in t than do 
employed non-recipients, the average partial effect of 
receiving welfare benefits is lower when comparing to 
both employed welfare recipients and employed non-
recipients as opposed to employed non-recipients only.

Relative to being employed in t−1, receiving welfare 
benefits in t−1 is associated with a 4.6-percentage points 
lower likelihood (− 53.5 vs. − 58.1 percentage points) of 
being employed when using the survey welfare meas-
ure than when administrative data are used. This finding 
can be explained by two factors. First, the base category 
in survey data consists of both employed non-recipi-
ents and employed recipients who do not report benefit 
receipt, but it consists solely of employed non-recipients 
when using administrative data. Since the probability to 
exit from benefit receipt into employment for employed 
welfare benefit recipients is usually lower than the 

probability of employed non-recipients to stay in employ-
ment, the average partial effect of welfare benefit receipt 
in t−1 on the probability to be employed is lower when 
using survey data. Second, some welfare benefit recipi-
ents may not continue to report welfare benefits after 
having found a job, as they do not perceive themselves as 
benefit recipients because they are regularly employed or 
may not know that their household still receives benefits 
due to the low amount of benefits they receive.

7.2  APE of welfare benefit receipt and employment in t−1
Looking at the average partial effect of being in the wel-
fare and employment category in t−1, we see similar 
but less pronounced effects compared to receiving wel-
fare in t−1. The average partial effects of being in the 
welfare and employment category compared to those of 
receiving welfare benefits only indicate that having a job 
while receiving welfare benefits, on average, is associ-
ated with better chances to exit welfare benefit receipt 
and to move into the employment category. Generally, 
it can be stated that employed welfare benefit recipi-
ents lie between non-employed welfare recipients and 
employed non-recipients, as already turned out in the 
descriptive analysis. When using survey data to meas-
ure state dependence in the welfare and employment 
category, the transition probability into welfare benefit 
receipt in t is underestimated by less than 1 percent-
age point. Thus, though using survey data with a fair 
amount of welfare benefit misreporting by respondents, 
the average partial effects of past benefit receipt are not 
biased substantially.

Table 8 Average partial effects of lagged labour market state on the probability to be in a given state in t

Average partial effects based on coefficients shown in Appendix: Tables 10 and 11 are depicted in the first rows. Second rows show the 95% confidence interval in 
brackets using clustered standard errors at the individual level. Base category: Employment in t−1. ***/**/* denote statistical significance at the 0.001, 0.01, 0.05 levels, 
respectively. Average partial effects of other explanatory variables can be found in Appendix: Tables 13 and 14

Source: PASS_0614_v1 & LHG V08.01.00 – 201504

Welfare receipt Welfare and employment Inactivity Employment

Panel A: PASS survey data

Welfare receipt in t−1 0.4228*** 0.0884*** 0.0240** − 0.535***

[0.3867; 0.4590] [0.0696; 0.1073] [0.0058; 0.0422] [− 0.5757; − 0.4948]

Welfare and Employment in t−1 0.1192*** 0.3484*** − 0.0237*** − 0.444***

[0.0985; 0.1400] [0.3130; 0.3838] [− 0.0377; − 0.0098] [− 0.4818; − 0.4059]

Inactivity in t−1 0.1162*** 0.0022 0.2752*** − 0.394***

[0.0925; 0.1400] [− 0.0127; 0.0171] [0.2351; 0.3152] [− 0.4345; − 0.3527]

Panel B: administrative data

Welfare receipt in t−1 0.4543*** 0.1189*** 0.0077 − 0.581***

[0.4149; 0.4938] [0.0976; 0.1402] [− 0.0104; 0.0258] [− 0.6242; − 0.5378]

Welfare and Employment in t−1 0.1307*** 0.3550*** − 0.0361*** − 0.450***

[0.1100; 0.1513] [0.3193; 0.3907] [− 0.0490; − 0.0231] [− 0.4890; − 0.4102]

Inactivity in t−1 0.1021*** 0.0070 0.3087*** − 0.418***

[0.0774; 0.1268] [− 0.0092; 0.0231] [0.2663; 0.3511] [− 0.4604; − 0.3752]
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7.3  APE of being inactive in t−1
Being inactive in t−1 compared to being employed is, on 
average, associated with a one percentage points higher 
probability to move into welfare benefit receipt (11.6 vs. 
10.2 percentage points), when using the self-reported 
welfare measure from the PASS survey data. State 
dependence in inactivity is estimated to be approximately 
3 percentage points smaller (27.5 vs 30.9 percentage 
points), and the probability to exit from inactivity into 
employment is approximately 2 percentage points (39.4 
vs 41.8 percentage points) lower when using the PASS 
survey data. The major explanation for this finding is that 
welfare benefit recipients without employment are coded 
as inactive when they do not report that their household 
receives benefits. Since some of these underreporting 
welfare benefit recipients state in the next period that 
they do receive benefits, we see a slightly higher probabil-
ity to move into welfare benefit receipt and a lower prob-
ability to stay in inactivity.

7.4  Other findings
Comparing our estimated state dependence to the ones 
of Wunder and Riphahn (2014) and Königs (2014), we see 
a distinctly higher estimated state dependence in welfare 
benefit receipt in our results. This might be explained 
by the specific sample design of the PASS which might 
lead to a higher number of long-term benefit recipients 
compared to the SOEP. The additional split of welfare 
recipients into employed and non-employed welfare 
recipients may also contribute to this finding. Since wel-
fare recipients employed in t−1 are less likely to receive 
benefits in t than non-employed recipients, the estimated 
state-dependence in benefit receipt should be lower if 
all welfare recipients—employed or not—are measured 
in one category as in Königs (2014) and Wunder and 
Riphahn (2014). Due to the complex survey design, using 
sampling weights should be appropriate to receive rep-
resentative results  that are comparable to other studies. 
However, in our case a weighted estimation was not pos-
sible, because the estimates did not converge in the case 
of an outcome with four different categories. As we are 
not primarily interested in determining the absolute level 
of state dependence in German welfare benefit receipt, 
but in determining the role of misreporting for the esti-
mated state dependence, we do not use sampling weights. 
Instead, we include a dummy variable “population sam-
ple” in the main estimations, which should capture the 
sampling design. Furthermore, we run an estimation on 
the bivariate outcome “welfare receipt” as an additional 
check displayed in Appendix: Table  12. We run these 
estimations weighted, unweighted for the full sample and 
the population sample only and unweighted but includ-
ing the population sample dummy.

Just like for the main estimations studying four labour 
market states as outcomes, the unweighted estimates of 
state dependence in welfare receipt are similar for the 
two data sources (56% vs 58%). The state dependence is 
reduced after including the population sample dummy 
(52% vs 56%) and further reduced when estimated for 
the population sample only (38% vs 42%) or using sam-
pling weights (39% vs 42%) or. Differences between the 
two data sources in the estimated state dependence based 
on PASS and based on the IEB stay small, but the esti-
mated state dependence is still considerably stronger 
when using the population sample only or in weighted 
regression than estimates based on SOEP data. Possible 
explanations for the different results compared to stud-
ies using the SOEP lie in the different sampling and the 
different survey methods concerning the information on 
UB II receipt. Different to the SOEP, PASS uses depend-
ent interviewing. Explaining the different results in more 
detail would be an interesting issue for future research.

Concerning the effects of the control variables, Appen-
dix: Tables 13 and 14 show the average partial effects of 
the initial conditions and the other explanatory variables. 
Controlling for initial conditions was necessary, as seen 
by the significant average partial effects of some states in 
t0. Again, the estimated average partial effects do not dif-
fer significantly between the different welfare measures. 
Generally, it can be seen that the average partial effects of 
the initial states go in the same direction as those of the 
preceding state but are less pronounced.

The other explanatory variables all show the expected 
signs on the four different response probabilities. Indi-
viduals belonging to the population sample of the PASS 
data have a higher chance to be employed and a lower 
chance of being in one of the two welfare categories. 
Higher education is associated with a lower risk of being 
in one of the two welfare categories. Individuals with 
health restrictions and with a small child below the age of 
2 show a higher probability of receiving welfare benefit. 
Health restrictions are associated with a lower chance 
of employment, as seen by the negative average par-
tial effects on the probability of being in the welfare and 
employment or employment category. Generally, it can 
be stated that the effects do not greatly differ between the 
different welfare measures.

Altogether, the results indicate that state dependence 
in welfare benefit receipt is only slightly underestimated 
when self-reported welfare measures from survey data 
are being used. The same holds for state dependence in 
the other categories. The average partial effects of past 
benefit receipt from survey data do not differ consider-
ably with the misreporting corrected welfare measures 
from the administrative records. Thus, we argue that the 
use of survey data with a similar amount of misreporting 
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respondents does not severely bias the estimates of state 
dependence.

8  Conclusion
In this study, we analyse the impact of benefit misre-
porting in survey data on the estimated state depend-
ence in benefit receipt. Our results make a relevant 
contribution to the literature on state dependence in 
welfare receipt, which is mostly based on survey data. 
Our data allow us to determine the mismeasurement 
of benefit receipts directly by linking survey data with 
high quality administrative data. In survey data, we find 
that in 8.6% of the cases with benefit receipt individuals 
do not report that they receive benefits (underreport-
ing) and in 1.6% of the cases without benefit receipt 
individuals report that they receive welfare benefits 
(overreporting). The descriptive analysis shows that 
the impact of misreporting on observed transitions 
between benefit receipt and non-receipt is rather small. 
Misreporting leads to slightly higher dynamics in the 
survey data concerning inflows into and outflows from 
the welfare system. This is explained by the fact that 
most respondents underreport welfare benefit receipt 
for only one period but receive benefits for more than 
one period. This leads to falsely measured inflows 
and outflows. In addition, transitions of the employed 
recipients are more affected by misreporting than the 
transitions of not employed recipients. This is the case 
because employed welfare recipients with relatively 
good labour market prospects tend to underreport wel-
fare benefits more frequently.

To assess the effects of misreporting on the esti-
mates of state dependence, we estimate two commonly 
used dynamic random effects models and compare the 
results. One model is based on the original survey data 
whereas the other uses the survey data where the infor-
mation on welfare receipt is corrected for misreporting 
based on the administrative records. Altogether, the 
results indicate that state dependence in welfare ben-
efits receipt is only slightly underestimated when the 
self-reported welfare measures from the survey data 
are being used. The same holds for true state depend-
ence in the other studied labour market states. Thus, we 
argue that the use of survey data with a similar amount 
of misreporting respondents does not severely bias the 
estimates of state dependence in welfare receipt.
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Table 9 Individual and  household characteristics 
across the linked and unlinked sample (means)

The linked sample describes our final sample for the analysis and estimation 
(N = 21,999). The unlinked sample consists of individuals without consent to 
data linkage or who were not identified in the administrative data. To make 
the sample comparable to our estimation sample, observations from wave 
1, pensioners and young people (< 25 years), pupils, students, civil servants, 
individuals incapable of working and self-employed were removed from the 
sample. Asterisks ***/**/* denote significantly different means between both 
groups at the significance level of 0.001/0.01/0.05 levels

Source: Source: PASS_0614_v1

Linked sample 
(N = 21,999)

Unlinked sample
(N = 10,099)

Age in years 43.63 42.93***

Male 0.43 0.47***

Low education 0.33 0.33

Intermediate education 0.49 0.43***

High education 0.17 0.24***

Health restrictions 0.27 0.24***

Migration background 0.20 0.24***

Partner 0.60 0.65***

Child < 2 years 0.04 0.06***

Child 2 to 3 years 0.07 0.08

Child 4 to 6 years 0.12 0.12

Child 7 to 16 years 0.35 0.32**

Local unemployment rate 
(annual average)

7.80 7.26***

Living in East Germany 0.27 0.22***

Subsample 2 0.44 0.47*
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Table 10 Multinomial logit regression results (PASS)—coefficients

Base category: employment. N = 21,999; M = individual average of covariate, S.E.: Standard errors clustered at the individual level. ***/**/* denote statistical 
significance at the 0.001, 0.01, 0.05 levels, respectively

Source: PASS_0614_v1

Benefit receipt Benefit receipt and employment Inactivity

Coeff. S.E. Coeff. S.E. Coeff. S.E.

Benefit receipt in t−1 5.0089*** 0.1222 3.2356*** 0.1136 2.0559*** 0.1204

Benefit receipt and employment in t−1 3.2084*** 0.1231 3.9670*** 0.1107 0.6272*** 0.1721

Inactivity in t−1 2.7759*** 0.1391 1.1506*** 0.1821 2.9883*** 0.1123

Benefit receipt in t0 1.7534*** 0.1378 0.9284*** 0.1280 1.0638*** 0.1258

Benefit receipt and employment in t0 0.8209*** 0.1412 1.0580*** 0.1317 0.2962 0.1559

Inactivity in t0 1.2149*** 0.1435 0.4815** 0.1512 1.3501*** 0.1130

Population sample − 0.9526*** 0.1080 − 1.0778*** 0.1167 − 0.2895** 0.0931

Age (in years) 0.0152*** 0.0046 0.0290*** 0.0047 0.0024 0.0050

Male 0.0317 0.0750 − 0.2323** 0.0764 − 0.6482*** 0.0782

Intermediate education − 0.6340*** 0.0791 − 0.4815*** 0.0811 − 0.3014*** 0.0837

High education − 1.0814*** 0.1219 − 0.8814*** 0.1227 − 0.5040*** 0.1106

Health restriction 0.5832*** 0.1317 0.0201 0.1392 0.3749** 0.1417

Migration Background 0.1588 0.0883 0.2329** 0.0860 0.2095* 0.0893

Partner in same HH − 1.0662*** 0.2368 − 0.6654** 0.2489 − 0.1677 0.2622

Child < 2 years old 1.2890*** 0.2118 0.7480** 0.2428 1.4878*** 0.1845

Child 2–3 years old 0.4752* 0.2032 0.7053** 0.2154 0.2797 0.1689

Child 4–6 years old 0.0342 0.1842 0.5608** 0.1831 − 0.0322 0.1547

Child 7–16 years old 0.3058 0.1739 0.5866*** 0.1714 − 0.1857 0.1586

Regional unemployment rate 0.0940** 0.0311 0.0928** 0.0308 0.0582 0.0322

Eastern Germany 0.3981 1.0921 0.3123 0.7108 − 1.0114 0.8594

M: Health restriction 0.7814*** 0.1693 0.4949** 0.1750 0.3968* 0.1809

M: Partner in same HH 0.1436 0.2522 − 0.0556 0.2628 0.3880 0.2782

M: Child < 2 years old 0.3083 0.3795 0.0397 0.4074 0.2322 0.3552

M: Child 2–3 years old 0.1600 0.3282 − 0.0200 0.3400 0.0412 0.2910

M: Child 4–6 years old 0.1265 0.2539 − 0.4625 0.2544 0.0538 0.2294

M: Child 7–16 years old − 0.1758 0.1942 − 0.1777 0.1936 0.0678 0.1824

M: Regional unemployment rate 0.0150 0.0301 0.0044 0.0300 − 0.0115 0.0315

M: Eastern Germany − 0.4857 1.0931 − 0.3727 0.7126 0.7945 0.8604

Wave 4 0.4489*** 0.1300 0.5118*** 0.1344 − 0.1953 0.1223

Wave 5 0.0954 0.1222 0.0446 0.1261 − 0.3006* 0.1183

Wave 6 0.1244 0.1249 0.1017 0.1304 − 0.3620** 0.1216

Wave 7 0.2867* 0.1198 0.2216 0.1228 − 0.1799 0.1169

Wave 8 0.3371** 0.1225 0.3311** 0.1270 − 0.2541* 0.1198

RE1/RE2/RE3 1.0000 1.0000 1.0000

Constant − 5.9643*** 0.2915 − 5.5895*** 0.2972 − 3.8094*** 0.2826

Var(RE1)/Var(RE2)/Var(RE3) 0.8546*** 0.2091 0.5998*** 0.1647 0.7568*** 0.1748
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Table 11 Multinomial logit regression results (administrative data)—coefficients

Base category: employment. N = 21,999; M = individual average of covariate, S.E.: Standard errors clustered at the individual level. ***/**/* denote statistical 
significance at the 0.001, 0.01, 0.05 levels, respectively

Source: PASS_0614_v1 & LHG V08,01,00 – 201504

Benefit receipt Benefit receipt and employment Inactivity

Coeff. S.E. Coeff. S.E. Coeff. S.E.

Benefit receipt in t−1 5.3885*** 0.1334 3.7550*** 0.1206 1.9462*** 0.1279

Benefit receipt and employment in t−1 3.3910*** 0.1287 4.1235*** 0.1173 0.1580 0.1933

Inactivity in t−1 2.7994*** 0.1525 1.3004*** 0.2003 3.1399*** 0.1132

Benefit receipt in t0 1.8975*** 0.1653 1.2272*** 0.1496 1.2336*** 0.1422

Benefit receipt and employment in t0 1.0210*** 0.1635 1.3828*** 0.1533 0.4508** 0.1627

Inactivity in t0 0.9596*** 0.1716 0.3729* 0.1807 1.3818*** 0.1203

Population sample − 0.7084*** 0.1091 − 0.8628*** 0.1206 − 0.2343* 0.1011

Age (in years) 0.0138** 0.0047 0.0268*** 0.0049 0.0067 0.0052

Male 0.0564 0.0766 − 0.1551* 0.0785 − 0.6392*** 0.0805

Intermediate education − 0.5762*** 0.0805 − 0.3475*** 0.0816 − 0.2148* 0.0869

High education − 1.0006*** 0.1275 − 0.7386*** 0.1235 − 0.4383*** 0.1147

Health restriction 0.6462*** 0.1337 0.0817 0.1335 0.3410* 0.1444

Migration Background 0.1022 0.0897 0.2026* 0.0865 0.2484** 0.0926

Partner in same HH − 1.3156*** 0.2495 − 0.9690*** 0.2602 − 0.0407 0.2841

Child < 2 years old 1.1945*** 0.2248 0.4638 0.2622 1.4554*** 0.1915

Child 2–3 years old 0.3353 0.1998 0.3674 0.2203 0.1995 0.1771

Child 4–6 years old 0.0623 0.1808 0.4023* 0.1891 − 0.1650 0.1650

Child 7–16 years old 0.2208 0.1881 0.4123* 0.1867 − 0.2075 0.1652

Regional unemployment rate 0.0794* 0.0312 0.0787* 0.0322 0.0783* 0.0331

Eastern Germany 0.5492 1.1227 1.0949 0.8585 − 0.7338 0.8773

M: Health restriction 0.5887*** 0.1703 0.3056 0.1718 0.5467** 0.1825

M: Partner in same HH 0.4448 0.2651 0.2836 0.2747 0.2622 0.3009

M: Child < 2 years old 0.1596 0.4039 0.1642 0.4377 0.4151 0.3719

M: Child 2–3 years old 0.1421 0.3385 − 0.0007 0.3534 0.0857 0.3091

M: Child 4–6 years old 0.2076 0.2538 − 0.1685 0.2605 0.1422 0.2415

M: Child 7–16 years old − 0.1352 0.2078 − 0.1082 0.2071 0.0338 0.1912

M: Regional unemployment rate 0.0205 0.0301 0.0009 0.0313 − 0.0367 0.0324

M: Eastern Germany − 0.6178 1.1229 − 1.1527 0.8605 0.4738 0.8797

Wave 4 0.2708* 0.1306 0.3686** 0.1311 − 0.0677 0.1275

Wave 5 − 0.1063 0.1263 − 0.1123 0.1269 − 0.1505 0.1241

Wave 6 0.0782 0.1288 0.1214 0.1315 − 0.2549* 0.1292

Wave 7 0.1968 0.1230 0.1756 0.1258 − 0.0631 0.1230

Wave 8 0.1144 0.1263 0.0979 0.1302 − 0.1333 0.1254

RE1/RE2/RE3 1.0000 1.0000 1.0000

Constant − 6.0222*** 0.3056 − 5.7467*** 0.3081 − 4.2602*** 0.3011

Var(RE1)/Var(RE2)/Var(RE3) 0.7310*** 0.2179 0.6618*** 0.1799 0.7087*** 0.1796
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Table 12 Average partial effects on the probability to receive welfare benefits in t (bivariate results)

(1) Full sample, unweighted, (2) full sample, unweighted with population sample dummy (3) population sample only, unweighted (4) full sample, weighted; 
M = individual average of covariate, S.E.: Standard errors clustered at the individual level in parantheses. ***/**/* denote statistical significance at the 0.001, 0.01, 0.05 
levels, respectively. Source: PASS_0614_v1

PASS IEB

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

APE APE APE APE APE APE APE APE

Benefit receipt in t−1 0.563***
(0.017)

0.521***
(0.017)

0.381***
(0.058)

0.389***
(0.033)

0.582***
(0.018)

0.556***
(0.018)

0.421***
(0.066)

0.419***
(0.034)

Benefit receipt in t0 0.095***
(0.008)

0.068***
(0.007)

0.066***
(0.016)

0.060***
(0.009)

0.115***
(0.010)

0.087***
(0.009)

0.056***
(0.016)

0.054***
(0.007)

Age (in years) 0.001***
(0.000)

0.001***
(0.000)

0.000
(0.000)

0.000
(0.000)

0.001**
(0.000)

0.001***
(0.000)

0.000
(0.000)

0.000
(0.000)

Male 0.003
(0.004)

0.003
(0.004)

− 0.003
(0.003)

0.000
(0.003)

0.006
(0.004)

0.006
(0.004)

0.000
(0.003)

0.000
(0.003)

Intermediate education − 0.040***
(0.005)

− 0.039***
(0.005)

− 0.017***
(0.004)

− 0.015***
(0.003)

− 0.031***
(0.004)

− 0.031***
(0.004)

− 0.014***
(0.004)

− 0.008*
(0.003)

High education − 0.069***
(0.007)

− 0.066***
(0.007)

− 0.025***
(0.005)

− 0.029***
(0.004)

− 0.054***
(0.007)

− 0.053***
(0.007)

− 0.023***
(0.005)

− 0.023***
(0.004)

Health restriction 0.016*
(0.008)

0.017*
(0.008)

0.006
(0.006)

0.007
(0.006)

0.017*
(0.007)

0.018*
(0.007)

0.005
(0.006)

0.005
(0.005)

Migration Background 0.014**
(0.005)

0.010*
(0.005)

0.007
(0.004)

0.011**
(0.004)

0.008
(0.005)

0.006
(0.005)

0.005
(0.004)

0.008*
(0.004)

Partner in same HH − 0.058***
(0.015)

− 0.058***
(0.015)

− 0.013
(0.010)

− 0.022*
(0.009)

− 0.071***
(0.016)

− 0.071***
(0.015)

− 0.022
(0.013)

− 0.040**
(0.015)

Child < 2 years old 0.040**
(0.013)

0.037**
(0.013)

0.006
(0.011)

0.034*
(0.016)

0.030*
(0.012)

0.028*
(0.012)

0.004
(0.011)

0.026
(0.015)

Child 2–3 years old 0.038**
(0.012)

0.039**
(0.012)

0.027*
(0.012)

0.023*
(0.011)

0.025*
(0.011)

0.025*
(0.011)

0.029*
(0.014)

0.010
(0.008)

Child 4–6 years old 0.021*
(0.010)

0.019
(0.010)

0.004
(0.008)

0.020
(0.012)

0.020*
(0.009)

0.018
(0.010)

0.013
(0.010)

0.007
(0.006)

Child 7–16 years old 0.034***
(0.009)

0.034***
(0.009)

− 0.002
(0.007)

0.007
(0.007)

0.024*
(0.010)

0.024*
(0.010)

0.013
(0.008)

− 0.003
(0.007)

Regional unemployment rate 0.006***
(0.002)

0.006**
(0.002)

0.001
(0.002)

0.000
(0.001)

0.004*
(0.002)

0.004*
(0.002)

0.000
(0.002)

0.000
(0.001)

Eastern Germany 0.051
(0.055)

0.051
(0.055)

− 0.016
(0.009)

0.010
(0.015)

0.059
(0.054)

0.058
(0.053)

− 0.016
(0.010)

0.001
(0.019)

M: Health restriction 0.050***
(0.009)

0.048***
(0.009)

0.017*
(0.007)

0.012*
(0.006)

0.036***
(0.009)

0.034***
(0.009)

0.015*
(0.007)

0.011*
(0.005)

M: Partner in same HH − 0.013
(0.014)

− 0.005
(0.014)

− 0.008
(0.009)

− 0.005
(0.007)

0.008
(0.013)

0.012
(0.014)

− 0.003
(0.010)

0.003
(0.008)

M: Child < 2 years old 0.006
(0.022)

0.010
(0.022)

0.005
(0.017)

− 0.027
(0.015)

− 0.003
(0.022)

0.002
(0.022)

− 0.004
(0.019)

− 0.011
(0.014)

M: Child 2–3 years old 0.010
(0.019)

0.007
(0.019)

− 0.025
(0.013)

− 0.009
(0.014)

0.003
(0.018)

0.003
(0.018)

− 0.021
(0.015)

− 0.011
(0.015)

M: Child 4–6 years old − 0.014
(0.014)

− 0.009
(0.014)

0.013
(0.010)

− 0.007
(0.008)

− 0.004
(0.013)

0.000
(0.013)

0.007
(0.011)

0.017
(0.011)

M: Child 7–16 years old − 0.017
(0.010)

− 0.016
(0.010)

− 0.002
(0.008)

− 0.005
(0.007)

− 0.012
(0.010)

− 0.011
(0.011)

− 0.011
(0.007)

0.009
(0.008)

M: Regional unemployment rate 0.001
(0.002)

0.001
(0.002)

0.002
(0.002)

0.002*
(0.001)

0.001
(0.002)

0.001
(0.002)

0.003
(0.002)

0.003*
(0.001)

M: Eastern Germany − 0.048
(0.052)

− 0.053
(0.052)

0.014
(0.010)

− 0.004
(0.014)

− 0.057
(0.049)

− 0.057
(0.049)

0.015
(0.011)

0.001
(0.019)

Population sample dummy − 0.072***
(0.007)

− 0.050***
(0.006)

N 21,999 21,999 9680 21,999 21,999 21,999 9680 21,999
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Table 13 Average partial effects of all explanatory variables on the probability to be in a given state in t (PASS)

N = 21,999; M = individual average of covariate, S.E.: Standard errors clustered at the individual level

***/**/* denote statistical significance at the 0.001, 0.01, 0.05 levels, respectively

Source: PASS_0614_v1

Benefit receipt Benefit receipt 
and employment

Inactivity Employment

APE S.E. APE S.E. APE S.E. APE S.E.

Benefit receipt in t−1 0.4228*** 0.0184 0.0884*** 0.0096 0.0240** 0.0093 − 0.5352*** 0.0207

Benefit receipt and employment in t−1 0.1192*** 0.0106 0.3484*** 0.0181 − 0.0237*** 0.0071 − 0.4439*** 0.0194

Inactivity in t−1 0.1162*** 0.0121 0.0022 0.0076 0.2752*** 0.0204 − 0.3936*** 0.0209

Benefit receipt in t0 0.0902*** 0.0087 0.0027 0.0076 0.0306*** 0.0067 − 0.1234*** 0.0110

Benefit receipt and employment in t0 0.0214* 0.0086 0.0501*** 0.0087 0.0006 0.0066 − 0.0721*** 0.0105

Inactivity in t0 0.0556*** 0.0092 − 0.0101 0.0086 0.0631*** 0.0070 − 0.1086*** 0.0103

Population sample − 0.0330*** 0.0065 − 0.0368*** 0.0060 0.0025 0.0048 0.0672*** 0.0075

Age (in years) 0.0001 0.0003 0.0013*** 0.0002 − 0.0002 0.0002 − 0.0012*** 0.0003

Male 0.0174*** 0.0043 − 0.0126** 0.0040 − 0.0307*** 0.0034 0.0258*** 0.0048

Intermediate education − 0.0258*** 0.0045 − 0.0092* 0.0043 − 0.0050 0.0040 0.0400*** 0.0056

High education − 0.0424*** 0.0071 − 0.0197** 0.0064 − 0.0077 0.0052 0.0698*** 0.0078

Health restriction 0.0358*** 0.0076 − 0.0186** 0.0068 0.0115 0.0071 − 0.0287** 0.0094

Migration Background 0.0010 0.0050 0.0086 0.0046 0.0075 0.0043 − 0.0172** 0.0058

Partner in same HH − 0.0538*** 0.0140 − 0.0087 0.0131 0.0092 0.0128 0.0533** 0.0176

Child < 2 years old 0.0450** 0.0147 − 0.0035 0.0140 0.0725*** 0.0148 − 0.1140*** 0.0153

Child 2–3 years old 0.0063 0.0132 0.0295* 0.0142 0.0047 0.0083 − 0.0405** 0.0124

Child 4–6 years old − 0.0157 0.0114 0.0362** 0.0120 − 0.0046 0.0069 − 0.0159 0.0108

Child 7–16 years old 0.0049 0.0107 0.0282** 0.0102 − 0.0152* 0.0071 − 0.0178 0.0104

Regional unemployment rate 0.0029 0.0017 0.0026 0.0016 0.0013 0.0015 − 0.0067*** 0.0020

Eastern Germany 0.0302 0.0631 0.0111 0.0352 − 0.0515 0.0347 0.0102 0.0570

M: Health restriction 0.0335*** 0.0090 0.0047 0.0087 0.0076 0.0083 − 0.0458*** 0.0115

M: Partner in same HH 0.0066 0.0137 − 0.0094 0.0132 0.0176 0.0129 − 0.0148 0.0171

M: Child < 2 years old 0.0170 0.0216 − 0.0080 0.0214 0.0074 0.0160 − 0.0164 0.0247

M: Child 2–3 years old 0.0111 0.0189 − 0.0063 0.0179 0.0001 0.0133 − 0.0049 0.0205

M: Child 4–6 years old 0.0221 0.0149 − 0.0323* 0.0136 0.0030 0.0107 0.0072 0.0154

M: Child 7–16 years old − 0.0075 0.0116 − 0.0058 0.0106 0.0063 0.0085 0.0070 0.0118

M: Regional unemployment rate 0.0010 0.0017 − 0.0001 0.0015 − 0.0008 0.0015 − 0.0001 0.0020

M: Eastern Germany − 0.0321 0.0609 − 0.0114 0.0343 0.0471 0.0399 − 0.0036 0.0583

Wave 4 0.0176* 0.0071 0.0188** 0.0067 − 0.0187** 0.0062 − 0.0177* 0.0082

Wave 5 0.0092 0.0067 0.0013 0.0061 − 0.0175** 0.0060 0.0070 0.0079

Wave 6 0.0103 0.0070 0.0040 0.0065 − 0.0210*** 0.0061 0.0067 0.0079

Wave 7 0.0155* 0.0067 0.0056 0.0061 − 0.0147* 0.0061 − 0.0064 0.0077

Wave 8 0.0165* 0.0068 0.0111 0.0063 − 0.0194** 0.0061 − 0.0082 0.0079
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Table 14 Average partial effects of all explanatory variables on the probability to be in a given state in t (administrative 
data)

N = 21,999; M = individual average of covariate, S.E.: Standard errors clustered at the individual level

***/**/* denote statistical significance at the 0.001, 0.01, 0.05 levels, respectively

Source: PASS_0614_v1 & LHG V08,01,00 – 201504

Benefit receipt Benefit receipt 
and employment

Inactivity Employment

APE S.E. APE S.E. APE S.E. APE S.E.

Benefit receipt in t−1 0.4543*** 0.0201 0.1189*** 0.0109 0.0077 0.0092 − 0.5810*** 0.0220

Benefit receipt and employment in t−1 0.1307*** 0.0105 0.3550*** 0.0182 − 0.0361*** 0.0066 − 0.4496*** 0.0201

Inactivity in t−1 0.1021*** 0.0126 0.0070 0.0082 0.3087*** 0.0216 − 0.4178*** 0.0217

Benefit receipt in t0 0.0892*** 0.0104 0.0154 0.0091 0.0366*** 0.0073 − 0.1412*** 0.0131

Benefit receipt and employment in t0 0.0208* 0.0100 0.0683*** 0.0100 0.0050 0.0066 − 0.0941*** 0.0120

Inactivity in t0 0.0416*** 0.0114 − 0.0093 0.0105 0.0654*** 0.0073 − 0.0977*** 0.0114

Population sample − 0.0181** 0.0066 − 0.0309*** 0.0067 0.0000 0.0047 0.0490*** 0.0072

Age (in years) − 0.0001 0.0003 0.0012*** 0.0003 0.0001 0.0002 − 0.0012*** 0.0003

Male 0.0161*** 0.0043 − 0.0100* 0.0042 − 0.0281*** 0.0033 0.0220*** 0.0046

Intermediate education − 0.0257*** 0.0045 − 0.0012 0.0044 − 0.0025 0.0038 0.0293*** 0.0052

High education − 0.0391*** 0.0074 − 0.0115 0.0069 − 0.0067 0.0051 0.0573*** 0.0074

Health restriction 0.0393*** 0.0076 − 0.0197** 0.0069 0.0086 0.0066 − 0.0282** 0.0087

Migration Background − 0.0029 0.0049 0.0087 0.0047 0.0097* 0.0042 − 0.0155** 0.0056

Partner in same HH − 0.0603*** 0.0148 − 0.0188 0.0143 0.0174 0.0130 0.0617*** 0.0180

Child < 2 years old 0.0487*** 0.0145 − 0.0205 0.0138 0.0691*** 0.0142 − 0.0973*** 0.0151

Child 2–3 years old 0.0076 0.0130 0.0113 0.0139 0.0042 0.0079 − 0.0231* 0.0115

Child 4–6 years old − 0.0092 0.0113 0.0258* 0.0122 − 0.0092 0.0065 − 0.0073 0.0101

Child 7–16 years old 0.0023 0.0112 0.0201 0.0109 − 0.0129 0.0069 − 0.0095 0.0103

Regional unemployment rate 0.0018 0.0017 0.0020 0.0017 0.0024 0.0014 − 0.0062** 0.0020

Eastern Germany 0.0045 0.0632 0.0579 0.0501 − 0.0400 0.0319 − 0.0223 0.0592

M: Health restriction 0.0239** 0.0090 − 0.0032 0.0089 0.0173* 0.0077 − 0.0380*** 0.0107

M: Partner in same HH 0.0177 0.0142 0.0016 0.0141 0.0061 0.0130 − 0.0254 0.0169

M: Child < 2 years old 0.0008 0.0219 0.0035 0.0232 0.0164 0.0155 − 0.0206 0.0248

M: Child 2–3 years old 0.0089 0.0191 − 0.0055 0.0192 0.0024 0.0133 − 0.0058 0.0198

M: Child 4–6 years old 0.0188 0.0147 − 0.0190 0.0146 0.0049 0.0104 − 0.0047 0.0147

M: Child 7–16 years old − 0.0058 0.0121 − 0.0023 0.0116 0.0033 0.0083 0.0048 0.0118

M: Regional unemployment rate 0.0018 0.0016 − 0.0005 0.0016 − 0.0019 0.0014 0.0006 0.0019

M: Eastern Germany − 0.0061 0.0604 − 0.0548 0.0443 0.0320 0.0363 0.0289 0.0591

Wave 4 0.0060 0.0066 0.0148* 0.0065 − 0.0075 0.0056 − 0.0133 0.0075

Wave 5 − 0.0017 0.0067 − 0.0029 0.0065 − 0.0055 0.0058 0.0102 0.0076

Wave 6 0.0037 0.0071 0.0060 0.0069 − 0.0128* 0.0058 0.0030 0.0078

Wave 7 0.0080 0.0067 0.0046 0.0066 − 0.0058 0.0057 − 0.0068 0.0075

Wave 8 0.0058 0.0069 0.0028 0.0068 − 0.0078 0.0058 − 0.0008 0.0077



Page 20 of 21Bruckmeier et al. J Labour Market Res           (2018) 52:16 

Table 15 Average partial effects of  all explanatory variables on  the  probability to  be in  a  given state in  t (PASS 
including individuals without consent to data linkage or not found in administrative data)

N = 28,034; M = individual average of covariate, S.E.: Standard errors clustered at the individual level

***/**/* denote statistical significance at the 0.001, 0.01, 0.05 levels, respectively

Source: PASS_0614_v1

Benefit receipt Benefit receipt 
and employment

Inactivity Employment

APE S.E. APE S.E. APE S.E. APE S.E.

Benefit receipt in t−1 0.4005*** 0.0165 0.0827*** 0.0087 0.0305*** 0.0088 − 0.5136*** 0.0188

Benefit receipt and employment in t−1 0.1144*** 0.0095 0.3184*** 0.0160 − 0.0233*** 0.0065 − 0.4096*** 0.0176

Inactivity in t−1 0.1140*** 0.0104 0.0040 0.0068 0.2615*** 0.0173 − 0.3796*** 0.0180

Benefit receipt in t0 0.0881*** 0.0078 0.0047 0.0068 0.0322*** 0.0063 − 0.1250*** 0.0103

Benefit receipt and employment in t0 0.0210** 0.0077 0.0481*** 0.0078 − 0.0039 0.0060 − 0.0652*** 0.0097

Inactivity in t0 0.0532*** 0.0083 − 0.0104 0.0075 0.0654*** 0.0065 − 0.1081*** 0.0094

Population sample − 0.0365*** 0.0058 − 0.0426*** 0.0052 0.0059 0.0043 0.0732*** 0.0068

Age (in years) 0.0002 0.0002 0.0012*** 0.0002 0.0000 0.0002 − 0.0014*** 0.0003

Male 0.0161*** 0.0038 − 0.0119*** 0.0035 − 0.0360*** 0.0031 0.0318*** 0.0044

Intermediate education − 0.0256*** 0.0040 − 0.0069 0.0038 − 0.0090* 0.0037 0.0415*** 0.0051

High education − 0.0417*** 0.0061 − 0.0225*** 0.0055 − 0.0115* 0.0047 0.0757*** 0.0069

Health restriction 0.0362*** 0.0067 − 0.0194** 0.0061 0.0135* 0.0065 − 0.0303*** 0.0085

Migration Background 0.0058 0.0044 0.0104* 0.0040 0.0080* 0.0039 − 0.0241*** 0.0053

Partner in same HH − 0.0489*** 0.0122 − 0.0093 0.0113 0.0154 0.0112 0.0428** 0.0151

Child < 2 years old 0.0382** 0.0127 − 0.0013 0.0125 0.0758*** 0.0140 − 0.1127*** 0.0145

Child 2–3 years old 0.0074 0.0113 0.0209 0.0121 0.0052 0.0078 − 0.0334** 0.0115

Child 4–6 years old − 0.0122 0.0097 0.0268* 0.0104 − 0.0050 0.0065 − 0.0096 0.0100

Child 7–16 years old 0.0032 0.0093 0.0204* 0.0092 − 0.0151* 0.0065 − 0.0084 0.0098

Regional unemployment rate 0.0033** 0.0012 0.0011 0.0013 0.0014 0.0012 − 0.0059*** 0.0014

Eastern Germany 0.0494 0.0419 − 0.0271 0.0316 − 0.0154 0.0340 − 0.0068 0.0504

M: Health restriction 0.0373*** 0.0079 0.0053 0.0077 0.0021 0.0074 − 0.0447*** 0.0102

M: Partner in same HH 0.0014 0.0120 − 0.0064 0.0115 0.0117 0.0115 − 0.0067 0.0151

M: Child < 2 years old 0.0387* 0.0181 − 0.0188 0.0184 0.0050 0.0145 − 0.0249 0.0222

M: Child 2–3 years old 0.0062 0.0159 0.0020 0.0154 0.0019 0.0116 − 0.0101 0.0182

M: Child 4–6 years old 0.0178 0.0127 − 0.0247* 0.0122 0.0045 0.0096 0.0024 0.0143

M: Child 7–16 years old − 0.0016 0.0101 0.0009 0.0097 0.0085 0.0077 − 0.0077 0.0111

M: Regional unemployment rate 0.0006 0.0013 0.0012 0.0013 − 0.0009 0.0012 − 0.0010 0.0015

M: Eastern Germany − 0.0495 0.0408 0.0312 0.0337 0.0052 0.0367 0.0131 0.0516

Wave 4 0.0177** 0.0061 0.0179** 0.0059 − 0.0195*** 0.0054 − 0.0161* 0.0072

Wave 5 0.0086 0.0059 0.0005 0.0054 − 0.0185*** 0.0053 0.0093 0.0070

Wave 6 0.0122* 0.0060 0.0015 0.0055 − 0.0152** 0.0054 0.0016 0.0068

Wave 7 0.0123* 0.0058 0.0038 0.0053 − 0.0133* 0.0053 − 0.0027 0.0066

Wave 8 0.0142* 0.0059 0.0083 0.0056 − 0.0186*** 0.0053 − 0.0039 0.0069
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