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Abstract

This paper investigates measurement error using a German linked survey-
administrative dataset. By contributing to a small branch of the litera-
ture that allows the possibility of erroneous earnings from both sides of a
linked survey-administrative dataset, this study provides a replication of
two previously proposed versions of a representation of different combi-
nations of (correct and incorrect) survey and administrative earnings in
a finite mixture model. Additionally, the paper investigates the robust-
ness of the results with respect to the empirical choice of what tolerance
for the differences between to earnings measures should be accepted to
consider them close enough to represent the true earnings. While the
estimated distributions of true earnings and error types are relatively
robust to the choice of the accepted tolerances, substantial differences
in the estimated latent class probabilities are elicited, which highlights
the importance of robustness checks for the choice of a tolerance level
with alternative values above and below the one chosen in any future
study.

1 Introduction
While it is commonly acknowledged that self-reported earnings from surveys
are prone to bias and erroneous measurement, the literature on measurement
error in earnings remains divided on whether administrative data sources can
be a remedy for errors-in-variable or are potentially error-prone themselves.
The literature on measurement error of labor earnings can thus be divided
into two main branches. The first contains studies which assume that admin-
istrative records provide error-free measures of earnings, and in linked data
sets, the administrative measurement can either validate or falsify the self-
reported survey measurement of earnings. The term validation studies has
been coined for investigations adopting this assumption. Seminal studies in
this branch include Bound and Krueger (1991); Bound et al. (1994) and Pis-
chke (1995). These studies use linked data that consists of a survey component
and some form of administrative record - employer-kept payroll records, social
security or tax records represent the the most commonly linked validation



sources. The second –newer and smaller– branch of the literature does not use
the assumption of administrative records providing accurate measures of true
earnings. Initial studies, pioneered by Kapteyn and Ypma (2007), focused on
the probability of error introduced through the linkage process that matches
administrative records to the survey respondents and their self-reported earn-
ings. This approach was recently extended to include the probability of inher-
ent measurement error in administrative records, even in the case of correctly
conducted matches (Jenkins and Rios-Avila, 2023b). What unites the studies
regardless of their assumption on the types of error in administrative earnings
(only linkage error versus linkage error and genuine mismeasurement) is their
representation of earnings and the probability of measurement error in (finite)
mixture models, also known as latent class models.

The present paper contributes to the second branch of the literature and
is the first to investigate of measurement error in earnings, allowing for error
in both components of a linked survey-administrative dataset from Germany.
For German data, there are only two investigations of measurement error so
far. Both Valet et al. (2018) and Gauly et al. (2019) are validation studies, so
that there is no analysis for German data that allows the possibility of error
in administrative data as well. Secondly, this study replicates of the analysis
that Kapteyn and Ypma (2007) performed using a Swedish sample of older
individuals (ages 50 and up). The present study can supplement their analysis
by providing estimates from a sample that incorporates a broader range of
ages, as the German data used in the present study does not impose any age
restrictions for the adult respondents. The seminal innovation of the Kapteyn
and Ypma (2007) model was its incorporation of the possibility of linkage error
in the administrative data. We also provide a replication of the model exten-
sion of Jenkins and Rios-Avila (2023b), in which linkage error and genuine
mismeasurement in administrative earnings are allowed, which has not been
replicated previously. This paper also contributes to the field by providing
empirical evidence on the consequences of a decision that has to be made in
order to estimate any of these models that frame earnings observations as a
finite mixture model: The tolerance with which two earnings measurements
are deemed sufficiently close to be considered equal, or at least sufficiently
close to each other, is a necessary assumption for identifying the group of the
mixture that contains the error-free earning pairs. This paper investigates the
robustness of results in the face of different tolerance assumptions and whether
estimation results are dependent on the choice of accepted tolerance.

In Section 2, the literature that deals specifically with error sources in
earnings on both sides of linked data is presented to provide an overview. The
finite mixture model estimated in this paper using ML estimation is described
in Section 3. A brief description of the linked survey-administrative data
used in the estimation is provided in Section 4, before estimation results are
presented in section 5. Section 6 concludes and provides an outlook on further
research.



2 Literature
Existing literature on the field of measurement error in earnings can be divided
in terms of their approach to conceptualization of the measurement error. The
field is united in assuming that there is potential for erroneous earnings reports
in surveys beyond classical error, which is incorporated in standard models as
an additive, independent error term with constant variance. The discern-
ing factor lies in the attitude studies express toward matched administrative
data (from company payroll or government agencies) and the validity of the
earnings information they report. The first branch of the literature uses ad-
ministrative earnings as a source of validation of the earnings measured in a
survey. The most common validation sources are governmental administrative
records, ranging from income tax to social security records. All studies which
assume that administrative earnings are error-free, and hence represent true
earnings, are referred to as validation studies. The second branch of the mea-
surement error literature considers there to be at least some degree of error
in administrative earnings measurements. In essence, these studies consider
the administrative earnings to be mainly a second, potentially erroneous mea-
surement from a different source. These studies are referred to as second-wave
studies (Jenkins and Rios-Avila, 2023b).

The initial study which not only acknowledges the inherent error potential
of both income measurements, but incorporates it in their econometric model,
is from Kapteyn and Ypma (2007). They can be considered the founders of
the second wave of studies by incorporating the possibility of errors in both
measurements of earnings. Beyond earnings, their Swedish subsample of the
Survey on Health, Ageing and Retirement in Europe (SHARE) linked to the
Swedish registers also allows for considering measurement error in pensions and
the amount of taxes paid. For the administrative side, they consider earnings
(and pensions and tax) information to be either correct or incorrect, due to
linkage error from matching an incorrect person’s record to a survey observa-
tion. They do not, however, incorporate inherent mismeasurement of earnings
in records on the administrative side. Another investigation of the same linked
Swedish data as in Kapteyn and Ypma (2007) is conducted by Meijer et al.
(2012). They further investigate the proposed model and show that in the
presence of even a small probability of linkage error in administrative records,
the survey data delivers more reliable estimates, where the reliability of a data
source is measured as the normalized squared correlation of true earnings and
the observed earnings measure.

The full Kapteyn and Ypma model, although laying the foundation for
the literature branch considering the faultiness of earnings reports from either
source in linked data, is not without criticism. Bee and Rothbaum (2019)
hypothesize that including the probability of misreported earnings in adminis-
trative data would lower the size their estimates on linkage error. They imply
that in the Kapteyn and Ypma (2007) model, in the absence of a possible



misspecification error in administrative earnings, estimates on linkage error in
the administrative data capture misspecification as well, hence inflating the
estimate on linkage error. They hypothesize that including the probability of
erroneous administrative earnings measurement, beyond linkage error, would
reduce the estimates of mis-linkage. In estimating their bivariate (finite) mix-
ture model, Kapteyn and Ypma (2007) define the first distribution as the one
which contains correct observations, i.e. representing the true earnings. A pair
of administrative and survey earnings is labelled as part of that group if their
absolute difference is tolerable, where the tolerance is defined as 1000 Swedish
Crowns per year. By determining this tolerance, they assume that 14.8% of
their sample provides error-free earnings. Thus, these observations are defined
as part of the first group, from which the distribution of true earnings is esti-
mated. Jenkins and Rios-Avila (2020) criticize that 14.8% is too large a share
to assume to be free of error. They propose a different formulation for the
tolerance, where the absolute difference in logarithmized earnings is used to
re-estimate the Kapteyn and Ypma full model and replicate it with different,
mostly smaller, tolerances. Using UK linked data, they find that robustness
issues arise for smaller tolerances.

Jenkins and Rios-Avila (2023b) address the criticism from Bee and Roth-
baum (2019) and extend the model initially formulated by ? to include the
possibility of (correctly linked) administrative earnings records being subject to
inherent misreporting. In essence, administrative earnings records are reported
to the authorities for official purposes such as tax collection, unemployment
insurance or retirement calculation by some non-official source, often by the
employer. This extension increases the number of latent classes for the mixture
model from six, in Kapteyn and Ypma (2007), to a total of nine. See section
3 for a detailed description of the model. As in the estimation of Kapteyn
and Ypma (2007), an assumption about the tolerance applied to determine
which observations are considered to provide (almost) correct earnings has to
be made. While Jenkins and Rios-Avila (2023b) continue to use the tolerance
definition introduced in their replication of the original Kapteyn and Ypma
model, they fail to provide sufficient robustness checks of their tolerance as-
sumption for the extension of the original model that they themselves propose.

Abowd and Stinson (2013) present an approach to dealing with the possibly
erroneous nature of both measurements of earnings, but it does not directly
compare to other studies in the field, as it does not include a concept of (unob-
served) true earnings. The two measurements earnings provided by their US
dataset (survey component: Survey of Income an Program Participation by
the US Census Bureau, administrative part: Detailed Earnings Record from
the Social Security Administration) are weighted using a weighting vector of
length two. Different variations of the weighting vector are used for estima-
tion, essentially depicting an individual’s earnings as a weighted mean of two
measurements from different sources. Consequently, this approach only al-
lows for the weighted earnings measure to lie within the bounds of the two



measurements. This does not account for the possibility that, in light of two
erroneous measurements, the true earnings, although not explicitly conceptu-
alized, might be larger or smaller than both measurements.

Bingley and Martinello (2017) investigate measurement error in income
and schooling for the estimation of ordinary least squares (OLS) and instru-
mental variables (IV) regression using the Danish subsample of the Survey
of Health, Ageing and Retirement (SHARE) and a corresponding linkage to
Danish administrative registers. As mentioned above, SHARE only collects
data for the population from 50 years of age, hence resulting in a bottom-
censored sample with respect to age, like Kapteyn and Ypma (2007). Bingley
and Martinello (2017) argue that (implicitly) assuming classical measurement
error with additive, independent error and constant variance is convenient,
since instrumental variable estimator are robust to classical measurement er-
ror in explanatory variables. In allowing measurement error in their supposed
validation measurement of income, they find that the negative correlation of
reported (gross annual) income and measurement error, which has been es-
tablished as a central feature by previous validation studies like Bound and
Krueger (1991) and Bound et al. (1994), does not occur in their data. They
conclude that previous findings of the pattern called mean-reversion might be
the result of erroneous validation data.

3 Methods
This section presents the model of Jenkins and Rios-Avila (2023b). It is an ex-
tended version of the model initially formulated by Kapteyn and Ypma (2007).
The full model of the latter (and any restriction imposed there) is included in
the formulation of the model and can be viewed as a special case of the ex-
tended model.

The logarithm of true, unobserved earnings is defined as ξi for individual i.
It is assumed to be normally distributed according to ξi ∼ N

(
µξ, σ

2
ξ

)
, where

µ and σ represent the mean and standard deviation of the distribution. True
earnings cannot be observed directly. Instead, two measurements of earnings
are made for each individual. One stems from a survey and the other one from
linked administrative records.

Survey earnings of an individual i are denoted as si. Equation 1 summarizes
the three possible types of observation that make up the survey measurement
of earnings. They can be correctly measured (type S1), which means they
represent the true earnings ξi with probability πs. Or, in cases of erroneous
measurement, which take place with probability 1 − πs, the survey measure-
ment of earnings consists of mean-reverting error with ρs representing the
correlation of error and true earnings, and error term ηi (type S2). Additional
contamination error, also referred to as reference period error, denoted ωi, af-



fects (erroneous) observations with probability πω. In the initial formulation
of the model by Kapteyn and Ypma (2007), ω was considered to represent con-
tamination. However, little explanation is provided beyond that it is supposed
to capture erroneous reports resulting, for example, from misreporting yearly
earnings as monthly or vice versa, omitting a job, or reporting employment
that did not last throughout the entire year when providing annual earnings.
Ultimately, contamination is used to differentiate between conceptual mismea-
surement and other types of errors (due to social desirability, lack of adequate
recall, rounding etc.). The type of contaminated observation to which type S3
refers was later framed as reference period error in the survey-reported measure
of earnings by Jenkins and Rios-Avila (2023b).

si =


ξi with prob. πs (type S1)
ξi + ρs(ξi − µξ) + ηi with prob. (1− πs)(1− πω) (type S2)
ξi + ρs(ξi − µξ) + ηi + ωi with prob. (1− πs)πω (type S3)

(1)

Earnings from administrative records for an individual are denoted as ri.
The administrative earnings measure can be free of error (with probability πυ)
and linked correctly (with probability πr), thus equalling true earnings (type
R1). Alternatively, administrative earnings can contain an erroneous measure-
ment of earnings inherent to the record (type R2), where υi denotes that error
and ρr is the correlation analogously defined to ρs above. The presence of
linkage error is covered by observations of type R3 (with probability 1 − πr).
A linkage error in administrative data is the result of earnings not belong-
ing to the survey respondent, but to the records of another person from the
record base, who might not necessarily belong to the survey sample. Equa-
tion 2 summarizes the mixture of three types for the administrative earnings
measurement:

ri =


ξi with prob. πrπυ (type R1)
ξi + ρr(ξi − µξ) + υi with prob. πr(1− πυ) (type R2)
ζi with prob. (1− πr)πυ (type R3)

(2)

In summary, each observation (si, ri) consists of two earnings measurements
- one from a survey and one from administrative records. As each measurement
can potentially be of three types (S1-S3 or R1-R3); there is thus a total of nine
possible combinations j = 1, · · · , 9 of administrative and survey measurement
from which an observation can arise. These nine combinations of observation
types make up the latent classes in the mixture model of earnings. The latent
class probabilities are denoted as πj and the density of earnings in each class
as fj(ri, si). Refer to Table 1 for an overview of the nine classes.

Some assumptions of normality are made to facilitate fitting the maximum
likelihood estimation of the model. Distributionally, it is assumed that ζi, ηi



and υi are each independently normally distributed, while true earnings, ξi,
and contamination from reference period error, ωi, are bivariate normal, so
that distributional features can be summarized as follows:(

ξi
ωi

)
∼ N

((
µξ

µω

)
,

(
σ2
ξ ρωσξσω

ρωσξσω σ2
ω

))
,

ζi ∼ N
(
µζ , σ

2
ζ

)
, ηi ∼ N

(
µη, σ

2
η

)
, and νi ∼ N

(
µν , σ

2
ν

)
,

(3)

where µ denotes the mean, and σ the standard deviation of a distribution. ρω is
the correlation of true earnings and contamination from reference period error.

The fitting of the finite mixture model is done by maximum likelihood.
The log-likelihood function of the model is maximized based on assumptions
made on the first class, i.e. the group of correctly measured information,
where si = ri = ξi, i.e. the pair of observations is of type (R1, S1). In
practice, it seems unlikely that the exact measurement will be made in both
earnings measurements, especially if survey questionnaires restrict responses
to integers. Empirically, a range of tolerance needs to be defined, within which
two measurements of earnings are close enough to be considered approximately
equal. Kapteyn and Ypma (2007) define a tolerance of 1000 SEK (Swedish
Crowns) per year, equivalent to around 90 Euros at an exchange rate of 1
Euro = 11 SEK, for which observations are defined to be sufficiently close to
each other. Observations fulfilling this criterion are referred to as "completely
labelled" (Redner and Walker, 1984). Under this assumption, membership of
the first class consisting of observations from type (R1, S1) is known and fully
observable, rather than latent. The parameters of the (normal) distribution
of true earnings ξi are thus identified through the first group of observations.
The log-likelihood function of the mixture can thus be expressed as

logLi(θ,Π) =

n1∑
i=1

π1 log{f1(ξi | θ)}+
N∑

i=n1+1

log

(
9∑

j=2

πjfj(ri, si | θ)

)
, (4)

where i = 1, · · · , n1 are the completely labelled observations and i = (n1 +
1), · · · , N are the remaining ones that belong to one of the remaining eight
genuinely latent classes. θ is the vector of parameters for each latent class dis-
tribution and Π contains the probabilities πs, πr, πω, πυ, which ultimately make
up the class probabilities πj as displayed in Table 1 (Jenkins and Rios-Avila,
2023a).

A share of 14.8% of the observations of yearly earnings in Kapteyn and
Ypma (2007) fall within their definition of "close-enough" observations to rep-
resent true earnings. Jenkins and Rios-Avila (2023b) argue that 14.8% is a
fairly large share of observations that are considered reasonably correct. Ac-
cordingly, they instead introduce the threshold of |ri − si| < 0.005.1 The
importance of reference period error for UK data, as used by Jenkins and

1While stating in the published paper that this inequality is defined as |ri − si|<0.005,



Rios-Avila (2023b), might lie in the different culture regarding pay frequen-
cies. Among employees in the UK, it is much more common to be paid weekly
(53 paychecks) or fortnightly (26 paychecks per year), which renders reference
period error more important than for other labor markets, where the share of
monthly payrolls would be higher. In aligning with the tolerance definition of
Jenkins and Rios-Avila, 2.55% of our observations have earnings measurements
that are sufficiently close. This share is even smaller than the 3.4% reported
by Jenkins and Rios-Avila (2023b).

With respect to the identifiability of the model, Kapteyn and Ypma (2007)
refer to (a preprint of) Meijer and Ypma (2008), who provide proof of identi-
fication for a mixture of two normal distributions and argue that their model
is merely a generalization of the one used in the proof. Yakowitz and Spragins
(1968) provide a more general investigation into the identifiability and find that
finite mixtures are identifiable if they are mixtures of (multivariate) Gaussian
distributions, which is true for the given model. An additional fact that con-
tributes to convenience in the estimation of the model is its dependence on
only four probabilities to determine a total of nine latent classes.

the replication material that they provide as part of their introductory remarks indicates
that they instead defined |ri − si| ≤ 0.005. The present study aligns itself with the latter.
In order to ensure comparable results, this paper uses the formulation that sets ≤ 0.05 as
an acceptable difference between the logarithmized earnings measures.



Table 1: Overview of Latent Classes in Extended Model, Table from Jenkins and Rios-Avila (2023b)

j
Observation
type Latent class probability, πj Class densities fj(ri, si)

1 R1, S1 π1 = πrπυπs N

((
µξ

µξ

)
,

(
σ2
ξ σ2

ξ

σ2
ξ σ2

ξ

))
2 R1, S2 π2 = πrπυ(1− πs)(1− πω) N

((
µξ

µξ + µη

)
,

(
σ2
ξ (1 + ρs)σ

2
ξ

(1 + ρs)σ
2
ξ (1 + ρs)

2σ2
ξ + σ2

η

))
3 R1, S3 π3 = πrπυ(1− πs)πω N

((
µξ

µξ + µη + µω

)
,

(
σ2
ξ (1 + ρs)σ

2
ξ + ρωσξσω

(1 + ρs)σ
2
ξ + ρωσξσω (1 + ρs)

2σ2
ξ + σ2

η + σ2
ω + 2ρωσξσω

))
4 R2. S1 π4 = πr(1− πυ)πs N

((
µξ + µυ

µξ

)
,

(
(1 + ρr)

2 σ2
ξ + σ2

υ (1 + ρr)σ
2
ξ

(1 + ρr)σ
2
ξ σ2

ξ

))
5 R2, S2 π5 = πr(1− πυ)(1− πs)(1− πω) N

((
µξ + µυ

µξ + µη

)
,

(
(1 + ρr)

2σ2
ξ + σ2

υ (1 + ρr)(1 + ρs)σ
2
ξ

(1 + ρr)(1 + ρs)σ
2
ξ (1 + ρs)

2σ2
ξ + σ2

η

))

6 R2, S3 π6 = πr(1− πυ)(1− πs)πω N


(

µξ + µυ

µξ + µη + µω

)
,


(1 + ρr)

2σ2
ξ + σ2

υ (1 + ρr)(1 + ρs)σ
2
ξ

+(1 + ρr)ρωσξσω

(1 + ρr)(1 + ρs)σ
2
ξ (1 + ρs)

2σ2
ξ + σ2

η

+(1 + ρr)ρωσξσω +σ2
ω + 2ρωσξσω




7 R3, S1 π7 = (1− πr)πs N

((
µζ

µξ

)
,

(
σ2
ζ , 0

0, σ2
ξ

))
8 R3, S2 π8 = (1− πr)(1− πs)(1− πω) N

((
µζ

µξ + µη

)
,

(
σ2
ζ 0
0 (1 + ρs)

2σ2
ξ + σ2

η

))
9 R3, S3 π9 = (1− πr)(1− πs)πω N

((
µζ

µξ + µη + µω

)
,

(
σ2
ζ 0
0 (1 + ρs)

2σ2
ξ + σ2

η + σ2
ω + 2ρωσξσω

))



4 Data
For the empirical analysis in this paper, the linkage of the German Socioe-
conomic Panel (SOEP) with the insuree records held at the German statu-
tory pension insurance (VSKT) is used. The latest available version of the
SOEP data with corresponding linked records is version 37, and the most re-
cent survey year is 2020. A detailed description is provided by Goebel et al.
(2019). The administrative component of the data set used in this paper is
called SOEP-RV.VSKT2020 (source: FDZ-RV). It includes the insuree account
records held at the German statutory pension insurance. The labor market
biography it provides includes the earnings records, which are available up to
2020.

The Socioeconomic Panel is a yearly survey. Its first interviews were con-
ducted in 1984 and have always included a question on earnings from labor.
Each respondent above 16 who completes a personal questionnaire is asked for
their personal income from work in the month prior to the interview with the
following question, which is then stored as plc0013:

What 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
(SOEP, 2022).

To maintain a harmonized definition of earnings over time, the interviewer
instruction manual clarifies what to include in the answer:

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 (SOEP, 2022).

This is the most direct measurement of earnings provided by the survey. Al-
ternative variables either include imputations or provide a measurement of
earnings which refers to a different time frame, mostly annual earnings. The
difference in time frames, which has been criticized by the measurement lit-
erature (Jenkins and Rios-Avila, 2023b) and implicitly requires information
about the number of salary payments a respondent receives (besides the regu-
lar monthly salary this could include vacation or Christmas pay, bonuses etc.).
The number of salary payments can only be identified through further survey-
based information, which has a lower response rate than the earnings question.
It would furthermore be necessary to either make assumptions about the num-
ber of paychecks for respondents with lacking data or to discard observations
with uncertainty about the number of salary payments they received in a year.

The administrative component of the data contains a set of time-invariant
variables and the earnings history stored in the insuree account at the Ger-
man statutory pension insurance on a monthly basis. Anyone who is above



15 years of age and has been in a retirement-relevant state has an account
with the German statutory pension insurance. Up to five parallel states (em-
ployment, child-rearing, care-provision, unemployment etc.) can be observed
for each month as well as the corresponding gross earnings (for employment).
These earnings are recorded in pension points rounded to three decimal points.
At the end of each year, one pension point is awarded for the median earn-
ings of the insuree base in that year. The pension insurance contribution rate
is a share of gross earnings in Germany, half of which is borne by the em-
ployee and the other half by the employer. Employers deduct the amount
to be paid by the employee from gross earnings and match the contribution.
Employers are required to submit the necessary information to the social se-
curity system according to the legal ordinance called “Verordnung über die
Erfassung und Übermittlung von Daten für die Träger der Sozialversicherung
(Datenerfassungs- und -übermittlungsverordnung - DEÜV)”. The pension in-
surance, together with other social security institutions in Germany conducts
internal plausibility checks of the submitted information (Deutsche Rentenber-
sicherung, 2024). However, there is no guarantee for earnings to be transmitted
without error. Employees receive yearly account information in the form of
an informational mailing, but records can only be changed when insurees par-
ticipate in a reconciliation of their pension account, which aims to clarify the
insurance history including earnings. Insurees have to provide proof (payslips,
tax statements etc.) that the record does not reflect their earnings before
changes are made. The fact that the process of account clarification exists,
can be interpreted as an implicit acknowledgement of the error potential of
the pension records. However, it could take years from the point in time when
an employer submits erroneous information to a final correction. The account
reconciliation is generally voluntary and only has to be done when submitting a
pension claim. Although errors in earnings records might be corrected towards
the later stages of an individual’s employment biography, it seems reasonable
to relax the assumption of error-free administrative earnings measurements.

The pension points recorded in the insuree’s record varies from month to
month, which need not be a result of changing gross earnings, but of the pen-
sion insurance calculating calendar-daily earnings and multiplying them by the
number of days in a month. This leads to a jitter in the data if the monthly
pension points are transformed to nominal earnings, as the length of a month
can be between 28 and 31 days. Thus, both earnings measures are transformed
to calendar-daily earnings measured in pension points. One pension point is
awarded for annual earnings of the amount of the median earnings in that
calendar year and set by law2. After the difference in earnings is calculated
in pension points, they are re-transferred to monthly earnings in Euro for rea-
sons of interpretability, which are then price-adjusted with the consumer-price
index from the SOEP’s cross-national equivalence file.

The linkage of survey respondents to their pension records takes place in
2The German Pension Code details the procedure in book 6, §69, paragraph 2.



several steps. When the survey is conducted, respondents are asked to give
consent for their pension records to be linked to their survey data. They then
complete a short questionnaire in which they provide data required to gener-
ate their social security number, i.e. their full name, family name at birth,
location and date of birth and, if they can and choose to, their insuree or pen-
sioner number. At the end of the questionnaire they sign it in order to legally
document their consent to the linkage. The form is displayed in Figure 1. It
is collected by the survey institute, which also generates a person-identifier for
the linkage and then reports the data from the linkage consent form to the pen-
sion insurance, and the interview data with the linkage identifier to the SOEP
data department. The pension insurance then verifies the insuree or pensioner
number and at which regional office an insuree’s account is maintained. Each
regional office receives a request to deliver a pseudonymized copy of the account
data to the headquarters, where the data is anonymized and only the linkage
identifier is kept alongside the record data before the final data product, i.e.
the administrative component of the linkage, is released. For a complete de-
scription of the production process for the SOEP-VSKT data, please refer to
the data security concept provided by Deutsche Rentenversicherung (nd).

It is important to note that there is a cap on the insurable income. The
value is set annually, and only earnings below it are subject to social security
contributions paid by employee and employer. Any earnings in excess of the
cap are not insured. Table 2 provides an overview of the cap in the insurable
income per year, as well as the maximum attainable earnings points this im-
plies. Since earnings beyond the cap are not recorded beyond the value of the
cap, this means that earnings information from the administrative records are
top-censored. Also, there have been reports of inexplicable bunching just be-
low the maximum insurable earnings (Bönke et al., 2015), which is the reason
why earnings at or above 98% of each year’s maximum insurable earnings are
excluded from the sample.

Our final sample, with which we estimate the finite mixture model, only
consists of complete observations. A complete observation is an individual’s
earnings report for which a corresponding administrative earnings record is
available. If one of the two measurements of earnings is missing, that person’s
observation is discarded for the given period. Furthermore, any individual who
reports being self-employed is eliminated, as they are not mandatorily covered
and selection into coverage might take place that could also influence the mea-
surement error. Observations for which either earnings measure is reported to
be zero are discarded in line with Jenkins and Rios-Avila (2023b). Overall, the
sample is made up of 33,690 complete observations and restricted to the years
2010 - 2020, from which the majority of observations stem. For the empirical
analysis, all observations are pooled. In pooling a panel, several observation
from different points in time for one individual are treated as if they were inde-
pendent observations, even though observations for the same entity are likely
correlated with each other and heteroskedasticity will likely be present. We
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Figure 1: Consent Form for Linkage of Pension Records



Table 2: Relevant annual thresholds from pension law. Median annual earn-
ings per year in Euros from SGB VI Appendix 1, maximum insurable annual
earnings per year in Euros from SGB VI, Appendix 2. Maximum number of
pension points derives from the ratio of maximum insurable annual earnings
to average annual income, rounded to four decimal points.

Year Median earnings
in Euro

Max. insurable
earnings in Euro

Max. number of
pension points

2020 39,167 82,800 2.1140
2019 39,301 80,400 2.0457
2018 38,212 78,000 2.0412
2017 37,077 76,200 2.0552
2016 36,187 74,400 2.0560
2015 35,363 72,600 2.0530
2014 34,514 71,400 2.0687
2013 33,659 69,600 2.0678
2012 33,002 67,200 2.0362
2011 32,100 66,000 2.0561
2010 31,144 66,000 2.1192

follow the literature in the field, e.g. Kapteyn and Ypma (2007) and Jenkins
and Rios-Avila (2023b), in computing cluster-robust standard errors, where
the cluster variable is a respondent’s household.

Since the present study replicates two previous studies, insuring harmo-
nization is important in order to maintain a high level of comparability. For
the estimation of their analysis, Jenkins and Rios-Avila (2023b) and Kapteyn
and Ypma (2007) report models both with and without covariates. Their sets
of covariates, however, differ from each other. Additionally, it is outlined that
extensive covariate specifications of the finite mixture models may cause fit-
ting problems and complicate achieving convergence (Jenkins and Rios-Avila,
2023b). Due to missing data, using different sets of covariates would compli-
cate a comparison of model estimates across different covariate specifications.
Most importantly, it is concluded that while increasing the overall model fit
(Jenkins and Rios-Avila, 2023b), the inclusion of covariates does not substan-
tially change the estimated results and yields conclusions that are qualitatively
similar (Kapteyn and Ypma, 2007). The inclusion of covariates is therefore
omitted in this work.



5 Results

5.1 Kapteyn and Ypma (2007) Replication

I replicate the analysis of Kapteyn and Ypma (2007) using our sample of linked
German survey-administrative data consisting of 33690 cases from 6264 indi-
viduals. Since they also estimate restricted versions of their model, they refer
to it as the full model. Since the model of Jenkins and Rios-Avila (2023b),
as presented in Section 3, is an extension of the original Kapteyn and Ypma
model, it can be restricted to represent the Kapteyn and Ypma model as a spe-
cial case. While allowing for all three types of survey earnings measurement,
administrative measurements of earnings can only be of type R1 or R3. This
results in a total number of six latent classes: (R1, S1), (R1, S2), (R1, S3), (R2,
S1), (R2, S2) and (R2, S3). The corresponding restrictions on parameters that
lead to the original formulation of the full model by Kapteyn and Ypma (2007)
are as follows. As there is assumed to be no error beyond pure linkage error in
administrative earnings data in the original model, the probability of accurate
measurement of earnings, given a record is correctly linked, is a certainty and
thus πυ = 1. In turn, this implies µυ = 0 and συ = 0. Since there is no er-
roneous administrative earnings measure in this framework, there is also no ρr.

In order to make replication results as comparable as possible to the origi-
nal study of Kapteyn and Ypma (2007), the tolerance used to define earnings
measurements as close enough to each other to be considered part of class 1 is
retained and converted with respect to the implied share of the sample. It was
1,000 Swedish Crowns for yearly earnings in the original study, which includes
14.8% of their sample. I transfer that share to a tolerance of 50 Euros in the
data, within which 14.21% of the sample observations fall, which is my con-
version of the original tolerance in Kapteyn and Ypma (2007). I complement
the replication with other thresholds, i.e. the acceptable absolute difference of
the two (non-logarithmized) earnings measurements is varied, and estimation
results are reported for tolerances below (5, 10, 25, 33 Euros) and above (75,
100 Euros) the converted tolerance. Results for tolerances of the kind used in
Jenkins and Rios-Avila (2023b) are also reported, where the absolute differ-
ence of logarithmized earnings is not to exceed 0.005. Estimates for this type
of tolerance definition are complemented with re-estimations of the model for
tolerances below (0.001, 0.0025) and above (0.0075, 0.01, 0.0015, 0.02) that.
The shares of our sample that are assumed correct for each tolerance are pre-
sented in Table 3. With respect to the choice of the tolerance, it has to be
kept in mind that for relatively large tolerances, the difference between and
administrative and survey measurement of earnings can be smaller than the
accepted tolerance, even if erroneous measurement is present. Ultimately, this
would result in observations being (wrongly) classified as (R1,S1), even though
they are actually part of another class that contains mismeasured earnings.

Estimates for the full Kapteyn and Ypma (2007) model are displayed in
Tables 4 and 6, where the former presents the results for the tolerances ap-



Table 3: Sample Shares Within Varied Tolerances

Tolerance type | admin. earningsi − survey earningsi | ≤ ...
Tolerance value 5 10 25 33 50 75 100
Share of obs. in % 1.46 2.83 7.13 9.44 14.21 20.55 26.32
Tolerance type | ri − si | ≤ ...
Tolerance value 0.001 0.0025 0.005 0.0075 0.01 0.015 0.02
Share of obs. in % 0.49 1.39 2.82 4.21 5.68 8.61 11.6

plied to the first class that refer to differences in administrative and survey
earnings measurements as in the original publication, and the latter contains
estimation results for the tolerances that are defined as the difference in loga-
rithmized earnings as in Jenkins and Rios-Avila (2023b).

With regard to the parameters of the distribution of true earnings (ξ) in the
estimations of the full model with tolerance definitions according to Kapteyn
and Ypma (2007), as reported in Table 4, it can be seen that threshold size
does not seem to impact mean and variance estimates. The estimate for the
mean of true earnings is the same across all tolerances except for the 100 Euro
tolerance, for which it is slightly larger. The standard deviation of true earn-
ings also seems mostly insensitive to the chosen tolerance, as it only varies at
the fourth decimal digit, again except for the 100 Euro tolerance, for which
the estimate differs from the others at the third and fourth decimal digit. For
ζ, which denotes the earnings from a mismatched record, the estimates for the
mean and standard deviation of the distribution decrease with increasing toler-
ance amounts, with the exception of the estimates for a tolerance of 100 Euros,
which are larger than that for the previous tolerance of 75 Euros. Regarding η,
denoting the measurement error in survey earnings reports, the observed pat-
terns of estimates for mean and standard deviation across different thresholds
are similar, in that for the highest threshold, there is a substantial deviation
from what is estimated for the other thresholds. As the tolerance amount in-
creases, the estimates for the mean decrease incrementally. The estimates for
ση increase with the tolerance, except for the largest tolerance, for which the
standard deviation drops by a third from 0.1246 for a tolerance of 75 Euros
to 0.0473 for a tolerance of 100. However, all changes only affect the decimals
of the estimates. ρs, which is a measure of mean reversion, indicates the pres-
ence of mean reversion in the data, but as with other estimates, the largest
tolerance breaks the pattern of the estimate which decreases with increasing
tolerance. While up to a tolerance of 75 Euros all estimates range between
-0.0718 and -0.0827 and are estimated to be highly significant with p < 0.001,
the estimated mean reversion for a tolerance of 100 Euros increases to -0.0062
and is only significant at p < 0.05.

The probability of correctly reported survey earnings πs naturally increases
with the tolerance amount, since allowing for a larger tolerance implies that a
larger share of observations are assumed to be correct. The estimated probabil-



ity of contamination in the survey earnings data decreases with an increasing
tolerance until the amount of 75 Euros. For a tolerance of 100 Euros, the
estimate more than triples from 18.07% to 63.5%. The probability of a correct
match for the administrative earnings measurement is, on the other hand, es-
timated to be roughly the same size across all tolerances. Differences in the
decimals of the estimates for πr can be observed, but remain small overall.

Table 4: Parameter estimates, Kapteyn and Ypma (2007) Full Model, Varied
Tolerances for non-logarithmized Earnings Differences

(1) (2) (3) (4) (5) (6) (7)
5 10 25 33 50 75 100

µξ 7.7895∗∗∗ 7.7895∗∗∗ 7.7895∗∗∗ 7.7895∗∗∗ 7.7895∗∗∗ 7.7895∗∗∗ 7.7910∗∗∗
(0.0068) (0.0068) (0.0068) (0.0068) (0.0068) (0.0068) (0.0068)

σξ 0.5569∗∗∗ 0.5569∗∗∗ 0.5568∗∗∗ 0.5567∗∗∗ 0.5565∗∗∗ 0.5566∗∗∗ 0.5537∗∗∗
(0.0050) (0.0050) (0.0050) (0.0050) (0.0050) (0.0050) (0.0049)

µζ 6.7167∗∗∗ 6.7046∗∗∗ 6.6730∗∗∗ 6.6577∗∗∗ 6.6312∗∗∗ 6.6135∗∗∗ 6.8602∗∗∗
(0.0657) (0.0659) (0.0665) (0.0668) (0.0676) (0.0704) (0.0541)

σζ 0.8718∗∗∗ 0.8714∗∗∗ 0.8699∗∗∗ 0.8689∗∗∗ 0.8664∗∗∗ 0.8590∗∗∗ 0.8761∗∗∗
(0.0355) (0.0359) (0.0369) (0.0374) (0.0384) (0.0398) (0.0296)

µω -0.0364∗∗∗ -0.0366∗∗∗ -0.0364∗∗∗ -0.0370∗∗∗ -0.0365∗∗ -0.0313∗ 0.0411∗∗∗
(0.0065) (0.0069) (0.0082) (0.0090) (0.0111) (0.0155) (0.0036)

σω 0.2349∗∗∗ 0.2393∗∗∗ 0.2518∗∗∗ 0.2587∗∗∗ 0.2720∗∗∗ 0.2846∗∗∗ 0.2015∗∗∗
(0.0110) (0.0115) (0.0132) (0.0141) (0.0168) (0.0229) (0.0026)

µη -0.0576∗∗∗ -0.0584∗∗∗ -0.0611∗∗∗ -0.0624∗∗∗ -0.0655∗∗∗ -0.0706∗∗∗ -0.1173∗∗∗
(0.0014) (0.0015) (0.0016) (0.0017) (0.0019) (0.0026) (0.0014)

ση 0.0992∗∗∗ 0.1014∗∗∗ 0.1075∗∗∗ 0.1109∗∗∗ 0.1174∗∗∗ 0.1246∗∗∗ 0.0473∗∗∗
(0.0023) (0.0023) (0.0025) (0.0025) (0.0028) (0.0037) (0.0009)

ρs -0.0718∗∗∗ -0.0729∗∗∗ -0.0765∗∗∗ -0.0784∗∗∗ -0.0811∗∗∗ -0.0827∗∗∗ -0.0062∗
(0.0025) (0.0026) (0.0030) (0.0032) (0.0038) (0.0051) (0.0029)

πs 0.0148∗∗∗ 0.0289∗∗∗ 0.0725∗∗∗ 0.0960∗∗∗ 0.1444∗∗∗ 0.2088∗∗∗ 0.2697∗∗∗
(0.0007) (0.0010) (0.0017) (0.0020) (0.0025) (0.0031) (0.0036)

πω 0.2521∗∗∗ 0.2433∗∗∗ 0.2216∗∗∗ 0.2105∗∗∗ 0.1923∗∗∗ 0.1807∗∗∗ 0.6350∗∗∗
(0.0226) (0.0226) (0.0229) (0.0230) (0.0244) (0.0311) (0.0097)

πr 0.9803∗∗∗ 0.9807∗∗∗ 0.9816∗∗∗ 0.9821∗∗∗ 0.9827∗∗∗ 0.9833∗∗∗ 0.9728∗∗∗
(0.0018) (0.0017) (0.0016) (0.0016) (0.0016) (0.0015) (0.0019)

log L. -16663.8813 -18945.6558 -24750.6421 -27398.4663 -32175.4469 -37396.6867 -40352.9450
AIC 33351.7625 37915.3116 49525.2842 54820.9326 64374.8939 74817.3734 80729.8900
BIC 33452.8620 38016.4110 49626.3837 54922.0321 64475.9934 74918.4729 80830.9895
No. cases 33690 33690 33690 33690 33690 33690 33690
Robust standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The resulting set of estimated latent class probabilities is presented in Table
5. Each probability of the six latent classes is a function of the error probabil-
ities πs, πr and πω according to Equations 1 and 2. An exact specification of
how to the latent class probabilities are computed is given in the third column
of Table 1 for the extended Jenkins and Rios-Avila (2023b) model. Recall that
since the Kapteyn and Ypma (2007) model does not include erroneous mea-
surement of earnings in administrative records beyond linkage error, there is
no R2-type observation, so that there are only six latent class probabilities for
this model.

As mentioned previously, Jenkins and Rios-Avila (2020), in their replica-
tion of the Kapteyn and Ypma (2007) full model, employ a tolerance definition



Table 5: Latent Class Probabilities for Kapteyn and Ypma (2007) Full Model,
Varied Tolerances for First Class: |admin. earnings − survey earnings| ≤ · · ·

5 10 25 33 50 75 100
π1 0.0146∗∗∗ 0.0283∗∗∗ 0.0712∗∗∗ 0.0942∗∗∗ 0.1419∗∗∗ 0.2053∗∗∗ 0.2623∗∗∗

(0.0007) (0.0010) (0.0016) (0.0019) (0.0025) (0.0031) (0.0035)
π2 0.7223∗∗∗ 0.7207∗∗∗ 0.7087∗∗∗ 0.7009∗∗∗ 0.6792∗∗∗ 0.6374∗∗∗ 0.2593∗∗∗

(0.0223) (0.0220) (0.0213) (0.0208) (0.0208) (0.0246) (0.0073)
π3 0.2435∗∗∗ 0.2317∗∗∗ 0.2017∗∗∗ 0.1869∗∗∗ 0.1617∗∗∗ 0.1406∗∗∗ 0.4511∗∗∗

(0.0217) (0.0214) (0.0208) (0.0204) (0.0204) (0.0242) (0.0070)
π4 0.0003∗∗∗ 0.0006∗∗∗ 0.0013∗∗∗ 0.0017∗∗∗ 0.0025∗∗∗ 0.0035∗∗∗ 0.0073∗∗∗

(0.0000) (0.0001) (0.0001) (0.0002) (0.0002) (0.0003) (0.0005)
π5 0.0145∗∗∗ 0.0142∗∗∗ 0.0133∗∗∗ 0.0128∗∗∗ 0.0119∗∗∗ 0.0109∗∗∗ 0.0073∗∗∗

(0.0012) (0.0012) (0.0011) (0.0011) (0.0011) (0.0010) (0.0005)
π6 0.0049∗∗∗ 0.0046∗∗∗ 0.0038∗∗∗ 0.0034∗∗∗ 0.0028∗∗∗ 0.0024∗∗∗ 0.0126∗∗∗

(0.0007) (0.0007) (0.0006) (0.0005) (0.0005) (0.0005) (0.0009)
Robust standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

which differs from that in the original formulation, as it refers to the absolute
difference in logarithmized earnings ri and si. Also, all but one of tolerance
amounts they use for their replication imply a much smaller share of obser-
vations to be considered part of group 1. Results for the re-estimation of the
original Kapteyn and Ypma (2007) full model with seven different tolerance
amounts, formulated based on logarithmized earnings, are displayed in Table
6. Although the replication of the full model by Jenkins and Rios-Avila (2020)
includes a set of eight different thresholds, Jenkins and Rios-Avila (2023b) only
report estimates for one threshold (|ri − si| ≤ 0.005) use when reporting their
extended model. The present study contains estimates of the full model for a
set of seven tolerances closely related to those used in Jenkins and Rios-Avila
(2020).

Table 6 presents the estimation results for the full model using tolerances
as in the replication by Jenkins and Rios-Avila (2020). Considering the mean
and standard deviation of true earnings ξ, there is virtually no change in the
estimates for the investigated tolerances up to 0.0015. Estimates for µξ are
either 7.7895, 7.7894 or 7.7893. The 0.02 tolerance value is the only one for
which the estimate is 7.7891, which is a very small deviation from the other
estimates. The estimates for the standard deviation ξ are the same for all
four lower tolerances and increase slightly for tolerances from 0.01. For ζ, the
estimates for the mean range from 6.6933 to 6.7269, becoming smaller as the
tolerance amount increases. The estimates for σζ are all close to each other,
but also increase slightly for the four largest tolerances. They only differ at the
third and fourth decimal, ranging from 0.8722 to 0.8756. As for the contam-
ination ω, the observable pattern is also a slight increase over the estimates
with growing tolerance. However, the last tolerance comes with a substan-
tially larger increase and that estimate lacks significance. A similar pattern



Table 6: Parameter estimates, Kapteyn and Ypma (2007) Full Model, Varied
Tolerances |ri − si| ≤ · · ·

(1) (2) (3) (4) (5) (6) (7)
0.001 0.0025 0.005 0.0075 0.01 0.0015 0.02

µξ 7.7895∗∗∗ 7.7895∗∗∗ 7.7895∗∗∗ 7.7894∗∗∗ 7.7894∗∗∗ 7.7893∗∗∗ 7.7891∗∗∗
(0.0068) (0.0068) (0.0068) (0.0068) (0.0068) (0.0068) (0.0068)

σξ 0.5570∗∗∗ 0.5570∗∗∗ 0.5570∗∗∗ 0.5570∗∗∗ 0.5571∗∗∗ 0.5572∗∗∗ 0.5574∗∗∗
(0.0050) (0.0050) (0.0050) (0.0050) (0.0050) (0.0050) (0.0050)

µζ 6.7269∗∗∗ 6.7213∗∗∗ 6.7131∗∗∗ 6.7065∗∗∗ 6.7001∗∗∗ 6.6934∗∗∗ 6.6933∗∗∗
(0.0655) (0.0658) (0.0663) (0.0668) (0.0675) (0.0696) (0.0745)

σζ 0.8722∗∗∗ 0.8722∗∗∗ 0.8722∗∗∗ 0.8723∗∗∗ 0.8725∗∗∗ 0.8735∗∗∗ 0.8756∗∗∗
(0.0353) (0.0355) (0.0357) (0.0360) (0.0363) (0.0367) (0.0370)

µω -0.0356∗∗∗ -0.0345∗∗∗ -0.0329∗∗∗ -0.0309∗∗∗ -0.0286∗∗∗ -0.0227∗∗ -0.0156
(0.0062) (0.0064) (0.0067) (0.0070) (0.0074) (0.0082) (0.0095)

σω 0.2314∗∗∗ 0.2332∗∗∗ 0.2359∗∗∗ 0.2381∗∗∗ 0.2402∗∗∗ 0.2421∗∗∗ 0.2413∗∗∗
(0.0106) (0.0109) (0.0114) (0.0120) (0.0126) (0.0144) (0.0176)

µη -0.0573∗∗∗ -0.0582∗∗∗ -0.0596∗∗∗ -0.0611∗∗∗ -0.0627∗∗∗ -0.0661∗∗∗ -0.0699∗∗∗
(0.0014) (0.0014) (0.0014) (0.0015) (0.0015) (0.0016) (0.0019)

ση 0.0974∗∗∗ 0.0984∗∗∗ 0.0999∗∗∗ 0.1011∗∗∗ 0.1024∗∗∗ 0.1041∗∗∗ 0.1052∗∗∗
(0.0023) (0.0023) (0.0024) (0.0026) (0.0027) (0.0033) (0.0044)

ρs -0.0709∗∗∗ -0.0716∗∗∗ -0.0730∗∗∗ -0.0742∗∗∗ -0.0754∗∗∗ -0.0778∗∗∗ -0.0802∗∗∗
(0.0024) (0.0024) (0.0025) (0.0025) (0.0026) (0.0027) (0.0029)

πs 0.0050∗∗∗ 0.0142∗∗∗ 0.0287∗∗∗ 0.0428∗∗∗ 0.0579∗∗∗ 0.0876∗∗∗ 0.1180∗∗∗
(0.0004) (0.0007) (0.0010) (0.0012) (0.0014) (0.0017) (0.0021)

πω 0.2602∗∗∗ 0.2575∗∗∗ 0.2537∗∗∗ 0.2515∗∗∗ 0.2497∗∗∗ 0.2526∗∗∗ 0.2628∗∗∗
(0.0227) (0.0231) (0.0239) (0.0249) (0.0262) (0.0310) (0.0412)

πr 0.9800∗∗∗ 0.9802∗∗∗ 0.9805∗∗∗ 0.9807∗∗∗ 0.9810∗∗∗ 0.9813∗∗∗ 0.9815∗∗∗
(0.0018) (0.0018) (0.0018) (0.0017) (0.0017) (0.0017) (0.0018)

log. L. -14766.6251 -16505.9610 -18855.5248 -20859.8865 -22818.3620 -26273.5297 -29396.8849
AIC 29557.2502 33035.9221 37735.0495 41743.7729 45660.7240 52571.0593 58817.7698
BIC 29658.3497 33137.0216 37836.1490 41844.8724 45761.8234 52672.1588 58918.8693
No. cases 33690 33690 33690 33690 33690 33690 33690
Robust standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001



holds for η. The estimates for mean and standard deviation all have the same
direction across all tolerance amounts. The estimates for the mean decrease
as the tolerance increases, and for the standard deviation of η, the estimates
increase as the tolerance amount rises. With respect to the measure of mean
reversion of the (survey) measurement error, denoted as ρs, all estimates come
from roughly the same "ballpark", ranging from -0.0709 to -0.0802, decreasing
slightly with the increases in tolerance. The smaller estimates from model ver-
sions with higher tolerance are accompanied by slightly higher standard errors
than the smaller ones.

The probability of correctly reported survey earnings, πs varies substan-
tially. It is lowest at 0.5% for a tolerated absolute difference in logarithmized
earnings of 0.001, and the highest at 11.8% for the largest tolerance reported.
The probability of contamination πω and the probability of a correct admin-
istrative match πr are, on the other hand, both not increasing or decreasing
with increasing tolerances throughout the entire range of tolerances, and re-
main within small ranges with no detectable pattern related to increasing tol-
erance amounts. πω ranges from 24.97% to 26.28% and πr from 98.00% to
98.15%. The upper end of the range of estimates, however, always stems from
the largest accepted tolerance, and the lower one from the model version with
the lowest tolerance.

The two different threshold types used in the replication of the Kapteyn
and Ypma (2007) full model are the absolute differences of (1) unlogarithmized
and (2) logarithmized administrative and survey earnings measures. In com-
paring the two sets of estimations reported in Tables 4 and 6, it should be
acknowledged that the share of observation that is assumed error-free should
be as similar as possible, so as to enable a direct comparison. The share of the
sample that is assumed to provide true earnings for each tolerance is tabulated
in Table 3. The most directly comparable pair of tolerances is the threshold of
10 Euros per month (2.83% of observations) to the difference in logarithmized
earnings of 0.005 (2.82% of observations). Comparing the pair confirms that
they yield very similar results, which is to be expected given how similar the
implied size of group 1 is for the two thresholds, and underlines the importance
of bearing in mind that for small deviations in the assumed share of error-free
measurements, the estimation will probably seem robust, while large differ-
ences in the assumed share may be more insightful about actual robustness of
the model estimation.

Kapteyn and Ypma (2007) do not report goodness of fit statistics beyond
the log likelihood for their estimation, so that a comparison of the present
study’s results with their results focuses on the estimated parameters of their
full model estimation using no covariates for earnings rather than a question
of model fit. Note that their sample is highly selective. The survey component
of their linked data only includes individuals over 50 years of age and thus
presents a possibly more homogeneous sample. More tightly clustered data



makes it easier for the likelihood to be closer to zero, since fewer large vari-
ations have to be accounted for. All of the estimates in column (5) of Table
4 (referred to as the replication) have the same direction as in Kapteyn and
Ypma (2007, Table C2) (referred to as the original estimation). With respect
to the estimates of mean and standard deviation for true earnings ξ, Kapteyn
and Ypma estimate a higher mean (12.283 versus 7.7895 in the present repli-
cation), but also a higher standard deviation (0.717 versus 0.5565). As for
the mean, the currency in which earnings are measured, differs. While the
original study uses earnings measured in Swedish Crowns, this replication is
carried out with earnings measured in Euros. With respect to the standard
deviations, it is important to note that the inequality in earnings is estimated
to be higher for the Swedish data. This might be the result of the German
(replication) data being top-censored by the yearly cap on insurable income
(so-called Beitragsbemessungsgrenze), which cuts off any individuals with earn-
ings above that contribution ceiling and thus artificially eliminates inequality
from the observed data. A similar picture emerges for the mean of the dis-
tribution of ζ (9.187 versus 6.6312), while the estimate for ζσ is larger in our
data (0.843 versus 0.8664). For η, the replication yields a smaller estimate
for the mean, but a higher one for the standard deviation (µ: -0.044 versus
-0.0655, σ: 0.217 versus 0.1176). For contamination ω, the replication yields
a much larger estimate for µω (-1.632 versus -0.0365 in the replication) and at
the same time a much smaller estimate of the standard deviation σω (3.801
vs 0.2720). With respect to mean reversion, both estimations establish the
presence of mean-reverting measurement error. However, the replication re-
veals that it is present to a different extent that the original estimation (ρs:
-0.113 vs -0.0811). The estimated probability of a correct match of adminis-
trative records is high and similar at 98.1% in the original and 98.21% in the
replication, the estimate for the probability of contamination πω is also much
lower in the original estimation than in the replication (5% versus 19.23%).
However, the replication does yield a much smaller estimate for the probability
of correctly reported survey incomes πs (26.8% vs. 14.44%).

5.2 Jenkins and Rios-Avila (2023b) Full Model

Since the original Kapteyn and Ypma (2007) model was extended to contain
erroneous measurement of earnings besides linkage error, it is crucial to inves-
tigate the consequences of different choices for the tolerance of close enough
observation pairs to belong to group 1 (both observations report true earn-
ings). Estimations by Jenkins and Rios-Avila (2023b) were carried out using
|ri− si| ≤ 0.005, but no further investigation into that choice was made, other
than reporting that repeating the analysis with a tolerance of 0.01 delivers
conclusions that are robust. Only investigating the robustness with one larger
tolerance, which is close to the originally used tolerance hardly seems sufficient
for concluding robustness of the results with respect to the choice of tolerance
amounts. A more thorough investigation of tolerances above and below the



original choice is required to draw more valid conclusions about the robustness
of the estimation with respect to the accepted tolerances and implied assump-
tion of the share of accurate pairs of measurement. Therefore, this study
investigates a set of seven tolerance choices for the Jenkins and Rios-Avila ex-
tended model, namely {0.001, 0.0025, 0.005, 0.0075, 0.01, 0.0015 and 0.02}. As
for the model specifications estimated, Jenkins and Rios-Avila (2023b) refer
to their model, described in Section 3 of this paper, as the extended model,
since it is an extended generalization of Kapteyn and Ypma (2007), which is
referred to as the full model, even though it is a restricted special case of the
extended model.

Jenkins and Rios-Avila (2023b) estimate two versions of their model. The
first is the extended model as presented, while in the second version they
restrict the correlation of true and contaminated earnings, ρω to zero, i.e. dis-
allowing a relationship between reference period error and true earnings, which
they argue to be justified empirically with regard to of the insignificance of the
estimate for that correlation. They compare the goodness of fit for the con-
strained and unconstrained extended model, and since the two are almost the
same with regard to the value of the log likelihood, but the constrained ver-
sion is associated with lower AIC and the BIC, they focus on the constrained
version of the extended model. The summary statistics we estimate across all
tolerances for the constrained and unconstrained extended model are presented
in Table 7. The superiority of the constrained model cannot be confirmed for
the present data. For the information criteria, for which lower values imply
better model fits, the picture is not as clear-cut as in Jenkins and Rios-Avila
(2023b). While they are smaller in the unconstrained model for most toler-
ances, this is not the case for the tolerances of 0.005 and 0.02. Notably, the
former is the tolerance that Jenkins and Rios-Avila (2023b) chose. Since these
results do not suggest undisputed superiority of the constrained version over
the unconstrained model, we report results for the unconstrained version of
the model.

Comparing the model fit for the full and extended model versions, it can
be concluded that, for the present sample, the goodness of fit for the extended
Jenkins and Rios-Avila (2023b) model (results displayed in Table 8) is supe-
rior to that for the corresponding full model replication of Kapteyn and Ypma
(2007) for all tolerances. The log likelihood of the extended model is closer to
zero, compared to their counterparts, for the same tolerances in the full model
replication (cf. Table 6), indicating a better fit of the extended models. The
same holds for the likelihood-based information criteria, AIC and BIC.

The estimation results of the model parameters in the unconstrained ex-
tended model are reported in Table 8. Regarding the true earnings ξ, the
estimated mean ranges from 7.7885 to 7.8079. There is no visible trend as
the accepted tolerance increases; the extremes of the range of estimates for µξ

come from the two highest tolerances, 0.0015 for the upper limit and 0.02 for



Table 7: Goodness of fit statistics, Jenkins and Rios-Avila (2023b) Constrained
and Unconstrained Extended Model, Varied Tolerances

(1) (2) (3) (4) (5) (6) (7)
0.001 0.0025 0.005 0.0075 0.01 0.0015 0.02

log L. (constrained) -14747 -16488 -18840 -20847 -22807 -26265 -29389
AIC (constrained) 29520 33002 37706 41719 45640 52555 58805
BIC (constrained) 29629 33111 37816 41829 45749 52665 58914

log L. -14257 -15995 -18825 -20345 -22299 -25745 -29375
AIC 28549 32024 37685 40724 44633 51524 58784
BIC 28692 32168 37828 40867 44776 51667 58927
No. cases 33690 33690 33690 33690 33690 33690 33690

Table 8: Parameter estimates, Jenkins and Rios-Avila (2023b) Extended
Model, Varied Tolerances

(1) (2) (3) (4) (5) (6) (7)
0.001 0.0025 0.005 0.0075 0.01 0.0015 0.02

µξ 7.8053∗∗∗ 7.8055∗∗∗ 7.7887∗∗∗ 7.8061∗∗∗ 7.8066∗∗∗ 7.8079∗∗∗ 7.7885∗∗∗
(0.0068) (0.0068) (0.0069) (0.0068) (0.0068) (0.0069) (0.0069)

σξ 0.5427∗∗∗ 0.5427∗∗∗ 0.5589∗∗∗ 0.5426∗∗∗ 0.5424∗∗∗ 0.5417∗∗∗ 0.5590∗∗∗
(0.0048) (0.0048) (0.0052) (0.0048) (0.0048) (0.0049) (0.0053)

µζ 6.8215∗∗∗ 6.8184∗∗∗ 6.7714∗∗∗ 6.8121∗∗∗ 6.8103∗∗∗ 6.8117∗∗∗ 6.7618∗∗∗
(0.0919) (0.0921) (0.0850) (0.0924) (0.0921) (0.0910) (0.1062)

σζ 0.9982∗∗∗ 0.9983∗∗∗ 0.7804∗∗∗ 0.9974∗∗∗ 0.9955∗∗∗ 0.9871∗∗∗ 0.7841∗∗∗
(0.0488) (0.0489) (0.0400) (0.0489) (0.0488) (0.0487) (0.0422)

µω -0.1678∗∗∗ -0.1689∗∗∗ -0.0283∗∗∗ -0.1709∗∗∗ -0.1719∗∗∗ -0.1711∗∗∗ -0.0098
(0.0134) (0.0136) (0.0070) (0.0142) (0.0145) (0.0156) (0.0122)

σω 0.2141∗∗∗ 0.2162∗∗∗ 0.2325∗∗∗ 0.2221∗∗∗ 0.2250∗∗∗ 0.2301∗∗∗ 0.2339∗∗∗
(0.0141) (0.0141) (0.0111) (0.0144) (0.0146) (0.0151) (0.0213)

µη -0.0620∗∗∗ -0.0631∗∗∗ -0.0602∗∗∗ -0.0669∗∗∗ -0.0692∗∗∗ -0.0745∗∗∗ -0.0711∗∗∗
(0.0017) (0.0017) (0.0014) (0.0018) (0.0020) (0.0024) (0.0026)

ση 0.0985∗∗∗ 0.0993∗∗∗ 0.0981∗∗∗ 0.1014∗∗∗ 0.1023∗∗∗ 0.1029∗∗∗ 0.1026∗∗∗
(0.0020) (0.0020) (0.0026) (0.0021) (0.0023) (0.0029) (0.0061)

µυ -0.1345∗∗∗ -0.1358∗∗∗ -3.2926∗∗∗ -0.1392∗∗∗ -0.1393∗∗∗ -0.1351∗∗∗ -3.3352∗∗∗
(0.0190) (0.0189) (0.8303) (0.0188) (0.0188) (0.0198) (0.9039)

συ 0.2154∗∗∗ 0.2145∗∗∗ 0.5522∗ 0.2106∗∗∗ 0.2075∗∗∗ 0.1987∗∗∗ 0.5401∗
(0.0115) (0.0117) (0.2145) (0.0125) (0.0129) (0.0142) (0.2290)

ρs -0.0573∗∗∗ -0.0576∗∗∗ -0.0668∗∗∗ -0.0589∗∗∗ -0.0591∗∗∗ -0.0589∗∗∗ -0.0744∗∗∗
(0.0030) (0.0030) (0.0034) (0.0033) (0.0036) (0.0043) (0.0056)

ρr 0.1201∗∗∗ 0.1201∗∗∗ -0.6578 0.1197∗∗∗ 0.1186∗∗∗ 0.1134∗∗∗ -0.6733
(0.0151) (0.0149) (0.3789) (0.0146) (0.0144) (0.0144) (0.4132)

ρω 0.3249∗∗∗ 0.3282∗∗∗ -0.1015∗∗ 0.3372∗∗∗ 0.3419∗∗∗ 0.3494∗∗∗ -0.0783
(0.0369) (0.0365) (0.0327) (0.0358) (0.0357) (0.0363) (0.0433)

πs 0.0057∗∗∗ 0.0163∗∗∗ 0.0287∗∗∗ 0.0493∗∗∗ 0.0669∗∗∗ 0.1028∗∗∗ 0.1180∗∗∗
(0.0005) (0.0008) (0.0010) (0.0017) (0.0022) (0.0037) (0.0021)

πω 0.1204∗∗∗ 0.1185∗∗∗ 0.2696∗∗∗ 0.1143∗∗∗ 0.1123∗∗∗ 0.1106∗∗∗ 0.2877∗∗∗
(0.0144) (0.0141) (0.0258) (0.0136) (0.0134) (0.0137) (0.0591)

πr 0.9876∗∗∗ 0.9876∗∗∗ 0.9819∗∗∗ 0.9876∗∗∗ 0.9875∗∗∗ 0.9871∗∗∗ 0.9822∗∗∗
(0.0016) (0.0016) (0.0018) (0.0017) (0.0017) (0.0018) (0.0020)

πυ 0.8607∗∗∗ 0.8610∗∗∗ 0.9996∗∗∗ 0.8608∗∗∗ 0.8583∗∗∗ 0.8460∗∗∗ 0.9996∗∗∗
(0.0172) (0.0173) (0.0003) (0.0181) (0.0193) (0.0256) (0.0003)

log L. -14257.4492 -15995.1534 -18825.3132 -20344.8069 -22299.4088 -25745.0527 -29375.0937
AIC 28548.8984 32024.3069 37684.6263 40723.6137 44632.8175 51524.1054 58784.1875
BIC 28692.1226 32167.5311 37827.8506 40866.8380 44776.0418 51667.3296 58927.4117
No. cases 33690 33690 33690 33690 33690 33690 33690
Robust standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001



the lower limit of the range. The estimated standard deviation of true earn-
ings varies within an even smaller range (0.5417 to 0.5590), also without a de-
tectable pattern besides the 0.005 and 0.02 tolerances yielding larger estimates
that the other reported tolerances. The mean of logarithmized survey earnings
is 7.7232 (with a standard deviation of 0.5386) and for logarithmized adminis-
trative earnings, the mean is 7.7776 (std. dev. 0.5783), so that the means are
slightly smaller than the mean of true earnings we estimate. For the standard
deviation, survey earnings seem to provide a more accurate representation of
the estimated standard deviation of true earnings. This is contradiction of the
findings in Jenkins and Rios-Avila (2023b). In their data, the true standard
deviation is substantially overestimated, which we cannot confirm. Interest-
ingly, the standard deviation of survey earnings is more accurate, i.e. closer to
the estimated standard deviation of true earnings for most tolerances.

For the different errors ζ, ω, η and υ, the estimation of their means and
standard deviations follows no trend in relation to the increasing tolerance.
All estimates have the same direction and the< vary only in the decimals.
However, the model variant with the 0.005 tolerance produces estimates that
break the pattern of in- or decreasing estimates with the tolerance amounts,
although this does not hold for the goodness of fit statistics.

The estimated probability of correct linkages is high, and ranges from
98.19% to 98.75% with a very low estimated standard deviation, ranging from
0.0016 to 0.0020) that increases with the tolerance amount. This implies that
the probability of linkage error, 1 − π̂r is estimated to be below 2%, which is
about a third of what Jenkins and Rios-Avila (2023b) find, and a fifth of that
reported by Bollinger et al. (2018) for a US sample, and half of what Kapteyn
and Ypma (2007) find. It has been suggested that not explicitly allowing for
misreported earnings in administrative records and only allowing linkage error
inflates the estimates for the latter (Bee and Rothbaum, 2019). Indeed, the
estimates for πr reported for the full Kapteyn and Ypma (2007) model in Table
6 range from 98% to 98.15% and are lower than their counterparts in the ex-
tended model as reported in Table 8. Thus, the implied probability of linkage
error of approximately 2% is estimated to be slightly higher in the full model
than in the extended model. The magnitude, however, does not compare to
the 4 percentage point difference found by Jenkins and Rios-Avila (2023b).

The probability of mismeasurement in survey data, 1 − π̂s is fairly high,
especially compared to to the probability of mismeasurement of earnings in
the administrative records, 1− π̂υ. It is important to note, however, that the
estimates for πs, πω and πυ vary substantially across different accepted toler-
ances, while in contrast, the probability of linkage-free administrative earnings
remains roughly constant across varied tolerances. Table 9 presents the latent
class probabilities that are computed from the estimated error probabilities
according to column three of Table 1. Note that even though the first class is
not latent, because it is defined by the accepted tolerance chosen, there is a



Table 9: Estimated Latent Class Probabilities for Jenkins and Rios-Avila
(2023b) Extended Model, Varied Tolerances for First Class |ri − si| ≤ · · ·

0.001 0.0025 0.005 0.0075 0.01 0.015 0.02
π1 0.0056∗∗∗ 0.0161∗∗∗ 0.0282∗∗∗ 0.0487∗∗∗ 0.0660∗∗∗ 0.1015∗∗∗ 0.1159∗∗∗

(0.0004) (0.0008) (0.0010) (0.0017) (0.0021) (0.0036) (0.0021)
π2 0.8637∗∗∗ 0.8564∗∗∗ 0.6966∗∗∗ 0.8315∗∗∗ 0.8180∗∗∗ 0.7877∗∗∗ 0.6171∗∗∗

(0.0145) (0.0140) (0.0250) (0.0131) (0.0128) (0.0132) (0.0519)
π3 0.1182∗∗∗ 0.1151∗∗∗ 0.2571∗∗∗ 0.1073∗∗∗ 0.1035∗∗∗ 0.0979∗∗∗ 0.2493∗∗∗

(0.0141) (0.0137) (0.0244) (0.0127) (0.0123) (0.0121) (0.0509)
π4 0.0001∗∗∗ 0.0002∗∗∗ 0.0005∗∗∗ 0.0006∗∗∗ 0.0008∗∗∗ 0.0013∗∗∗ 0.0021∗∗∗

(0.0000) (0.0000) (0.0001) (0.0001) (0.0001) (0.0002) (0.0002)
π5 0.0109∗∗∗ 0.0108∗∗∗ 0.0129∗∗∗ 0.0104∗∗∗ 0.0103∗∗∗ 0.0103∗∗∗ 0.0112∗∗∗

(0.0014) (0.0014) (0.0012) (0.0014) (0.0014) (0.0014) (0.0011)
π6 0.0015∗∗∗ 0.0014∗∗∗ 0.0047∗∗∗ 0.0013∗∗∗ 0.0013∗∗∗ 0.0013∗∗∗ 0.0045∗∗∗

(0.0003) (0.0003) (0.0007) (0.0003) (0.0003) (0.0003) (0.0013)
π7 0.0001∗∗∗ 0.0002∗∗∗ 0.0005∗∗∗ 0.0006∗∗∗ 0.0008∗∗∗ 0.0013∗∗∗ 0.0021∗∗∗

(0.0000) (0.0000) (0.0001) (0.0001) (0.0001) (0.0002) (0.0002)
π8 0.0109∗∗∗ 0.0108∗∗∗ 0.0129∗∗∗ 0.0104∗∗∗ 0.0103∗∗∗ 0.0103∗∗∗ 0.0112∗∗∗

(0.0014) (0.0014) (0.0012) (0.0014) (0.0014) (0.0014) (0.0011)
π9 0.0015∗∗∗ 0.0014∗∗∗ 0.0047∗∗∗ 0.0013∗∗∗ 0.0013∗∗∗ 0.0013∗∗∗ 0.0045∗∗∗

(0.0003) (0.0003) (0.0007) (0.0003) (0.0003) (0.0003) (0.0013)
Robust standard errors in parentheses. π̂1 computed from π̂rπ̂υπ̂s.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001



standard error reported for π1, as it is computed as π̂1 = π̂rπ̂υπ̂s according to
Table 1. The estimated error probabilities π̂j exhibit a rather mixed picture.
Two main patterns emerge among the estimates. The first is characterized by
the estimates slightly increasing as the accepted tolerance rises, which affects
π̂1, π̂4 and π̂7. The second pattern exhibits rather constant estimates, with
the exception of those for the tolerance amounts of 0.005 and 0.02. For π̂3, π̂6

and π̂9 the estimates for the tolerances of 0.005 and 0.02 are two to four times
than the other estimates, which only vary slightly. The same pattern, but with
much smaller deviations of the estimates for the 0.005 and 0.02 tolerances from
to the other tolerances, is observed for π̂5. In the case of π̂2 the estimates for
0.005 and 0.02 are considerably smaller, which also holds for the tolerance
of 0.015, but to a lesser degree. π̂8 exhibits a less clear-cut picture and falls
between the two patterns, as the estimates for tolerances 0.005 and 0.02 are
slightly larger than for the rest of the tolerances, for which a consistent image
emerges. Yet the differences are 0.2 and 0.1 percentage points, so that the
overall range of estimates is narrow and it could also be concluded that the
deviations from the estimates for the other tolerances are so minimal, that
the overall pattern of estimates could be described as sufficiently invariant to
consider estimates rather constant.

6 Conclusion
This paper investigates measurement error in earnings in a matched survey-
administrative dataset. Previous literature using German data is rare and
assumes that administrative data provide an accurate and error-free measure-
ment of true earnings. This paper is the first to relax the assumption of
error-free administrative records in German data. It provides a replication of
prior seminal work by, among others, Kapteyn and Ypma (2007) and Jenk-
ins and Rios-Avila (2023b) in the branch of the measurement error literature
allowing both sides of a linked dataset to contain error. Also, this paper in-
vestigates the robustness of the empirical choice of acceptable tolerances for
earnings measurements to be considered (as if) correct, in order to identify the
first class, which is essentially an empirical judgement at the discretion of the
researcher.

Overall, the choice of accepted tolerance is not as insignificant as has been
previously implied by the lack of explicit robustness checks for the extended
model. While the big picture remains the same and estimates follow the same
direction as well, as mostly a similar significance pattern prevails across the
bandwidth of tolerances estimated in this paper, which span from 0.49% of
observations to 11.6% of the sample, small shifts in estimates can be impact-
ful, such as when latent class probabilities are computed and multiple shifted
estimates are multiplied. In summary, the most conservative choice regard-
ing the accepted tolerance under which earnings measurements are considered
close enough, which is ultimately an assumption about what share of the sam-



ple is considered to provide correct information, would be to use the smallest
possible tolerance. With the present data, as the administrative records store
earnings information in a different pseudo-currency, i.e. pension points, con-
version might render a numerically identical measurement of earnings very
unlikely. Another reason for using at least some degree of accepted tolerance
can lie in the collection mode of survey earnings, which sometimes only allow
integer amounts. While assumptions are necessary and sometimes unavoid-
able in empirical work, attention needs to be directed to the consequences of
such assumptions regarding the end result. This work shows that while the big
picture in terms of estimated directions and significance levels, as well as dis-
tributional features of the different errors is robust to the choice of tolerance,
more detail-oriented questions, like that on the presence of mean-reverting
errors or the magnitude of estimated error probabilities, require more care-
ful consideration, as the estimates can vary substantially in their magnitudes.
Readers of empirical research in the field should be cautioned by the observa-
tion that significance patterns seem to hold irrespective of the chosen tolerance.
The significance of empirical findings should therefore not be accepted as an
argument justifying the empirical judgements made in an analysis.

With respect to the robustness of the present analysis, several points should
be carefully considered:

Firstly, representativeness is a potential issue of the analysis sample. Sak-
shaug and Kreuter (2012) come to the conclusion that consent and linkage
bias are negligible in their linked data, as non-consent biases are present for
few of their estimates and are small in magnitude compared to other sources
of bias. However, the sampling of the survey is an ongoing issue. The sample
of analysis is pooled, i.e. observations come from a range of ten years (2010 -
2020) and for some individuals, there is more than one observation, although
there is never more than one of an individual per year. Neither cross-sectional
nor longitudinal weights could entirely mitigate the consequences of pooling.
Cluster-robust standard errors are computed to address some of the issues that
arise from pooling. Further research could focus on the longitudinal dimen-
sion of the data, and formulate mixtures over several periods, which would
ultimately result in a filtering problem that would enable inferences on the
unobserved latent class probability at each point in time from the observed
data.

Secondly, the administrative data used here has the disadvantage of a cap
on social security contributions, which results in censored observations, i.e.
observations beyond a yearly-set social security maximum are not observed.
There are two possible remedies to this limitation. One could be imputing ad-
ministrative earnings beyond the social security cap. The forthcoming work of
Schluter et al. (2024) estimating optimal extreme values of a distribution using
rank-size regression could function as the groundwork in imputing these unob-
servable values. To impute individual incomes beyond the censoring threshold



would require an assumption about the rank of an individual’s (censored) earn-
ings, which could only come from the distribution of survey earnings and might
be problematic considering mean-reverting properties of measurement error in
earnings. So far, imputations have deliberately been avoided in the measure-
ment error literature and observations containing imputation were consistently
removed from the samples under study. Jenkins and Rios-Avila (2023b, p. 123)
report having fitted their models including imputed and otherwise edited ob-
servation, finding hardly any change to the results using non-imputed data
only. However, for their data, they do not report any top-censoring, which is
present in this paper. Alternatively, the need for imputations could be avoided
by a reformulation of the finite mixture model so as to account for the right-
censored observation of administrative earnings as another way to address the
censoring introduced by the social security contribution ceiling.
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