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In this paper, we develop a multigroup hidden Markov model to tackle the issue of measurement error in multi

source data from different countries. We focus, in particular, on the measurement of employment mobility in 
the Netherlands and Italy using linked data from the Labour Force Survey and administrative sources. The 
measurement-error correction we apply reconciles differences between data sources and shows that cross-country 
differences in employment mobility are smaller than originally thought. Error-corrected estimates indicate that 
mobility from temporary to permanent employment has become, over time, larger in Italy than in the Netherlands, 
while mobility from non-employment to temporary employment has steadily been higher in the Netherlands than 
in Italy.

1. Introduction

Having reliable estimates on (socio)economic indicators is important 
for both policy making and scientific research. Evidence-driven poli

cymaking depends on reliable estimates in fields such as employment, 
social welfare, and economic forecasting. In research, such estimates are 
necessary to explain social phenomena and test the predictions of theo

ries such as the Human Capital theory and segmentation theories. Social 
scientists and policymakers are not only interested in snapshots of in

dicators in a particular moment and a particular country only, but also 
in how indicators evolve over time and are compared across countries 
or other geographical entities. For example, in the field of employment, 
we need reliable estimates not only of mobility from unemployment 
into employment in a single country, but also how this transition varies 
across countries with different employment and welfare systems. In so

cial sciences, actually, whole theoretical approaches on employment 
regimes [21] and welfare states [13] depend on the reliable absolute 
and relative ranking of countries on these indicators.

Measurement error presents a considerable threat to the reliability of 
our estimates of (socio)economic indicators. This threat is particularly 
concerning when changes over time in these indicators, as inaccuracies 
in data sources can severely undermine the validity of longitudinal anal
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yses. Using data from the Survey of Income and Program Participation, 
Gottschalk [16] finds that almost two-thirds of the observed wage de

cline without a job change results from measurement error. For the same 
data, Bassi, Hagenaars, Croon, and Vermunt [4] find large biasing effects 
of measurement error in overtime mobility from unemployment to em

ployment. Pischke [37] suggests that measurement error inflates annual 
earnings mobility in the Panel Study of Income Dynamics by 20%-45%. 
Rendtel, Langeheine, and Berntsen [38] find that measurement error 
accounts for almost half of the year-to-year observed transitions out of 
poverty in the German Socio-Economic Panel. Pavlopoulos and Vermunt 
[36] and Pankowska, Bakker, Oberski, and Pavlopoulos [33,31] show 
that at least half of the observed mobility from temporary to permanent 
employment in the Netherlands is not real. These findings are consider

ably worrisome as they concern key socioeconomic indicators frequently 
used in policymaking. What is more alarming is that even small amounts 
of measurement error in the phenomenon of interest may cause a large 
bias in the estimates of longitudinal change in this phenomenon [19,34].

Measurement error is a concept from test and measurement theory 
[6]. It refers to the discrepancy between an observed measurement and 
the true underlying value it is supposed to represent. Mathematically, 
the observed value of a variable 𝑋𝑖 can be decomposed into:
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𝑋𝑖 = 𝜂𝑖 + 𝜖 (1)

where 𝜂𝑖 represents the true underlying score (latent construct), and 𝜖
represents the measurement error, which is random variability unre

lated to 𝜂𝑖 (unreliability).

A common solution to measurement error is to use latent variable 
models with multiple observed indicators (multi-source data). Latent 
variable models help reducing the impact of measurement error by 
approximating the true underlying construct 𝜂𝑖 using multiple related 
observed variables. For example, if two observed variables 𝑋1𝑖 and 𝑋2𝑖
measure the same latent construct, the model can be written as:

𝑋1𝑖 = 𝜆1𝜂𝑖 + 𝜖1

𝑋2𝑖 = 𝜆2𝜂𝑖 + 𝜖2 (2)

where 𝜆1 and 𝜆2 are factor loadings, which indicate how strongly each 
observed variable is related to the latent construct and 𝜖1 and 𝜖2 are in

dependent measurement errors specific to each observed variable. Since 
the measurement errors (𝜖1, 𝜖2) are unrelated to the true score and are 
independent across items, using multiple items allows us to estimate 𝜂𝑖
more accurately. The shared variance between 𝑋1𝑖 and 𝑋2𝑖 reflects the 
true construct, while the independent error terms do not accumulate, 
thus reducing overall measurement error. Moreover, the factor load

ings (𝜆) help account for differences in item reliability (some items may 
capture the latent construct better than others). By modelling these rela

tionships, latent variable models allow us to separate true variance from 
measurement error and obtain more reliable estimates of the underlying 
construct.

This approach has been specifically developed for continuous vari

ables, where variance decomposition is fundamental. However, it also 
provides a broader conceptual framework for assessing measurement 
quality in categorical variables, which require distinct modelling tech

niques to account for their discrete nature. The studies of [4], [38], [36] 
and [33,31] are examples of using latent variable models on categorical 
multi-source data. These studies reconcile partly different measures of 
employment status and provide us with more reliable estimates of the 
transition rate, e.g. from temporary to permanent employment.

The above-mentioned research provides a solution in single con

texts (i.e. countries). However, producing error-corrected estimates 
of cross-country differences presents additional methodological chal

lenges. Multi-source data are very rarely harmonised or even compa

rable across countries. At least for some of the data sources (typically 
administrative data), data collection, population coverage, and vari

able definitions vary considerably across countries. Therefore, relevant 
statistical approaches need to be extended to produce error-corrected 
estimates of cross-country differences.

This paper presents statistical methods based on latent variable mod

elling to reconciliate information from multiple sources, accounting for 
potential measurement errors in each source and enabling meaningful 
cross-country comparisons. We focus on one crucial socioeconomic in

dicator, employment mobility, and we study whether measurement error 
biases differences between two countries with very different labour mar

kets: Italy and the Netherlands. In the reference period of this study, that 
is, 2017-2019, the Netherlands had stricter regulations regarding indi

vidual and collective dismissals of permanent contracts, while Italy had 
stricter regulations concerning the use of temporary contracts [30].

Our modelling approach includes the development of a multiple-group 
hidden Markov model (MgHMM). Hidden Markov models belong to the 
family of latent variable modelling and have already been extensively 
utilized in employment studies to correct for measurement error in cat

egorical longitudinal data [36,4,31,35,14,11]. The main advantage of 
these models is that they do not require external validation data that 
should be considered as error-free or ‘gold-standard’ [45,26]. A further 
advantage of HMMs is that they can triangulate information from differ

ent sources and, in this way, improve the reliability of estimation of the 

true (latent) employment status. Taking advantage of this, we use linked 
administrative data (AD) with the Labour Force Survey (LFS) from the 
two countries.

The rest of the paper is organized as follows: Section 2 provides a 
mild introduction to measurement error. 3 describes the data that we 
are using. In section 4, we introduce the multiple-group hidden Markov 
model. In Section 5, we present the results of the data analysis, and in 
Section 6 we discuss the conclusions of our research.

2. Measurement error and socio-economic research

Measurement errors are a common feature of all major data sources 
utilised in labour market research. In survey data, respondents may 
provide incorrect answers, and interviewers can occasionally record re

sponses inaccurately. These errors may arise due to cognitive factors 
[40], social desirability bias [41], or the influence of survey design 
and conditions [25,39,17]. Similarly, administrative data, which are 
increasingly used in labour market studies, are not immune to errors 
[1,28,29,22]. Measurement error in these data is typically the result of 
processing error, administrative delays, or software failure.

Although the National Statistical Institutes (NSIs) make a significant 
effort to improve the quality of these datasets through editing proce

dures, a notable level of measurement error persists [42,9]. A more 
concerning issue is that even minor measurement errors, such as misclas

sification of employment contract types or other categorical variables, 
can significantly distort transition rate estimates over time [36,18,31]. 
For example, Hagenaars [19,20] highlights that small misclassification 
errors can lead to disproportionately large errors in over-time transi

tion rates. Pavlopoulos et al. [34] demonstrate this effect using a Latent 
Class model with two time points. Their findings revealed that a mere 
5% measurement error in a fictitious binary variable could result in mo

bility estimates being inflated by a factor of 2.73. In practical terms, 
a true transition probability of 5% could appear as 13.5% due to this 
error.

Big data and administrative data are often collected by different insti

tutions for specific purposes and may not be directly usable for produc

ing statistics or performing research in their original form. As there is no 
cross-country harmonization process, the size and type of measurement 
error in each of these datasets may differ across countries. Therefore, 
using multi-source data (in this case, linked LFS-administrative data) 
to produce error-corrected statistics and estimates of employment sta

tus and employment mobility requires the development of a statistical 
model that can address the aforementioned complexities.

3. The linked data from the Netherlands and Italy

The National Statistical Institutes of the Netherlands (CBS) and Italy 
(Istat) produce primary statistics on employment using the Labour Force 
Survey (LFS). LFS is conducted by Istat and CBS following the EU stan

dards outlined in EU Regulation 2019/1700 of the European Parliament 
and the Council.1 Effective in 2021, this regulation establishes detailed 
and binding requirements for European statistics on individuals and 
households based on individual-level data obtained from samples, in

tending to enhance harmonization. In both countries, the LFS offers 
longitudinal labour market information that includes employment and 
demographic characteristics.

In the LFS, the working-age population (15 years and older) is clas

sified into three distinct and mutually exclusive groups: employed, un

employed, and inactive. Employed persons include individuals aged 15 
to 74 who have worked at least one hour of paid employment during 
the reference week. This also includes those who worked for at least one 

1 It is important to note that the ‘Integrated European Social Statistics Frame

work Regulation’ (IESS FR) that is applicable to the LFS data collection since 1 
January 2021 was not implemented in the period of reference of this study.
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hour as contributing family workers, even if unpaid and those who were 
temporarily absent from work. Individuals are classified as unemployed 
if they are available for work and actively seeking employment. Finally, 
inactive persons are neither working nor seeking employment (or are 
unavailable to work). This category includes those engaged in full-time 
education, retirees, and individuals dedicated to household and family 
responsibilities.

In both Italy and the Netherlands, the LFS is a quarterly survey uti

lizing a rotating sample of households. In the reference period, Statistics 
Netherlands (CBS) administered the LFS with a two-stage stratified de

sign [7]. In this design, the municipality was the first stratum and the 
address the second. Municipalities with more than 7300 addresses are 
always included in the sample, while those with fewer are included on 
the basis of a formula that ensures an equal probability of sampling for 
all addresses in the country. Households were interviewed every three 
months, with an interval of three months between consecutive inter

views and for five consecutive quarters. Each quarter, around 0.9% of 
the households in the Netherlands are randomly selected from the sam

ple.

In the Italian LFS, for each quarter, Istat employs a two-stage design, 
where municipalities serve as the first-stage units and households as the 
second-stage units. Municipalities are stratified according to the size of 
the population. Households are selected from the sampled municipali

ties and then all individuals within the selected households are inter

viewed. The survey operates continuously, conducted weekly through

out each quarter, and samples from different quarters overlap according 
to a rotation scheme. Specifically, a household in the sample is inter

viewed for two consecutive quarters and, after a break of two quarters, 
is interviewed for an additional two quarters. For further details on Ital

ian LFS, see [23].

Beyond the LFS, the NSI’s of the Netherlands (CBS) and Italy (Istat) 
utilize a range of administrative sources to collect and publish infor

mation on employment. In particular, AD is used in both countries, for 
example, to create sampling frames and provide supplementary infor

mation for data collection, editing, imputation, and estimation [10].

The Dutch AD is the System of Social Statistical Datasets - SSD [3]. 
This is a comprehensive dataset that contains information coming from 
different administrative sources. From SSD, we derive information on 
employment status from a variable constructed by CBS (SECM) to repre

sent the monthly socio-economic status of the individual. It is important 
to note that this variable summarizes information from various adminis

trative sources (e.g., the Employee Insurance Agency and the Tax Office) 
that collect information in different ways and with varying time consid

erations. For example, information on the type of employment contract 
comes from reports that employers submit to the Employee Insurance 
Agency. Although these reports contain information at the level of the 
day, they are typically submitted once or twice per year. Another ex

ample concerns the self-employed. Information on self-employment is 
derived mainly from the Tax Office and is only available at the yearly 
level.

Istat utilizes various administrative data sources, primarily from so

cial security and tax authorities, to build a comprehensive employment 
information system. Social security data are mainly used to identify em

ployees, while tax records cover the self-employed population. These 
sources differ in structure and temporal granularity. Social security data 
provide precise information on the start and end dates of employment 
contracts, whereas tax data generally reflect only an individual’s over

all employment status for the entire year. To reconcile these differences, 
pre-processing and harmonization of the data is carried out every year. 
The final data structure enables the identification of an individual’s 
weekly employment status throughout all 52 weeks of the reference 
year, along with key characteristics of their work activities. In cases of 
multiple job holdings, the primary job is identified as the one yielding 
the highest income.

In this paper, we study employment mobility and conduct a cross

country comparison by correcting for the bias introduced by measure

ment errors in both data sources. To achieve this, we utilize independent 
employment-status indicators from the LFS and AD in each country. 
Each indicator consists of four categories: employment with a perma

nent contract, employment with a temporary contract, self-employment 
and non-employment.

Assigning these four values to every individual in the sample in each 
of the four data sources (i.e. LFS and AD for the Netherlands and Italy) is 
not always straightforward. In both countries, the main activity status 
is determined differently in the LFS and administrative data. Specifi

cally, in the LFS, it is based on the activity with the most hours worked 
during the reference week, while in the AD, it is determined by the ac

tivity generating the highest income in the reference month. Another 
issue concerns the self-employed: as said, in AD, information on self

employment income is available only on a yearly basis. Monthly income 
from self-employment is derived as an average, which may not reflect 
the main activity of the individual in this particular month. As we specif

ically want to include self-employment as a separate category in our 
main variable of interest, this makes our data different from the one 
used to produce the official statistics published by CBS.2

The period under scrutiny spans from January 2017 to December 
2019. Our sample consists of LFS participants who entered the survey 
within this observation period. A 10% sample of individuals was ran

domly selected from the Italian data and a 30% sample from the Dutch 
data. To ensure the representative participation of all LFS cohorts in the 
sample, sampling was stratified by the month of the first LFS interview.

Information on sampled participants was linked to AD using a 
pseudonymized version of the social security number in the Dutch data 
and an internal code in the Italian data. Although AD offers (derived) 
monthly information on employment status in the Netherlands and 
weekly or monthly information in Italy, we only included one monthly 
observation per quarter for every individual. The month within the quar

ter for which data was retained was selected to match the month of the 
LFS interview. Although administrative information is available for all 
12 observations per individual and, when absent, the individual employ

ment status was considered as not employed, information from the LFS 
is sparsely available. In more detail, in Italy, a maximum of four LFS ob

servations are available per individual following the rotation scheme. 
In the Netherlands, the maximum number of LFS observations per indi

vidual is five.

3.1. Employment status and employment mobility in the Netherlands and 
Italy

Table 1 illustrates the distribution of employment status in the first 
observation in our data (that is, the first trimester of 2017) in both 
countries and datasets (LFS and AD). The analysis is based on individu

als aged between 25 and 55 to ensure homogeneous population from a 
working life perspective. In both countries, the two datasets show some 
discrepancies, although these are much larger in the Netherlands. It is 
striking that, in the Dutch administrative data, there are approximately 
three times as many self-employed individuals as there are in the LFS. 
This is mainly explained by the fact that self-employment status in Dutch 
administrative data is derived based on yearly income. However, sub

stantial differences emerge also for the size of temporary employment: 
22.99% according to administrative data, while only 14.29% according 
to the LFS - and non-employment - 5.26% according to administrative 
data and 18% according to the LFS. These differences can be partly ex

plained by definitional differences in the four categories of our variable 

2 CBS has identified reasons that partly account for the differences in the mea

surement of the employment contract type between the LFS and the AD [27]. 
Moreover, as of 2020, Statistics Netherlands has revised the way of collecting 
information on the employment contract in the LFS. Published statistics on the 
type of employment contract have also been retrospectively revised on the ba

sis of the new definitions. As the reference period of this study is 2017-19, we 
only had microdata based on the old definition of variables in the LFS.
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Table 1
Distribution of employment status, The Netherlands and Italy.

The Netherlands Italy

Administrative LFS Administrative LFS

Permanent 58.15 54.89 43.14 41.32 
Temporary 22.99 14.29 6.17 7.67 
Self-employment 13.60 12.82 12.69 13.86 
Non-employment 5.26 18.00 37.40 37.14

Total 100.00 100.00 100.00 100.00 
Cases 42,824 3,589 32,650 5,056 

Note: source CBS and Istat data, own calculations, January to March 2017.

of interest (see section 3) and have also been detected by previous re

search [36,32,2].

Tables 2 and 3 illustrate the main figures of interest: the cross

country differences in the 3-month transition rates between different 
employment states. The picture of these cross-country differences varies 
across datasets. The LFS, the primary source of labour market statistics, 
suggests that the Dutch labour market offers more upward mobility op

portunities for workers with temporary contracts, while in the Italian 
labour market, temporary workers are more threatened by unemploy

ment. In more detail, there is much more mobility from temporary 
to permanent employment in the Netherlands (17.63%) than in Italy 
(6.38%). At the same time, it also shows that mobility from temporary 
employment to non-employment is much higher in Italy (15.20%) than 
in the Netherlands (4.40%). In comparison, the reverse mobility (i.e. 
from non-employment to temporary employment) is slightly higher in 
the Netherlands (8.63%) than in Italy (6.06%).

The picture of cross-country differences in the AD is different. It sug

gests that temporary employment works much more often as an entry 
port to employment for the non-employed in the Netherlands than in 
Italy. However, it does not lead to permanent employment more of

ten than in Italy. In more detail, the transition rate from temporary to 
permanent employment is slightly higher in Italy (8.03%) than in the 
Netherlands (7.12%). The transition rate from temporary employment 
to non-employment remains larger in Italy than in the Netherlands. Still, 
the difference is higher than in the LFS (3.82% in the Netherlands and 
17.67% in Italy). Mobility from non-employment to temporary employ

ment in the Netherlands (32.53%) is approximately 6 times higher than 
in Italy (5.55%).

Notably, self-employment appears to be an almost absorbing state. 
According to both LFS and AD, mobility from and to self-employment 
is minimal in the Netherlands and very low in Italy. As discrepancies 
between LFS and AD are minimal in both countries, we can conclude 
that the definition of self-employment does not drive this in the AD.

Figs. 1 and 2 illustrate how cross-country and cross-dataset differ

ences in the most common transitions evolve over time. In more detail, 
Fig. 1 shows that, according to the LFS, the 3-month transition rate from 
temporary to permanent employment is consistently much larger in the 
Netherlands than in Italy. In contrast, according to the AD, this transi

tion rate is similar between the two countries, with the Dutch rate being 
slightly smaller from the second quarter of 2018. Fig. 2 illustrates that 
the 3-month transition rate from non-employment to temporary employ

ment remains relatively stable in Italy, while it presents small (mostly 
downward) fluctuations in the Netherlands. According to the adminis

trative data, this transition rate is much higher in the Netherlands than 
in Italy, while according to the LFS, it is (in most quarters) ‘only’ slightly 
higher.

The within-country differences between the data sources but also the 
different picture of cross-country differences (see Tables 2 and 3) pro

vide an indication of the biasing effect of measurement error. A further 
indication for the presence of measurement error is provided by Tables 4
and 5. These Tables present the cross-classification of employment sta

tus in the two data sources. The diagonal cells represent the percentage 
of cases where the 2 datasets agree. For example, Table 4 suggests that, 

Note: source CBS and Istat data, own calculations.

Fig. 1. Observed transition rate from temporary to permanent employment. The 
Netherlands and Italy, years 2017-2019.

Note: source CBS and Istat data, own calculations.

Fig. 2. Observed transition from non-employment to temporary employment. 
The Netherlands and Italy, years 2017-2019.

in Italy, only 66.35% of those who report being employed with a tem

porary contract are registered in the same status in the AD. Similarly, 
only 59.30% of those being registered as temporary workers in the AD 
report the same status in the LFS.

Off-diagonal cells represent the cases where the classification of in

dividuals differs between the 2 datasets. In general, the 2 datasets seem 
to disagree considerably in both countries in the classification of tem

porary contracts. The most striking case of disagreement emerges in 
the Netherlands for workers with temporary contracts. 42.49% of these 
workers are registered as having a permanent contract in the adminis

trative data. But also in Italy, 21.64% of those who are registered as 
temporary workers in the administrative data report having a perma

nent contract with the LFS.

4. Multiple-group hidden Markov model

In this paper, we aim to assess and correct for the bias introduced by 
measurement error in employment mobility between the Netherlands 
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Table 2
Average 3-month transition rates, the Netherlands.

Labour Force Survey

Status in 𝑡− 3\Status in 𝑡 Permanent Temporary Self-employment Non-employment Total

Permanent 98.15 1.03 0.22 0.60 100.00 
Temporary 17.63 77.04 0.94 4.40 100.00 
Self-employment 0.72 1.07 97.49 0.72 100.00 
Non-employment 1.50 8.63 1.50 88.37 100.00

Total 63.27 11.82 12.50 12.40 100.00 
Administrative data

Status in 𝑡− 3\Status in 𝑡 Permanent Temporary Self-employment Non-employment Total

Permanent 97.47 1.65 0.26 0.62 100.00 
Temporary 7.12 88.28 0.78 3.82 100.00 
Self-employment 0.43 1.51 97.49 0.57 100.00 
Non-employment 4.21 32.53 2.64 60.62 100.00

Total 59.71 22.52 14.08 3.68 100.00 
Note: source CBS data, own calculations, years 2017-19. 23,608 cases from the LFS and 359,150 cases 
from the administrative data are used in this table.

Table 3
Average 3-month transition rates, Italy.

Labour Force Survey

Status in 𝑡− 3\Status in 𝑡 Permanent Temporary Self-employment Non-employment Total

Permanent 96.49 0.96 0.56 1.99 100.00 
Temporary 6.38 77.26 1.15 15.20 100.00 
Self-employment 1.28 0.83 95.16 2.73 100.00 
Non-employment 1.73 6.06 1.12 91.10 100.00

Total 43.71 9.64 14.30 32.35 100.00 
Administrative data

Status in 𝑡− 3 \ Status in 𝑡 Permanent Temporary Self-employment Non-employment Total

Permanent 96.34 0.89 0.32 2.45 100.00 
Temporary 8.03 73.16 1.13 17.67 100.00 
Self-employment 0.94 1.17 96.12 1.78 100.00 
Non-employment 2.83 5.55 0.95 90.66 100.00

Total 43.84 8.80 13.05 34.31 100.00 
Note: source ISTAT data, own calculations, years 2017-19. 69,554 cases from the LFS and 472,499 cases 
from the administrative data are used in this table.

Table 4
Cross-classification of employment status in administrative data and LFS, Italy.

LFS\Administrative Permanent Temporary Self-employment Non-employment Total

As percentage of administrative data

Permanent 89.91 4.66 2.64 2.80 100.00 
Temporary 14.94 66.35 3.50 15.22 100.00 
Self-employment 5.84 2.68 83.35 8.13 100.00 
Non-employment 6.17 4.14 5.18 84.51 100.00

Total 43.35 9.40 14.22 32.93 100.00 
As percentage of LFS

Permanent 90.40 21.64 8.09 3.71 43.68 
Temporary 2.89 59.30 2.06 3.88 8.40 
Self-employment 1.77 3.76 77.19 3.25 13.17 
Non-employment 4.94 15.30 12.65 89.16 34.75

Total 100.00 100.00 100.00 100.00 100.00 
Note: source ISTAT data, own calculations, years 2017-19.
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Table 5
Cross-classification of employment status in administrative data and LFS, the Netherlands.

LFS\AD Permanent Temporary Self-employment Non-employment Total

As percentage of AD

Permanent 95.49 3.19 0.96 0.35 100.00 
Temporary 42.49 52.75 1.81 2.96 100.00 
Self-employment 4.15 4.08 87.64 4.12 100.00 
Non-employment 12.09 10.05 6.78 71.08 100.00

Total 68.25 14.30 13.45 3.99 100.00 
As percentage of LFS

Permanent 85.02 13.56 4.34 5.38 60.77 
Temporary 13.49 79.93 2.91 16.08 21.68 
Self-employment 0.85 3.98 90.93 14.42 13.96 
Non-employment 0.64 2.53 1.81 64.12 3.60

Total 100.00 100.00 100.00 100.00 100.00 
Note: source CBS data, own calculations, years 2017-19.

and Italy, and to conduct a comparative analysis across these countries. 
To achieve this, we develop a multiple-group Hidden Markov Model 
(MgHMM), which is an extension of the standard Hidden Markov Model 
(HMM). The HMM is the longitudinal extension of Latent Class Analysis. 
In an HMM, two processes are modelled simultaneously: (1) the mea

surement process where repeated information of one or more imperfect 
measures of the concept of interest (here: employment status) are trian

gulated to estimate the ‘true’ value of this concept (i.e. latent variable), 
(2) the structural process where we model change over time in the latent 
variable [5]. In our cases, we use the observed measures of employment 
status coming from the LFS and the AD to estimate the true (latent) 
employment status and, at the same time, we estimate the transition 
probabilities of the true employment status over time.

In its basic formulation, HMM assumes (1) a homogeneous first-order 
Markov process, where the transition probability between the latent 
states is independent of time, (2) conditionally independent measure

ment errors given the latent states, and (3) invariance of model param

eters across all statistical units. Details on the HMM specification are 
provided below.

Let 𝑋𝑖𝑡 denote the value of the true (latent) target variable at time 
𝑡 for subject 𝑖, with 𝑡 = 0,… , 𝑇 , and 𝑖 = 1,… ,𝑁 . 𝑋𝑖𝑡 has four cate

gories (𝑥𝑡): employment with a permanent contract, employment with 
a temporary contract, self-employment, and non-employment. The latter 
category also includes the unemployed and inactive persons. It should 
be noted here that, unlike other models using latent class analysis or 
HMMs, in our case, the number of categories of the latent variable (i.e. 
latent classes) is fixed to the number of categories of the two observed 
indicators of the employment state. Here, we make the implicit assump

tion that the four categories of the estimated latent variable represent 
the same categories as the observed variables. As long as the measures 
coming from the two data sources do not largely disagree with each 
other (which is the case e.g. with similar data for individuals under 25 
years old [2] who are excluded from our analysis), this is a realistic as

sumption.

In our study, we use quarterly data from 2017 to 2019. Therefore, 
𝑡 runs from 0 to 𝑇 = 11. The variables 𝐴𝑖𝑡 and 𝑆𝑖𝑡 represent the two 
measurements of the target variable: 𝐴𝑖𝑡 is the observed employment 
status of person 𝑖 at time point 𝑡 according to AD, and 𝑆𝑖𝑡 according 
to LFS. Both indicators assume the same four categories of the target 
variable, and we refer to a particular category of the observed variables 
by 𝑎𝑡 and 𝑠𝑡.

Under the basic assumptions of HMM, the probability distribution of 
the observed variables over time is expressed as follows:

𝑃 (𝐀𝑖 = a,𝐒𝑖 = s) =
4 ∑

𝑥0=1

4 ∑
𝑥1=1

…
4 ∑

𝑥𝑇 =1
𝑃 (𝑋𝑖0 = 𝑥0)

𝑇−1∏
𝑡=1 

𝑃 (𝑋𝑖𝑡 = 𝑥𝑡|𝑋𝑖(𝑡−1) = 𝑥𝑡−1)

𝑇−1∏
𝑡=0 

𝑃 (𝐴𝑖𝑡 = 𝑎𝑡|𝑋𝑖𝑡 = 𝑥𝑡)

𝑇−1∏
𝑡=0 

𝑃 (𝑆𝑖𝑡 = 𝑠𝑡|𝑋𝑖𝑡 = 𝑥𝑡),

(3)

where 𝑃 (𝑋𝑖0 = 𝑥0) represents the initial state probabilities, and 𝑃 (𝑋𝑖𝑡 =
𝑥𝑡|𝑋𝑖(𝑡−1) = 𝑥𝑡−1) are the transition probabilities from 𝑡 − 1 to 𝑡. The 
response probabilities for the observed indicators, conditional on the 
underlying latent states, 𝑃 (𝐴𝑖𝑡 = 𝑎𝑡|𝑋𝑖𝑡 = 𝑥𝑡) for AD and 𝑃 (𝑆𝑖𝑡 = 𝑠𝑡|𝑋𝑖𝑡 =
𝑥𝑡) for LFS, represent the measurement-error probabilities. In equation 
(3), all probabilities are modelled using multinomial logit models, and 
any identifying constraints must be imposed on the logit parameters 
[46].

In equation (3), latent transition probabilities are assumed to be 
time-homogeneous. To approximate more realistic labour market sce

narios, we relax this assumption, following [44]. In particular, we in

troduce a dependence on a quadratic specification of time, 𝑃 (𝑋𝑖𝑡 =
𝑥𝑡|𝑋𝑖(𝑡−1) = 𝑥𝑡−1, 𝑡, 𝑡

2).
As introduced, our aim is to evaluate how measurement error affects 

the differences in over-time employment mobility between the Nether

lands and Italy. Therefore, we need to extend the basic HMM to assume 
invariance of model parameters across all individuals. A multiple-group 
HMM (MgHMM) allows for variations in some (or even all) model pa

rameters between groups, in this case, between the two countries. There

fore, following a fixed-effects approach [8], we incorporate a group 
predictor in the model.3

In the MgHMM with time-heterogeneous latent transition probabil

ities, the probability distribution of the manifest variables over time is 
expressed as follows:

3 In a scenario involving a large number of groups (e.g. many countries), a 
random effect approach would be more appropriate. A random effects model 
assumes that group-specific coefficients follow a particular distribution, with 
the parameters of this distribution requiring estimation [43].



Big Data Research 41 (2025) 100527

7

R. Varriale, M. Garnier-Villarreal, D. Pavlopoulos et al. 

𝑃 (𝐀𝑖𝑘 = a,𝐒𝑖𝑘 = s) =
4 ∑

𝑥0=1

4 ∑
𝑥1=1

…
4 ∑

𝑥𝑇 =1
𝑃 (𝑋𝑖𝑘0 = 𝑥0)

𝑇−1∏
𝑡=1 

𝑃 (𝑋𝑖𝑘𝑡 = 𝑥𝑡|𝑋𝑖𝑘(𝑡−1) = 𝑥𝑡−1, 𝑡, 𝑡
2)

𝑇−1∏
𝑡=0 

𝑃 (𝐴𝑖𝑘𝑡 = 𝑎𝑡|𝑋𝑖𝑘𝑡 = 𝑥𝑡)

𝑇−1∏
𝑡=0 

𝑃 (𝑆𝑖𝑘𝑡 = 𝑠𝑡|𝑋𝑖𝑘𝑡 = 𝑥𝑡),

(4)

where we use the subscript 𝑘 for country, with 𝑘 ∈ {1,2}.

The MgHMM offers the flexibility to specify whether all or only some 
model parameters are unique to each group 𝑘. In our study, we evaluate 
whether the model parameters that govern the initial state probabilities, 
latent transition probabilities, and measurement error probabilities are 
group-specific. For measurement error probabilities, we evaluate two 
different specifications. Specifically, the equation for the AD indicator, 
𝐴, is given by

𝑃 (𝐴𝑖𝑘𝑡 = 𝑎𝑡|𝑋𝑖𝑘𝑡 = 𝑥𝑡) =
𝑒𝑥𝑝(𝜂𝐴

𝑎𝑡,𝑥𝑡𝑘
) 

∑
𝑎′
𝑡
𝑒𝑥𝑝(𝜂𝐴

𝑎′
𝑡
,𝑥𝑡𝑘

)
(5)

where the term 𝜂𝐴 is the linear predictor for category 𝑎𝑡 and the sum

mation in the denominator is over all possible categories to ensure that 
the probabilities sum to 1. Covariate effects on measurement error can 
be incorporated by including them in this linear term. The first specifi

cation conditions the AD response probability on the country:

𝜂𝐴
𝑎𝑡,𝑥𝑡𝑘

=
∑
𝑎𝑡

𝜇𝑎𝑡
𝐼𝑎𝑡

+
∑
𝑥𝑡

𝛽𝑥𝑡
𝐼𝑥𝑡

+
2 ∑

𝑘=1
𝛾𝑘𝐼𝑘, (6)

where 𝐼𝑎𝑡 , 𝐼𝑥𝑡 , and 𝐼𝑘 are indicator variables for the categories 𝑎𝑡 , 𝑥𝑡
and 𝑘, respectively. This specifies that the countries have a main effect 
on the indicator response probability. Identifying constraints, such as 
𝜇1 = 0, 𝛽1 = 0, and 𝛾1 = 0, must be imposed on the logit parameters.

The second specification allows country differences in the AD re

sponse probability to vary across the values of the latent variable (i.e. 
‘true’ employment state):

𝜂𝐴
𝑎𝑡,𝑥𝑡𝑘

=
∑
𝑎𝑡

𝜇𝑎𝑡
𝐼𝑎𝑡

+
∑
𝑥𝑡

𝛽𝑥𝑡
𝐼𝑥𝑡

+
2 ∑

𝑘=1
𝛾𝑘𝐼𝑘 +

∑
𝑥𝑡

2 ∑
𝑘=1

𝜆𝑥𝑡,𝑘
𝐼𝑥𝑡

𝐼𝑘 (7)

with the additional constraint 𝜆1,1 = 0. This specifies that the countries 
have an interaction effect with the latent state on the indicator response 
probability.

The process to test the relation between groups, latent states, and 
item responses is called Measurement Invariance. The steps proposed 
by Kankaraš, Moors, and Vermunt [24] are shown in Fig. 3, where 
the complete homogeneity model indicates that groups are equal in 
all aspects (as presented in Equation (4)). The next step would be the 
structural homogeneity model, where country differences are present 
only in the structural part of the model 𝑃 (𝑋𝑖𝑘0 = 𝑥0) (initial states) 
and 𝑃 (𝑋𝑖𝑘𝑡 = 𝑥𝑡|𝑋𝑖𝑘(𝑡−1) = 𝑥𝑡−1, 𝑡, 𝑡

2) (transition probabilities). The third 
model would be the partial homogeneity model, where the response 
probability of an item is predicted by the group, as presented in Equa

tion (6). The last model would be the complete heterogeneity model, 
where there is also an interaction between the group and latent state 
predicting the item response probability, as presented in Equation (7).

Estimates of the relevant model parameters can be obtained via Max

imum likelihood estimation using the Expectation-Maximization (EM) 
algorithm as implemented in the software Latent GOLD v.6.0 [46]. 
Missing data were treated as missing at random and handled with Full 
Information Maximum Likelihood. This method is suitable for recover

ing the model parameters, reducing bias related to the missing value, 
and retaining all the sample [12]. The problems of local maxima and 

Note: Diagrams taken from [24]. Relationships between latent variable (X), man

ifest variables (M), and group variable (G) in four different multigroup Latent 
Class models.

Fig. 3. Measurement Invariance tests. 

boundary solutions are treated in two main ways, first by using various 
types and numbers of conjugate priors for the response and latent prob

abilities as well as the error variance-covariance matrices [15,46], and 
secondly by estimating the model with multiple starting values and only 
using the best fitting starting value for the final model.

Model selection in latent variable models is a complicated task. To 
decide on different MgHMM specifications, the bestfitting model has 
been determined using the Bayesian Information Criterion (BIC), the 
Akaike Information Criterion (AIC), and its modification (AIC3) [46]. 
For the testing of measurement invariance, we follow the procedure 
as presented by Kankaraš et al. [24], which compares models with de

creasing levels of equality constraints between groups, so starts with 
the most restrictive model. As recommended by Kankaraš et al. [24], 
the between-group model constraints are compared with the BIC and 
AIC, as the likelihood ratio test is not reliable when dealing with sparse 
tables.

5. Analytical strategy and model results

We estimate several versions of the MgHMM that is presented in the 
previous section. These versions of the model differ in how country af

fects the measurement error specification. With respect to measurement 
invariance, we test whether there are meaningful item differences be

tween countries that are independent of the relation with the latent state 
[24]. This is an example of the flexibility of the HMM, allowing us to 
test country differences at both the structural and measurement parts of 
the model. Ignoring measurement invariance and testing country differ

ences only at the structural level assumes that the same measurement 
process for all countries. In total, we estimate 10 MgHMMs, and we 
present their model fit measures in Table 6. The first Model (Model 
a) serves as a baseline, assuming no difference between the two coun

tries in any of the model parameters (complete homogeneity). In other 
words, in this model, we assume that the observed employment status 
in the LFS and the AD depends only on the value of the latent (‘true’) 
employment status and that the latent employment status follows a time

heterogeneous first-order Markov process as explained in section 4. In 
Model b, we allow for country differences in the initial and transition 
probabilities but not in the response probabilities (structural homogene

ity).
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Table 6
MgHMM Comparison: Structural and Measurement Invariance.

Model LL BIC(LL) AIC(LL) AIC3(LL) Npar 
a Complete Homogeneity -418754 838224.5 837634.8 837697.8 63 
b Structural Homogeneity -410954 823067.2 822112.5 822214.5 102 
c1 Partial Homogeneity in LFS -410429 822051.4 821068.5 821173.5 105 
c2 Complete Heterogeneity in LFS -409215 819725.1 818658.0 818772.0 114 
d1 Partial Homogeneity in AD -407707 816606.3 815623.4 815728.4 105 
d2 Complete Heterogeneity in AD -407436 816166.4 815099.3 815213.3 114 
e1 Partial Homogeneity in both -407088 815403.1 814392.2 814500.2 108 
e2 CHT in LFS and PHM in AD -405540 812409.7 811314.5 811431.5 117 
e3 PHM in LFS and CHT in AD -406831 814990.3 813895.1 814012.1 117 
e4 Complete Heterogeneity in both -405288 812007.1 810827.7 810953.7 126 

Note: source Istat and CBS data. CHT = complete Heterogeneity, PHM = partial homogene

ity.

Table 7
The size of measurement error of AD and LFS, The Netherlands and Italy.

Country Class Permanent Temporary Self-employment Non-employment 
AD

Italy

Permanent 99.39 0 0.02 0.58 
Temporary 0.86 84.04 0.45 14.64 
Self-employed 0.07 0.07 99.28 0.57 
Not employed 0.38 0.80 0.15 98.68

The Netherlands

Permanent 99.88 0 0.02 0.10 
Temporary 0.30 98.69 0.16 0.85 
Self-employment 0.07 0.25 99.58 0.10 
Non-employment 1.92 13.62 0.76 83.71 
LFS

Italy

Permanent 91.24 4.88 2.34 1.53 
Temporary 26.00 64.53 2.55 6.92 
Self-employment 2.33 2.84 88.88 5.95 
Non-employment 2.48 2.21 3.69 91.62

The Netherlands

Permanent 95.44 2.84 01.03 0.68 
Temporary 39.42 54.47 1.63 4.48 
Self-employed 5.32 3.60 85.29 5.79 
Not employed 5.58 2.77 3.50 88.15 

Note: Results presented in this table come from Model e1.

To account for differences between countries in the measurement 
component of the model, all the following models also consider coun

try variations in response probabilities, either in one indicator or both. 
Models c1 and c2 allow for country differences in the response proba

bilities in the LFS. Specifically, Model c1 conditions the LFS response 
probability on the country (main effects, partial homogeneity), while 
Model c2 allows these country differences in the LFS response probabil

ity to vary across the values of the latent variable (i.e. ‘true’ employment 
status), as illustrated in Section 4 (interaction, complete heterogeneity). 
Models d1 and d2 follow an equivalent specification as c1 and c2 by 
allowing country differences in response probabilities only in the AD. 
Finally, Models e1-e3 allow for measurement invariance (due to coun

try differences) in both datasets. In more detail, Model e1 combines the 
specification of Models c1 (partial homogeneity in LFS) and d1 (partial 
homogeneity in AD), Model e2 the specification of Models c2 (complete 
heterogeneity in LFS) and d1 (partial homogeneity in AD) and Model 
e3 the specifications of Models c1 (partial homogeneity in LFS) and d2 
(complete heterogeneity in AD). The final (‘full’) Model is Model e4, 
which allows for country differences in the response probabilities of the 
LFS and the AD to vary between the values of the latent employment 
status (complete heterogeneity in both items).

According to Table 6, we select Model e1 for further interpretation. 
Although Models e2 and e4 show improvements in model fit measures, 
these enhancements are relatively marginal. Furthermore, the param

eters estimated by these models indicate that the differences are also 
negligible without changing the interpretation. Therefore, for reasons 

of parsimony, we have chosen Model e1. Substantially, the choice for 
Model e1 illustrates that neither the initial and transition probabilities 
between latent employment states nor response probabilities should be 
assumed equal across countries. In other words, neither the response 
probabilities associated with the employment status indicators (LFS and 
AD) nor the underlying scientific phenomenon of interest - namely, how 
employment status changes over time - should be assumed to be identi

cal between the Netherlands and Italy.

In what follows, we discuss the results of Model e1. Table 7 presents 
the estimated size of the measurement error in the two datasets and 
in the two countries of reference. This Table shows little random mea

surement error in the administrative data. The Dutch administrative 
data are almost error-free, assuming that measurement error is random 
(conditional on the latent state and country differences). In Italian ad

ministrative data, the only notable bias refers to temporary contracts. 
According to Table 7, individuals working in reality with a temporary 
contract have a 14.6% probability of being registered as non-employed.

For the Labour Force Survey, the picture is different and illustrates 
that both datasets suffer from a substantial amount of random mea

surement error. Temporary employment is the status mostly affected 
by this type of error. In Italy, individuals who, in reality, have a job 
with a temporary contract have a 26.0% probability of reporting em

ployment with a permanent contract, 2.6% probability of reporting 
self-employment as the primary status and 6.9% probability of reporting 
being non-employed. In the Netherlands, individuals who are actually 
in temporary employment have a 39.4% probability of reporting being 
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Table 8
Distribution of employment status, as initially observed in AD and LFS, and as 
estimated by the MgHMM, The Netherlands and Italy.

The Netherlands Italy

Class AD LFS Latent AD LFS Latent

Permanent 58.15 54.89 52.88 43.14 41.32 43.22 
Temporary 22.99 14.29 22.52 6.77 7.67 7.84 
Self-employment 13.60 12.82 13.16 12.69 13.86 12.65 
Non-employment 5.26 18.00 11.44 37.40 37.14 36.26

Total 100.00 100.00 100.00 100.00 100.00 100.00 
Cases 42,824 3,589 42,824 32,650 5,056 32,650 

Note: source Istat and CBS data, January to March 2017. The distribution of the 
latent employment status comes from Model e1.

employed with a permanent job, 1.6% probability of reporting being 
self-employed, and 4.5% probability of reporting being non-employed. 
Some misclassification also emerges for the self-employed. Those in real

ity in self-employment have a probability of 3.6-5.8% of reporting other 
states in the Netherlands and 2.3-6.0% in Italy.

The presence of measurement error in both datasets has implica

tions for the estimation of the scientific phenomenon of interest, i.e. 
the employment status. Table 8 compares the observed distribution of 
employment status in the first quarter - which is identical to Table 1 -

with the estimated distribution of the latent employment status in the 
first time point (i.e. quarter). Most estimates for the latent employment 
state are close to the observed estimates. Especially in Italy, this differ

ence varies between 0.1 and 2.1%. In the Netherlands, large differences 
emerge only in the case of non-employment. In the first quarter of 2017, 
the probability of being non-employed was 5.3% according to the AD, 
10.1% according to the LFS and 11.4% according to our HMM. Some 
noticeable differences also emerge for employment with a permanent 
contract. In this quarter, the probability of working with a permanent 
contract is 58.2% according to administrative data, 54.9% according to 
the LFS and 52.9% according to the MgHMM.

A similar picture emerges when focusing on the 3-month transition 
rates. Table 9 presents the average 3-month latent transition probabili

ties, while Figs. 4 and 5 show how these transition probabilities evolve. 
By comparing Table 9 with Tables 2 and 3, we can evaluate the effect of 
measurement error on the average transition probabilities between the 
various employment states. In Italy, the ‘true’ (latent) transition proba

bilities are always between the observed transition rates from the two 
datasets. For example, the average 3-month latent transition probability 
from temporary to permanent employment is 7.4% and lies between the 
observed transition probability of the LFS (6.4%) and the AD (8.0%). In 
the Netherlands, estimates of the latent transition probabilities are, in 
most cases, closer to the AD. In cases where large discrepancies between 
AD and LFS emerged, the model seems to correct them by estimating 
figures close to the lowest estimate. For example, the average 3-month 
latent transition probability from temporary to permanent employment 
is 6.8%, while the relevant observed transition rate is 17.6% in the 
LFS and 7.1% in the AD. The latent transition probability from non

employment to permanent employment is 10.4%, while the observed is 
32.5% in the AD and 8.6% in the LFS.

From a substantial point of view, the results are interesting and 
rather surprising. By correcting for measurement error, or else by rec

onciliating information from datasets with partly different temporal and 
definitional considerations, we find that differences between the Italian 
and the Dutch labour market are rather small.

Figs. 4 and 5 show that some (latent) transition probabilities change 
over time. In Italy, the latent transition probability from temporary to 
permanent employment increases steadily over time, while the transi

tion probability from non-employment to temporary employment de

creases somewhat from 2017 to 2019. In the Netherlands, both of 
these probabilities are slightly U-shaped. The transition probability 

from temporary to permanent employment first decreases and then in

creases again. At the same time, the transition probability from non

employment to temporary employment increases and then is restored 
to the initial level.

For the above-mentioned 2 transitions (i.e., from temporary to per

manent employment and from non-employment to temporary employ

ment), we plot in Figs. 6 and 7 the observed and latent transition proba

bilities over the whole period of reference. Correcting for measurement 
error with an MgHMM produces, in both cases, a smoothed trend, con

trary to the (period) peaks that are observed in the trends produced by 
the observed data.

The error-corrected differences in the 3-month transition rate from 
temporary to permanent employment between the Netherlands and Italy 
appear to be small and rather closer to AD than to the LFS. Transitions 
from temporary to permanent employment are slightly more common 
in the Netherlands at the beginning of the period but become more com

mon in Italy towards the end of 2019.

Cross-country differences in the latent transition probability from 
non-employment to temporary employment are more substantial. This 
transition is consistently more common in the Netherlands than in Italy. 
The gap between the two countries seems to widen towards the end of 
2019.

6. Conclusions and future work

In this paper, we presented a multiple-group hidden Markov Model 
(MgHMM) to enable meaningful error-corrected cross-country compar

isons in employment mobility. We focused on two countries with very 
different labour markets, the Netherlands and Italy, in the period 2017

19. To produce error-corrected estimates on this key socioeconomic 
indicator our model triangulated information coming from complex 
multi-source data, the Labour Force Survey and Administrative data. Es

pecially the Administrative Data differs considerably between the two 
countries as the data collection and the harmonization processes that 
are followed are different.

The datasets and the variable definitions we used for our analy

sis were partly different and more complex than the ones used by the 
National Statistical Institutes to produce official statistics on employ

ment. We made the explicit choice to study transitions between perma

nent employment, temporary employment, self-employment and non

employment. Especially linking data for the self-employed between the 
two data sources (Labour Force Survey and Administrative data) added 
considerable complexity to the data and the analysis. In this sense, our 
model corrects for the random errors that are made during the data 
collection and coding process but also reconciles the definitional and 
temporal differences between the two datasets that are used in our anal

ysis.

The main findings of this paper underscore the importance of ac

counting for measurement error in labour market analyses both to assess 
the impact of these errors within each country and to enable meaningful 
cross-country comparisons. Our results provide more reliable estimates 
of the main phenomena of interest (e.g. the size of temporary employ

ment and self-employment or the transition rate from temporary to 
permanent employment), which are sometimes substantially different 
than each of the datasets suggests. Moreover, the results show that the 
way countries differ in these phenomena changes when we correct for 
measurement error. Actually, despite the differences between the way 
the labour markets of the two countries are organised, employment 
mobility (e.g. the transition rate between temporary and permanent em

ployment) is rather similar between Italy and the Netherlands. This is a 
very useful finding for both labour market researchers and policymak

ers.

Despite this study’s contribution, further extension is needed in fu

ture research. Following the recent literature on this topic, we will con

template several enhancements to the model when the issue of compu

tational complexity is solved. Firstly, the structural part of the MgHMM 
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Table 9
3-month latent transition probabilities, Italy and The Netherlands, January to March 2017.

State in t
Country State in t-3 Permanent Temporary Self-employment Non-employment 

Italy

Permanent 0.975 0.009 0.002 0.014 
Temporary 0.074 0.875 0.005 0.047 
Self-employment 0.006 0.008 0.976 0.010 
Non-employment 0.015 0.027 0.007 0.951

The Netherlands

Permanent 0.973 0.016 0.002 0.008 
Temporary 0.068 0.893 0.006 0.034 
Self-employment 0.003 0.011 0.981 0.005 
Non-employment 0.009 0.104 0.008 0.879 

Note: Results presented in this table come from Model e1.

Note: Results presented in this figure come from Model e1.

Fig. 4. Latent transition probabilities over time. Italy, years 2017-2019. 

could be expanded by incorporating covariates and addressing unob

served heterogeneity. The measurement component of the model could 
be enriched by introducing a systematic error with different specifica

tions.
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Note: Results presented in this figure come from Model e1.

Fig. 5. Latent transition probabilities over time. The Netherlands, years 2017-2019. 

Note: Results presented in this figure come from Model e1.

Fig. 6. Observed and latent transitions from temporary to permanent employ

ment, years 2017-2019.
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