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Abstract
One of the main variables in the Dutch Labour Force Survey is the variable measuring whether a respondent has a permanent or a temporary job. The aim of our study
is to determine the measurement error in this variable by matching the information obtained by the longitudinal part of this survey with unique register data from
the Dutch Institute for Employee Insurance. Contrary to previous approaches confronting such datasets, we take into account that also register data are not error-free
and that measurement error in these data is likely to be correlated over time. More
specifically, we propose the estimation of the measurement error in these two sources
using an extended hidden Markov model with two observed indicators for the type
of contract. Our results indicate that none of the two sources should be considered
as error-free. For both indicators, we find that workers in temporary contracts are
often misclassified as having a permanent contract. Particularly for the register data,
we find that measurement errors are strongly autocorrelated, as, if made, they tend
to repeat themselves. In contrast, when the register is correct, the probability of an
error at the next time period is almost zero. Finally, we find that temporary contracts are more widespread than the Labour Force Survey suggests, while transition
rates between temporary to permanent contracts are much less common than both
datasets suggest.
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Measuring temporary employment

1

Introduction

The issue of temporary employment is receiving increased attention in the economic and
political debate. Temporary contracts allow employers to circumvent strict hiring and
firing regulations (Bentolila & Bertola, 1990; Booth, 1997; Cahuc & Postel-Vinay, 2002)
and some times even regulations concerning wage rigidity (OECD, 2002). Especially during
economic recessions, temporary contracts are used by employers to adjust their labour force
for product demand fluctuations.
The Netherlands has been a pioneer in flexible employment since the beginning of the
1990’s. Contractual flexibility is an important feature of the Dutch labour market. Temporary employment rose sharply from 5.9% in 1991 to 17.1% in 2010 (OECD, 2012), while
growth in temporary employment contributed 9.9 percentage points to the total employment growth from 1990 to 2000 (OECD, 2002). Employers have typically a ‘minimum
capacity’ personnel strategy (Sels & Van Hootegem, 2001), meaning that companies employ their ‘core’ workers with permanent contracts and offer temporary contracts to the
rest to be able to adjust in times of an economic slump.
Whereas, in the Netherlands, statistics on temporary contracts were until recently based
exclusively on data from household and labour force surveys, high-quality register data
has become available that may be used in conjunction with - or even replace - the survey
data. The first confrontation of the two data sources revealed some severely diverging
figures in the size of temporary employment. In 2009, the share of all types of temporary
contracts was 15.4% according to the Labour Force Survey (LFS), while 23.6% according
1
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to the ‘Polisadministratie’ (PA) data, which are register data provided by the Institute for
Employee Insurance (UWV) (Hilbers et al., 2011). As the size of temporary employment is
very important for the design of labour market policies, Statistics Netherlands undertook
the task of resolving the discrepancies between the two data sources. The results of the
further investigation of the data were not very promising. Preliminary results indicate
that 15.6% of those having a permanent contract according to the LFS appear to have a
temporary contract according to the PA, while 18.3% of those having a temporary contract
with duration shorter than one year according to the LFS appear to have a permanent
contract according to the PA (Mars, 2011). Although part of the inconsistencies can be
explained by the somewhat different definitions of temporary employment in the two data
sources, large discrepancies remain when using a matched sample where no definitionrelated problems exist.
As previous research suggests, measurement error can account for the encountered
inconsistencies between the survey and register data. As far as survey data are concerned,
measurement error has been recognized as an important source of bias (Rodgers, Brown,
& Duncan, 1993; Pischke, 1995; Bollinger, 1996; Rendtel, Langeheine, & Berntsen, 1998;
Bound, Brown, & Mathiowetz, 2001). Although no research exists on the error in the
measurement of the contract type, research on other labour market characteristics, such as
employment participation, wages, working hours, industry and occupation, indicates that
survey data may contain large amounts of measurement error, which may severely bias the
results of statistical analyses. For example, Gottschalk (2005) indicates that two-thirds
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of the observed nominal-wage reductions without a job change were due to measurement
error. Using the Panel Study of Income Dynamics (PSID) validation study, Mathiowetz
(1992) suggests that company registers and survey responses in occupational classification
agreed by 87.3%. Brown and Medoff (1996) find a 0.82 correlation of company registers
and survey responses on the establishment size and a 0.86 on company size.
Research on measurement error in register data is clearly scarcer than on survey data.
Register data are typically treated as error free and are used as a ‘golden standard’ when
confronted with survey data. For example, most research using the PSID validation study
relies on this assumption (Duncan & Hill, 1985; Rodgers et al., 1993; Bound, Brown,
Duncan, & Rodgers, 1994; Pischke, 1995). However, there is also research showing that
the ‘golden standard’ assumption may not be always plausible. Kapteyn and Ypma (2007)
study measurement error in earnings and, although they retain the assumption that register
data are error-free, they allow for errors in the matching of survey with register data. They
conclude that introducing this extra source of error changes the pattern of the measurement
error in the survey. Abowd and Stinson (2005) compare earnings’ reports from the Survey
of Income and Program Participation (SIPP) and the Detailed Earnings Records (DER).
Measurement error is found to be larger in the administrative DER data (20%-27%) than
in the SIPP data (13%-15%). Comparing the same data sets, Gottschalk and Huynh (2010)
suggest that measurement error can severely bias measures of income inequality.
The aim of the current paper is to estimate the amount of error in the measurement
of contract type in the Dutch LFS. For this purpose, the survey data are matched with
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register data from the PA. The register data are not treated as error-free, as we model
simultaneously the measurement error in both sources. We use an extended hidden Markov
model with two indicators for the type of contract (temporary or permanent), each coming
from one of our data sources.
The rest of the paper is organized as follows: in section 2, we elaborate further on the
problem of the measurement of temporary employment in the Netherlands by presenting
the relevant details on the two data sources and showing some descriptive statistics. In
section 3, we present the hidden Markov model that was used in this study. Section 4
discusses the results of our analysis. The conclusions of our study are presented in section
5.

2

Description of the two data sources

The two data sources providing information on temporary contracts are the Labour Force
Survey (in Dutch: Enquête Beroepsbevolking) administered by Statistics Netherlands (in
Dutch: Centraal Bureau voor de Statistiek - CBS) and the ‘Polisadministratie’-dataset of
the Institute for Employee Insurance (UWV). The LFS is a rotating trimonthly survey on
individual labour-market characteristics that is representative for the Dutch population
older than 15 years of age. The survey was launched in 1987, while its longitudinal component was introduced in 1999. Since 1999, respondents are interviewed at 5 consecutive
panel waves, which makes it possible to study short-term individual developments in the
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labour market. The interviews are spread rather evenly within the trimester.
Errors in the measurement of the contract type in the LFS are, as is typical in surveys,
the result of misreporting by respondents or mistakes in the recording of responses by
interviewers. An additional error source is the use of proxy interviews. Typically, in the
LFS, a single household member provides responses for all household members included in
the sample, which increases the measurement error. A further possible cause of measurement error is that workers may confuse the legal employment contract with the implicit or
psychological contract with their employer. Especially in younger cohorts where flexible
contracts are widespread and in sectors with large job mobility and changing employment
conditions, such as the health sector, workers may report that they have a permanent contract based on promises of the employer, while in reality they are employed on a temporary
contract.
The PA is a unique register dataset containing labour market and income information
for all insured workers in the Netherlands. This dataset is constructed by collecting and
matching information from various sources, such as the Tax Office (in Dutch: Belastingdienst) - including data from individual tax-reporting statements (in Dutch: jaaropgave),
declarations from temporary work agencies (in Dutch: weekaanleveringen) and the Population Register (in Dutch: Gemeentelijke BasisAdministratie persoonsgegevens - GBA).
The PA is administered by the Dutch Institute for Employee Insurance (UWV).
The UWV has a strong interest in maintaining the high quality and accuracy of the PA
as this data source is used by several governmental institutions. For example, the social
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security contributions, the housing allowance (in Dutch: huurtoeslag), and the health care
allowance (in Dutch: zorgtoeslag) are determined using information from this dataset. To
improve the data quality, the PA has undergone several revisions since 2006. There is no
missing data as the submission of tax-reporting statements is compulsory for employers.
However, whereas the dataset contains monthly information, employers typically submit
the relevant information only once per year.1 This may create possible mistakes for the
period between two consecutive submissions, especially in the measurement of the type
of contract, which is clearly not the most important variable for the users of the PA.
Therefore, we may expect that if a mistake is made in the contract type, it persists till the
moment that the employer submits the following report to the UWV. This means that the
measurement error in the PA can be expected to be serially correlated.
For our study, we use the information on the LFS sample that entered the panel during
the first trimester of 2007. Since we focus on employed individuals, we retained in the
sample individuals aged from 25 to 55. For these individuals, the trimonthly information from the LFS was matched with the monthly information from the PA by Statistics
Netherlands using the social security number of individuals. The achieved matching level
was 98% and all relevant inconsistencies were resolved.2 Our final dataset has the form of
a person-month file for 11,632 individuals with 15 observations corresponding to the period January 2007 - March 2008 and containing full information from the PA and partially
observed information (one response per 3 months) from the LFS. This panel dataset is
1
2

The moment of submission is not possible to be retrieved.
The matching and the quality control was done by Statistics Netherlands.
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unbalanced for the LFS as our survey data suffer from some attrition. More specifically,
from the 11,632 individuals that responded to the first interview, 9,970 were left in the
LFS-sample in the second interview, 9,113 for the third, 8,953 for the fourth and 8,629 for
the last interview. In the PA-data for this sample there is no attrition, so the sample is
fully balanced.
The variable of main interest for our study is the contract type, which takes on three
possible values: permanent contract, temporary contract, and ‘other’.
Table 1: Distribution of contract types according to the survey and the register
Survey

Register

Permanent

65.9

60.2

Temporary

8.0

12.3

Other

26.1

27.5

Cases

3,887

11,632

Note: These frequency distributions refer to
the first month of the reference period, January 2007. The EBB-sample is smaller than
the PA-sample as EBB-respondents were interviewed for the first time between January
and March 2007.

The contract type is derived from the main job, which means that information on other
jobs that individuals may hold is ignored. Individuals who are not in paid employment are
classified as belonging to the ‘other’ state. It should be noted that the latter state is rather
heterogeneous as it includes among others the categories self-employed, unemployed, and
7
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in full-time education. However, the inclusion of this state in our analysis is necessary as,
in Markov models, latent states should be mutually exclusive and exhaustive.
Table 1 presents the observed contract type distribution for the first month of the
reference period according to the survey and the register data. The largest discrepancies
occurs in the percentages of individuals holding permanent and temporary contracts, and
less in the ’other’ category. According to the survey data, in January 2007, 8% of the
labour force was employed with a temporary contract, whereas in the register data this
percentage is quite larger (11.8%).
Table 2: Cross-tabulation of contract type according to the survey and the register
Register

Survey data
Permanent

Temporary

Other

Total

Permanent

94.4

3.9

1.7

100

Temporary

50.2

43.7

6.1

100

Other

8.1

3.0

88.9

100

Total

66.7

8.7

24.6

100

Cases

32,225

4,216

11,856

48,297

data

Note: The frequency distributions are calculated for the pooled sample.

Table 2 cross-tabulates the contract type from the two sources for the pooled sample.
This table confirms the large discrepancies between the two data sources reported by
Statistics Netherlands. These discrepancies concern primarily individuals that are recorded
as working on temporary contracts. More specifically, , 50.2% of the individuals who are
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recorded as having a temporary contract in the register data appear to have a permanent
contract in the survey. Smaller, but still existent, inconsistencies emerge for individuals
that are recorded as having a permanent contract or as being in another state.
The inconsistencies in the classification of individuals that were presented in table 2
have severe implications on the transitions between the different states. Table 3 presents
the 3-month transition rates for the cases that we have an observation from the LFS.
This table indicates that the register data contain more transitions that the survey data.
Specifically, from individuals that have a temporary contract in month t − 3, 6.2% have
a permanent contract in month t according to the survey data and 8.9% according to the
register data.

3

The hidden Markov model used to estimate the
measurement error in the contract type

The model we use to estimate the error in the measurement of the contract type is a hidden
or latent Markov model. This model has been used for the estimation of measurement
error in variables from labour surveys (see, among others, van der Pol & Langeheine, 1990;
Rendtel et al., 1998; Bassi, Hagenaars, Croon, & Vermunt, 2000; Biemer & Bushery, 2000;
Pavlopoulos, Muffels, & Vermunt, 2012). Our application differs somewhat from these
applications in that we have two measurements instead of a single one for the outcome
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Table 3: Observed 3-month transitions in LFS and PA
Observed transitions from the survey data
Contract in t
Permanent

Temporary

Other

Permanent

0.982

0.009

0.009

Contract

Temporary

0.062

0.888

0.050

in t-3

Other

0.017

0.034

0.949

Total

0.674

0.089

0.237

Observed transitions from the register data
Contract in t
Permanent

Temporary

Other

Contract

Permanent

0.971

0.016

0.013

in t-3

Temporary

0.089

0.865

0.046

Other

0.020

0.037

0.943

Total

0.624

0.128

0.247

Note: For both tables, these are the transition rates over a 3-month period
and for the 34,820 cases that we have an observation in LFS.

variable; that is, the contract type from the PA and from the LFS. Other examples of
applications of latent Markov models using multiple response variables are Langeheine
(1994), Paas, Vermunt, and Bijmolt (2007), Bartolucci, Lupparelli, and Montanari (2009)
and Manzoni, Vermunt, Luijkx, and Muffels (2010).
Let Cit and Eit denote the observed state of person i at time point t according to the
register and the survey, respectively, where i = 1, ..., N and t = 0, ..., T . To deal with the
fact that Eit is observed only every third month, we use the indicator variable δit which
equals 1 if the survey information is available for the month concerned and 0 otherwise.
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In addition to the measurements from the register and survey, the hidden Markov model
contains an unobserved variable representing an individuals’ true contract type at time
point t. We denote this latent state by Xit . Note that Cit , Eit , and Xit can take on
three values representing the categories permanent, temporary, and other. We refer to a
particular category of these variables by ct , et , and xt , respectively.
...E(t − 3)

.

.

E(t)...

...X(t − 3)

X(t − 2)

X(t − 1)

X(t)...

...C(t − 3)

C(t − 2)

C(t − 1)

C(t)...

Figure 1: Path diagram for the hidden Markov model with two (partially) observed indicators

The path diagram for the hidden Markov model of interest is depicted in Figure 1.
As can be seen, the latent contract type Xit follows a first-order Markov process; that
is, the true contract at time point t, Xit , is independent of the contract at time point t′ ,
Xit′ , for t′ < t − 1, conditionally on the state at t − 1, Xi(t−1) . Another assumption is
that the observed states are independent of one another within and between time points,
which is referred to as the local independence assumption or the assumption of independent
classification errors (ICE). It can also be seen that Eit is observed only each third time
point.
As indicated in the previous section, we use data for 15 months, which means that t
runs from 0 to T = 14. The probability of following a certain observed path over the T + 1
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months period can be expressed as follows:

P (Ci = c, Ei = e) =

3 X
3
X

...

x0 =1 x1 =1
T
Y

3
X

P (Xi0 = x0 )

xT =1

T
Y

P (Xit = xt |Xi(t−1) = xt−1 )

t=1

P (Cit = ci |Xit = xt )

t=0

T
Y

P (Eit = ei |Xit = xt )δit

(1)

t=0

The relevant probabilities appearing in this equation are the initial state probabilities
P (Xi0 = x0 ), the time-specific transition probabilities P (Xit = xt |Xi(t−1) = xt−1 ), the
measurement error probabilities for the register P (Cit = ct |Xit = xt ), and the measurement
error probabilities for the survey P (Eit = et |Xit = xt ).
V

...E(t − 3)

.

.

E(t)...

...X(t − 3)

X(t − 2)

X(t − 1)

X(t)...

...C(t − 3)

C(t − 2)

C(t − 1)

C(t)...

Figure 2: Path diagram for the hidden Markov model with two indicators and correlated
errors

So far, we assumed that the measurement error is uncorrelated across time points that the ICE assumption holds - which may be unrealistic in our application. First of all,
as indicated in the previous section, the measurement error in the register data is likely to
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be serially correlated; that is, when there is a mismatch between Xit and Cit , this increases
the likelihood of having the same error at time point t+1. This is the result of the fact that
employers make mistakes in their registers which are not adapted until a regular control
takes place. Moreover, the errors in the survey data may be correlated over time as a
result of the fact that the probability of making an error may differ across individuals,
which is sometimes referred to as differential measurement error. Measurement error in
the survey data is likely to be higher in sectors where mobility is common and ambiguity
exists regarding the agreements between employers and workers, such as the health sector.
Moreover, errors may be larger for young workers that care less about long-term employer
relationships and therefore may have a less clear view than older respondents with respect
to the formal arrangements they have on their contract. Figure 2 depicts the path diagram
of the model correcting for possible heterogeneity and autocorrelation in the measurement
error, where V represents the observed variables that introduce across-time correlation in
the measurement error in the survey data.
Because it is also important to control for the heterogeneity in the structural part of
a Markov model (Shorrocks, 1976), the model is further expanded with – possibly timevarying – observed variables affecting the initial state and latent transition probabilities,
following the approach of Vermunt, Langeheine, and Böckenholt (1999). We denote these
control variables by Zit . However, these observed control variables cannot fully capture
heterogeneity in the latent transition probabilities as these may be also affected by unobserved personal traits, such as motivation and ability. Following the most standard
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approach in the framework of hidden Markov models, we correct for unobserved heterogeneity by assuming that the population consists of a small number of latent classes with
different initial state and transition probabilities (Poulsen, 1990). The number of latent
classes K can be determined using model fit indices.
In our mixed hidden Markov model, the joint probability of having a particular observed
state path conditionally on predictor values can be expressed as:

P (Ci = c, E = ei |Vi , Zi ) =

K X
3 X
3
X

...

k=1 x0 =1 x1 =1
T
Y

3
X

πk P (Xi0 = x0 |Zi0 , k)

xT =1

P (Xit = xt |Xi(t−1) = xt−1 , Zit , k)

t=1

P (Ci0 = c0 |Xi0 = x0 )
T
Y

P (Cit = ct |Xit = xt , Xi(t−1) = xt−1 , Ci(t−1) = ct−1 )

t=1
T
Y

P (Eit = et |Xit = xt , Vit )δit ,

(2)

t=0

where πk is the probability of belonging to the latent class k, Vit is the vector of covariates
affecting the measurement error in the survey data and Zit is the vector of the covariates
affecting the initial state and latent transition probabilities.
Compared to equation 1, in equation 2, the error probabilities in the survey data are
allowed to depend on covariates (Vit ). The covariate effects on these error probabilities
are modelled using a logit model. Moreover, the error probabilities in the register data
are allowed to depend on the lagged observed and lagged true contract type. Note that
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Xi(t−1) and Ci(t−1) can take on 3 values, which implies that there are 9 (3 times 3) different
sets of error probabilities in the register data, one for each possible combination of lagged
observed and latent contract. Because it is not meaningful to estimate all these error probabilities freely, we used a more restricted model. More specifically, we define a logit model
for P (Cit = ct |Xit = xt , Xi(t−1) = xt−1 , Ci(t−1) = ct−1 ) of the form αct ,xt + βct ,ct−1 ,xt ,xt−1 ,
with βct ,ct−1,xt ,xt−1 being a free parameter when ct = ct−1 6= xt = xt−1 (when the same
error is made between adjacent time points) and otherwise being equal to 0. This model,
which contains 6 additional parameters compared to a model without lagged effects on
the misclassification probabilities, expresses that the likelihood of making a specific error
depends on whether the same error was made at the previous time point. Similar restricted
correlated error structures were used by Manzoni et al. (2010) in a latent Markov model
for retrospectively collected responses.
The initial state and latent transition probabilities are also restricted using logit models,
while for the transitions we use models with separate coefficients per origin state. Note
that the mixed hidden Markov model described in equation 2 assumes a first-order Markov
process for the true states conditionally on the individuals’ covariate values and timeconstant unobserved effects, but this assumption does not need to hold after marginalizing
over covariate values and latent classes.
Maximum likelihood estimates of the model parameters are obtained using a variant of
the Expectation-Maximization (EM) algorithm (Dempster, Laird, & Rubin, 1977) referred
to as the forward-backward or Baum-Welch algorithm (Baum, Petrie, Soules, & Weiss,
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1970). The extension of this algorithm for mixed latent Markov models with covariates
was described among others in Vermunt, Tran, and Magidson (2008) and Pavlopoulos et
al. (2012). In the E-step, the expected complete data log-likelihood is computed, which
involves computing the relevant marginal posterior probabilities for the latent classes and
latent states. In the M-step, the model parameters are updated using standard algorithms for logistic regression analysis, where the marginal posterior probabilities are used
as weights. This algorithm is implemented in the program Latent GOLD (Vermunt &
Magidson, 2008), which also provides standard errors for the model parameters.
Missing values in the survey data do not cause any bias in our analysis. Missing values
due to the survey construction (as respondents are interviewed once per 3 months) are
Missing Completely At Random (MCAR). Missing values due to attrition in the survey
are treated as Missing At Random (MAR).

4

Results for the matched LFS and PA data

Table 4 presents the log-likelihood, the Bayesian Information Criterium (BIC), the
Akaike Information Criterium (AIC) values and the number of parameters for nine of the
models that were estimated with the matched LFS and PA data. In all models, the (latent)
transition probabilities are assumed to be time heterogeneous; that is, the transition logits
are allowed to depend on time and time squared. Moreover, unobserved heterogeneity in
the transition probabilities is controlled for with three latent classes. This number of latent
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Table 4: Fit measures for eight models estimated with the matched LFS and PA data
Model

Log-likelihood

BIC (LL)

AIC (LL)

Parameters

A’: ICE survey

-46,702

93,815

93,492

44

A”: ICE register

-74,365

149,142

148,818

44

A: ICE both

-46,355

93,177

92,809

50

B’: A + non-ICE survey

-46,231

92,967

92,570

54

B”: A + non-ICE register

-39,923

80,370

79,958

56

B: A + non-ICE both

-39,902

80,365

79,923

60

C’: B” + predictors transitions

-39,793

80,448

79,770

92

C”: B” + predictors initial & transi-

-39,329

79,632

78,866

104

-39.327

79.666

78.871

108

tions
C: B” + predictors initial & transitions

Note: Models A’, A” and A specify independent classification errors (ICEs) for the survey, the register
and both datasets, respectively. Model B’ specifies the error in the survey to depend on age and proxy
interview, Model B” specifies serially correlated errors in the register, while Model B combines these two
specifications. Models C’ and C” extend Model B” by introducing gender, age, education and country of
origin as predictors for the transitions and for both the initial state and the transitions, respectively. Model
C extends Model B by introducing the same predictors

classes was selected by comparing variants of Models B” and C with different number of
latent classes.3
Model A specifies that both the survey and the register data contain (independent)
classification errors. As this model fits better than the restricted Models A’ and A”, which
assume that only the survey (Model A’) or only the register (Model A”) contains errors,
we conclude that there is evidence that both sources contain classification errors.
Models B’, B”, and B relax the ICE assumption for the survey, the register, and both
the survey and the register, respectively. More specifically, the measurement error in the
3

The results of these tests are available on request.
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survey data is allowed to depend on the respondent’s age and on whether the information
was obtained using a proxy interview, and the measurement error in the register data is
allowed to depend on the lagged latent and observed contract type. The latter is achieved
by estimating a separate set of error probabilities for repeating the same error across
occasions. Restricted versions of Model B are estimated as well to examine whether the
violation of the ICE assumption applies to the measurement error of only the survey data
(Model B’) or only the register data (Model B”). The fact that Model B” fits better than
Models A and B’ indicates that the ICE assumption should be relaxed for the indicator
of the register data. Model B improves marginally the fit compared to Model B”, which
indicates that the ICE assumption for the survey indicator has also to be relaxed in a
model without predictors for the transitions and for the initial state.
Finally, we extended Models B” and B by including covariates in the models for the
latent transition and the initial latent state probabilities (Model C” and C, respectively).
Model C’ is a restricted version of Model C” in which predictors are allowed to affect only
the latent transition probabilities. The fact that Model C” fits better than Model B” and
Model C’ indicates that covariates have a significant effect on both the transitions and
the initial states. The fact that, according to 2 of the 3 measures, Model C fits worse
that Model C” means that the ICE assumption should be retained in the model including
predictors for the transitions and for the initial state.4
We investigated various alternative non-ICE models. Specifically, we studied whether
4

As the results of Model C show, the size of the measurement error in the survey data changes only
marginally with age and proxy interview. This is further evidence in favor of retaining the ICE assumption
for the survey indicator.
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the measurement error in the survey data differs for sectors with large contract and employment mobility, such as the health sector, but this did not turn out to be the case. For
the register data, we looked at alternative restricted specifications for the correlated errors,
but these turned out to be worse in terms of model fit than the models from Table 4.
Table 5: The size of the measurement error in the survey data according to Model C”
Observed contract in t
Latent

con-

Permanent

Temporary

Other

Permanent

0.997

0.001

0.002

Temporary

0.135

0.827

0.038

Other

0.004

0.005

0.991

tract in t

Note: Standard errors are always smaller than 0.0001.

Now let us look at amount of classification error in the two data sources. According
to equation 2, for the survey and register data, this is represented by the probabilities
P (Eit = eit |Xit = xt ) and P (Cit = cit |Xit = xt , Xi(t−1) = xt−1 , Ci(t−1) = ct−1 ), respectively.
The estimates from Model C” are presented in tables 5 and 6. Specifically, table 5 shows
that permanent contracts and the other state are measured very accurately in LFS as
almost all individuals are correctly classified. Some error is found for individuals that
have in reality a temporary contract. 13.5% of these individuals report that they have a
temporary contract, while another 3.8% report being in another state.
Table 6 reports the estimated measurement-error probabilities for the register data,
which according to equation 2 depend on the lagged observed and latent state. Due to the
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Table 6: Conditional probabilities of measurement error in register data according to Model
C”
Permanent

Temporary

Permanent

0.987

0.009

0.004

Permanent

Temporary

0.987

0.009

0.004

Permanent

Permanent

Other

0.987

0.009

0.004

Permanent

Temporary

Permanent

0.047

0.929

0.024

Permanent

Temporary

Temporary

0.969

0.030

0.001

Permanent

Temporary

Other

0.047

0.929

0.024

Permanent

Other

Permanent

0.005

0.005

0.990

Permanent

Other

Temporary

0.005

0.005

0.990

Permanent

Other

Other

0.915

0.000

0.085

Temporary

Permanent

Permanent

0.027

0.973

0.000

Temporary

Permanent

Temporary

0.987

0.009

0.004

Temporary

Permanent

Other

0.987

0.009

0.004

Temporary

Temporary

Permanent

0.047

0.929

0.024

Temporary

Temporary

Temporary

0.047

0.929

0.024

Temporary

Temporary

Other

0.047

0.929

0.024

Temporary

Other

Permanent

0.005

0.005

0.990

Temporary

Other

Temporary

0.005

0.005

0.990

Temporary

Other

Other

0.001

0.857

0.142

Other

Permanent

Permanent

0.040

0.000

0.960

Other

Permanent

Temporary

0.987

0.009

0.004

Other

Permanent

Other

0.987

0.009

0.004

Other

Temporary

Permanent

0.047

0.929

0.024

Other

Temporary

Temporary

0.006

0.109

0.886

Other

Temporary

Other

0.047

0.929

0.024

Other

Other

Permanent

0.005

0.005

0.990

Other

Other

Temporary

0.005

0.005

0.990

Other

Other

Other

0.005

0.005

0.990

Observed con-

Latent contract

Latent contract

tract in t − 1

in t

in t − 1

Permanent

Permanent

Permanent

Note: Standard errors are always smaller than 0.0001.
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restrictions imposed (see section 3), separate error (logit) parameters were estimated for
repeating the same error between months t − 1 and t. These situations correspond to the
shaded cells in table 6. As can be seen, the measurement errors are strongly autocorrelated;
that is, if an error was made in month t − 1 and if it was possible to repeat the same error
(if one remained in the same latent state), the error almost surely persisted in month t.
For instance, if an individual with a permanent contract in month t − 1 was registered
mistakenly as having a temporary contract and she had still a permanent contract in
month t, then she had a 0.973 probability of being wrongly registered again as having a
temporary contract in t. For the other five possible errors, the probability of a persisting
measurement error is somewhat lower, but it is never below 0.85.
A different picture emerges when no error is made at time point t − 1 or when an
individual changes latent state between t − 1 and t and therefore no error repetition is
possible. In these cases, register data is almost error-free. For instance, when an individual
was correctly registered as having a permanent contract in month t−1 and has a temporary
contract at t, the contract type is registered correctly as temporary at t with a probability
of 0.929. In practice, this means that the initial registration of the contract is crucial for
the PA. If this registration is correct, then the registered contract type of the individual
can be fully trusted until some true labour market change takes place. In contrast, if the
contract type of the individual is initially registered wrongly, then this error will almost
surely persist until the individual changes contract.
To estimate the overall amount of error in the register data, we use the posterior prob-
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ability of having a particular type of latent contract at each time point. This probability
is estimated for all individuals in our sample by the hidden Markov model. These estimates are quite accurate as the classification error is only 0.016. The averages of these
probabilities over individuals and time points are presented in table 7. This table reveals
that the error is larger in the register indicator than in the survey indicator. Specifically,
individuals that are truly working on a temporary contract have a 0.236 probability of
being registered as having a permanent contract and a 0.08 probability of being registered
as being in the other state in the PA. There is also some classification error for individuals
that are truly working on a permanent contract, as they have a 0.08 probability of being
registered as temporary workers and an 0.031 probability of being registered to another
state.
Table 7: The size of the measurement error in the register data according to Model C”
Observed contract in t
Latent

con-

Permanent

Temporary

Other

Permanent

0.889

0.080

0.031

Temporary

0.236

0.684

0.079

Other

0.032

0.017

0.951

tract in t

Note: These probabilities are the average posterior probabilities of
having a particular type of latent contract as estimated by Model C”
with classification error 0.016.

We are not only interested in the measurement error itself, but also in how much
it affects the estimate of the size of temporary employment. Using again the average
posterior probabilities of having a particular type of latent contract, we estimate the size
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of temporary employment in the Netherlands. In table 8, we compare the size of temporary
employment as estimated by the hidden Markov model with the observed distributions of
the contract type from the LFS and the PA. The average posterior probability of being in
a temporary contract is 10.9% and lies in between the values obtained from LFS and PA.
Table 8: The average size of temporary employment according to Model C”
Observed

Latent

Survey

Register

Permanent

0.667

0.597

0.634

Temporary

0.087

0.130

0.109

Other

0.246

0.273

0.257

Cases

48,297

174,480

174,480

Note: The latent probabilities are the average posterior probabilities of having a particular type of latent
contract as estimated by Model C” with classification
error 0.016.

Table 9 presents the evolution of the size of temporary employment according to the two
data sources and according to the hidden Markov model. This table confirms the finding
that the size of temporary employment according to our model is in between to that of
the register data and to that of the survey data. It can also be seen that in the period of
reference, the proportion of temporary employed increased. The small drop that is observed
in the register data in January 2008 (month 13) compared to December 2007 (month 12)
may be explained by the fact that many temporary contracts end on December 31st,
and that, moreover, some of these contract are converted into permanent contracts. The
somewhat larger fluctuation in the size of temporary employment according to the survey
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data is due to the fact that respondents of the LFS are interviewed once per 3 months and
thus the various monthly estimates come partly from different survey respondents.
Table 9: The evolution of the proportion of temporary employed for the period between
January 2007 and March 2008
Source
Month

Survey

Register

Latent

1

0.080

0.123

0.103

2

0.082

0.124

0.103

3

0.085

0.123

0.103

4

0.084

0.128

0.104

5

0.084

0.129

0.104

6

0.090

0.129

0.104

7

0.089

0.130

0.105

8

0.087

0.131

0.106

9

0.091

0.135

0.110

10

0.087

0.134

0.113

11

0.088

0.135

0.114

12

0.091

0.135

0.115

13

0.090

0.131

0.116

14

0.089

0.131

0.119

15

0.096

0.132

0.121

Note:

Survey data include trimonthly ob-

servations per individual, while register data
include monthly observations per individual.
The latent probabilities are the average posterior probabilities of having a particular type of
latent contract as estimated by Model C” with
classification error 0.016.

Not only the aggregate change, but also the individual level change is important to
investigate; that is, the probability of making a transition from temporary to permanent
employment and vise versa. These transition probabilities are presented in table 10. More
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specifically, table 10 presents the (average) latent transition probabilities obtained from
Model C”. The transition probabilities refer to a period of 3 months and are averaged over
the 12 three-month periods in our data. If we compare the findings of table 10 with those of
table 3, we see that the latent transitions probabilities are much smaller than those of both
the register and the survey data. According to the latent transition probabilities, 3.3% of
the individuals with a temporary contract were working with a permanent contract one
year later, but according to the survey and register data, these percentages are 6.2% and
8.9%, respectively. This shows that measurement error can severely inflate upwards the
size of transition probabilities. This inflation is particularly large in the smallest group, the
individuals holding temporary contracts, which is in agreement with the observations of
Hagenaars (1990, 1994). The same pattern of underestimation of stability can be observed
for the permanent contract state: 98.2% and 97.1% stayed in this state according to the
survey and the register data, respectively, while the true stability is 98.7%.
Table 10: Observed 12-month transitions in LFS and PA and latent transitions according
to Model C
Latent transitions
Permanent

Temporary

Other

Contract

Permanent

0.987

0.006

0.007

in t-12

Temporary

0.033

0.930

0.037

Other

0.009

0.030

0.961

Total

0.633

0.111

0.256

Note: The latent probabilities are the average posterior probabilities of having a particular type of latent contract as estimated by Model C” with classification error 0.016.
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5

Conclusions

In this paper, we investigated the measurement error in the type of the employment contract in the Dutch LFS by matching its longitudinal component from 2007 and early 2008
with a unique register dataset, the PA. We applied several hidden Markov models, in which
the true contract type is treated as a latent state and in which the survey and register information serve as observed indicators of an individual’s true contract. We modeled the
measurement error in the two data sources by taking into account that the error in the
register is correlated across occasions.
Our results show that the register data contain more error than the survey data, and
therefore cannot be used as a golden standard. However, the improvement of the initial
registration in the register data can significantly improve their quality as measurement error
in the indicator of the contract type that comes from this dataset is serially correlated.
The measurement error results into an underestimation of the percentage of individuals
that are working on a temporary contract. In the LFS this percentage is 8.9%, whereas
after correction for measurement error this percentage rises to 10.9%. Another effect of
measurement error is that yields severely overestimated transition probabilities. According
to the LFS and PA, the transition probability between temporary to permanent employment in a 3-month period is 6.2% and 8.9%, respectively, whereas the corresponding latent
transition probability is only 3.3%. This finding is particularly important for Dutch policy
makers as it clearly indicates that there is much less mobility from temporary to permanent
employment than originally thought.
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