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DOES MEASUREMENT ERROR BIAS EMPLOYMENT
PATHWAYS? THE CASE OF ITALY?

Dimitris Pavlopoulos, Roberta Varriale, Silvia Loriga

Abstract. The exploration of employment trajectories over time may be significantly biased
due to measurement errors in the data used for the analysis. This paper addresses this issue
by employing a mixture hidden Markov model (MHMM) that detects and corrects for
measurement errors. Specifically, we use an MHMM that includes two indicators for
employment status, derived from linked data from the Italian Labour Force Survey and
Administrative Data for the period 2017-2021.

1. Introduction

In recent years, the processual approach has been gaining momentum in labour
market research (Abbott, 1983). Instead of ‘merely’ studying single transitions, a
process-based method allows us to examine entire sequences and has the advantage
of being able to provide a complete and detailed picture of entire trajectories, e.g. in
the field of working careers (Aisenbrey and Fasang, 2017; Mattijssen and Pavlopou-
los, 2019; Studer and Ritschard, 2016). A potential threat to this research is meas-
urement error that exists in socio-economic data. In data coming from surveys, meas-
urement error may be caused by cognitive processes, social desirability, design and
implementation of the survey (Groves, 2004; Sudman et al., 1996; Tourangeau et
al., 2000). In administrative data, measurement error can result from the misalign-
ment between the definition of the administrative variable and the target one, admin-
istrative delays, wrong registration, or erroneous administrative procedures (Bakker
and Daas, 2012; Oberski et al., 2017). Research has shown that the measurement
error can have severe effects on our estimates of mobility over time. Even a small
magnitude of measurement error can bias considerably transition rates from unem-
ployment to employment (Filipponi et al., 2021) or from temporary employment to
permanent employment (Pavlopoulos and Vermunt, 2015). The use of hidden Mar-
kov models (HMMs) is a promising approach for detecting and correcting measure-
ment error in categorical longitudinal data (Biemer, 2011). The advantages of HMMs
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are that they are very flexible and do not assume the existence of a primary (error-
free) source of information among those available (Filipponi et al., 2021). HMMs
treat the ‘true’ employment status as a latent variable that is imperfectly measured
by one or more observed indicators. Using linked data from different sources allows
modelling realistic error specifications with an HMM. In more detail, when multiple
data sources are available, HMMSs can model both random and systematic measure-
ment error. An extension of HMM is the mixture hidden Markov model (MHMM)
that estimates the true employment status trajectories (formally: mixtures) (Vermunt,
2010). In this paper, we investigate the effect of measurement error on employment
trajectories in Italy for the period 2017-2021. Furthermore, we aim to produce an
error-corrected estimate of these trajectories. For this purpose, we apply a MHMM
with two independent indicators for employment status. These indicators come re-
spectively from the Italian Labour Force Survey (LFS) and Administrative Data
(AD) managed by the Italian National Statistical Institute (Istat).

The remaining of this paper is organized as follows. In section 2, we describe the
data that are used in the analysis. In section 3, we build the MHMM that is employed,
and in section 4, we discuss the conclusions of our findings as well as the steps for
further research.

2. The data

The ltalian Labour Force Survey (LFS) follows the standards set by EU
Regulation 2019/1700 of the European Parliament and the Council. LFS’s primary
goal is to provide employment statistics. LFS is a continuous household survey,
conducted throughout the year and covers approximately 1.2% of the entire Italian
population. The sample is selected according to a two-stage stratified sampling
design: municipalities represent the primary statistical units and are stratified based
on their population size; the final statistical units are the households, which are
selected through a simple random sampling. The Italian LFS adopts a quarterly
rotation scheme. Selected households are interviewed four times within a 15-months
period. Each household is interviewed for two consecutive quarters, followed by a
two-quarter break and then two consecutive survey quarters. Interviews are spread
across all weeks of the quarter (reference weeks), maintaining the sample
representativeness on monthly basis. The information on labour market participation
refers to the reference week. For further details on the LFS contents, methodologies
and organization see (Istat, 2006). Italian Administrative Data (AD) relevant to
labour statistics are collected by the social security and tax authorities and are
gathered and appropriately processed by Istat. These data go through different,
source-specific editing and harmonization procedures (Baldi et al., 2018).
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Our sample in this study refers to the LFS cohorts that entered the survey from
January 2017 to December 2021. From the LFS, information from all available
survey waves in which these individuals participated is retained. The actual number
of LFS observations in the data may be four or less than four in case of attrition or
whether the LFS rotation scheme started before 2017 or ended after 2021. For the
same set of individuals, quarterly information from the AD is retained, covering all
quarters from January 2017 to December 2021. For each individual, there is a
maximum of four observations from the LFS, whereas AD information are
potentially available for all the twenty observations. The linkage between LFS and
AD was conducted at the individual level through a pseudonymized code. We
include, in our sample, individuals aged 25 to 55 who participated at least once in
the LFS within this period. As our statistical model is computationally demanding,
a 10% sample of units was randomly selected, stratifying the sample by the month
of the first LFS interview. This procedure resulted in a sample of 39,847 individuals.

Our target variable on employment status is an aggregation of the International
Classification of Status in Employment (ICSE-18), established by the International
Labour Office and takes 4 values: (1) employees with a permanent contract (PE), (2)
employees with a temporary contract (TE), (3) self-employed (SE), which
encompasses employers, independent workers without employees, contributing
family workers and dependent contractors and (4) not employed (NE). The creation
of such target variable according to this simplified classification is relatively
straightforward for LFS data, given that ICSE criteria inspired the definitions of LFS
variables. However, in the AD, such a derivation presented several challenges as it
uses different sources. In this respect, the administrative classification may not fully
align with the statistical classification implemented in the LFS, as it is based on
administrative concepts; on the other hand, LFS variables, based on self-reported
information, may be affected by errors due to the subjective interpretation of the
question by the respondent (especially in case of proxy answer). A potential source
of discrepancies between LFS and AD is the different coverage: LFS aims at
covering all employed population, including informal work, while AD contains
information only for formal employment. Additional conceptual discrepancies
between LFS and AD can be attributed to shortcomings in the data collection
process. These include e.g. temporal misalignment of sources, particularly for
occasional employment and discrepancies in the definitions of work signals across
available sources. Tables 1 and 2 display the transition rates between the different
employment categories in adjacent quarters in the LFS and AD. Despite the
abovementioned sources of discrepancies, the disparities between the datasets are
relatively minor.
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Table 1 — Observed transitions in the Labour Force Survey. Years 2017-2021.

Employment status t

Employment status t-1 PE TE SE NE

Permanent contract 0.962 0.012 0.006 0.020
Temporary contract 0.074 0.739 0.013 0.174
Self-employed 0.015 0.010 0.944 0.031
Not employed 0.019 0.063 0.013 0.906

Source: Istat, Labour Force Survey

Table 2 — Observed transitions in the Administrative Data. Years 2017-2021.

Employment status t

Employment status t-1 PE TE SE NE

Permanent contract 0.966 0.009 0.003 0.022
Temporary contract 0.078 0.717 0.017 0.187
Self-employed 0.011 0.012 0.956 0.022
Not employed 0.030 0.061 0.012 0.897

Source: Istat, Administrative Data

Figure 1 shows the observed transition rates between different employment
categories across adjacent quarters from 2017 to 2021. The graph confirms the
findings of Tables 1 and 2 that there are only minor differences in flow patterns
between the LFS and AD. The largest transition rates occur from temporary to
permanent employment, showing an increasing trend. This pattern is evident in both
LFS and AD, suggesting that there is time dependence in transition probabilities.

Figure 1 — Transition flows from type of contracts by quarter, years 2017-2021.
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Table 3 presents the cross-classification of employment status from LFS and AD
data. The diagonal cells concern cases where the two data sources agree on the
classification. In contrast, off-diagonal values represent discrepancies in
classification and indicate potential classification errors in at least one of the data
sources. As Table 3 illustrates, the two data sources do not align for approximately
14.6% of the total number of cases. Beyond random classification errors, these
discrepancies arise from distinct reasons, as suggested by Varriale and Alfé (2023)
in their analysis of employment status. Errors in AD are typically attributable to
miss-specifications of statistical concepts. For example, AD lack information on
irregular work, or it may encounter difficulties in correctly identifying the reference
period of the information. On the other hand, errors in the LFS survey may arise
from miss-classification due to respondents providing incorrect answers or having
an erroneous understanding of employment categories.

Table 3 — Cross-classification of employment status, Administrative Data and Labour Force
Survey, frequencies and percentages in brackets. Years 2017-2021.

Employment status, LFS

Empl. status AD PE TE SE NE Total

Perm. contract 41326 (41.1) 1993 (2.0) 1203 (1.2) 1290 (1.3) 45812 (45.6)
Temp. contr. 1217 (1.2) 5442 (5.4) 298 (0.3) 1268 (1.3) 8225 (8.2)
Self-employed 748 (0.7) 349 (0.3) 11033 (11.0) 1095 (1.1) 13225 (13.2)
Not employed 1942 (19) 1394 (1.4) 1876 (1L9) 28066 (27.9) 33278 (33.1)
Total 45233 (45.0) 9178 (9.1) 14410 (14.3) 31719 (31.5) 100540 (100)

Sources: Istat, Labour Force Survey and Administrative Data

Table 4 presents the same cross classification as Table 3 but reports the
percentage distribution of employment status as measured by the LFS, conditional
on the AD measurement. 90.2% of cases that are recorded as permanent contracts in
AD are also classified as permanent contracts according to the LFS.

Table 4 — Distribution of employment status from Labour Force Survey conditional on
Administrative Data measurement. Years 2017-2021.

Employment category, LFS

Empl. status AD PE TE SE NE Total

Perm. contract 90.2 4.4 2.6 2.8 100
Temp. contract 14.8 66.2 3.6 154 100
Self-empl. 5.7 2.6 83.4 8.3 100
Not empl. 5.8 4.2 5.6 84.3 100
Total 45.0 9.1 14.3 315 100

Sources: Istat, Labour Force Survey and Administrative Data
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The relevant percentages of classification agreement for the self-employed and
not employed are also quite high (83.4% and 84.3%, respectively). In these
categories, the only case with a high percentage of misclassification concerns the
cases that are recorded as self-employed in AD as 8.3% of them are classified as not
employed in the LFS. Major classification mismatches are only observed for
temporary contracts. In fact, only 66.2% of those recorded as having a temporary
contract in AD are observed as having a temporary contract in the LFS, while about
14.8% are classified as having a permanent contract and 15.4% as not employed.
These findings are rather stable over time.

3. The mixture hidden Markov model

Let Ai and Sii measure the observed indicators of the employment status of
individual i at time t according to AD and LFS, respectively. We use quarterly data
from 2017-2021, meaning that t runs from 0 to T = 19, while N equals 66,127. The
true (latent) employment status is indicated by Xi.. All Ay, Sit, and X;; can take on four
values representing the categories of employment status (permanent contract,
temporary contract, self-employment and non-employment); a particular category of
the observed indicators is denoted by a, St, and the latent variable x..

In the MHMM, the joint probability of following a particular observed state path

conditional on covariates V, t and t is expressed as:
K 4

4 4
P(Al = ai,Si = Silvi' t) = Z Z Z P(Wl = k)P(XlO = x0|wi = k)

k=1x9=1x:=1 x7=1

T
nP(Xit = X¢|Xi(e-1) = Xe—1, Wi = k, £, t?)
t=1

P(Ayp = colXio = %o)

T
nP(Ait = atlxit = xt’Xi(t—l) = xt—l’Ai(t—l) — at_l)
t=1
[T=1 P(Sie = s¢lXir = x¢, Vi) 1)

The latent employment status X follows a first-order Markov process. This
means that the realization of the true employment status at time point t, Xi, is
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independent of all previous realizations of it conditional on its realization in the
previous time point (¢ — I).

The MHMM estimates four sets of probabilities: the initial state probabilities
P(Xio = Xo), the latent transition probabilities P(X;; = x¢|Xj—1) = x¢—1) as well as
the measurement error probabilities for the administrative data P(4;; = a; V
X+ = x¢), and for the LFS P(S;; = s¢|X;+ = x;). To model more realistic scenarios,
the latent transition probabilities are assumed to be time-heterogeneous. In more
detail, these probabilities depend on a quadratic specification of the quarter index
(i.e.tand t?), P(X; = x¢|Xie—1) = *¢—1,t, t2)). Finally, we estimate the probability
of belonging to one of the K mixtures. Mixtures represent the employment
trajectories as they are time-constant latent classes of individuals with similar initial
latent state probabilities (P (X;o = xo V w; = k)) and latent transition probabilities
(P(Xit = Xl Xi(t—1) = Xe—1, W; = k, £, 12)).

The standard HMM maintains the Independent Classification Error assumption.
This assumption means that the realizations of the observed states Ai: (respectively,
Sit) are independent of its previous and future realizations conditional on the value
of the latent state Xi.. However, this assumption is rather unrealistic as both survey
and administrative employment data contain systematic measurement error
(Pankowska et al., 2021). To address this issue, we relax it by modelling error
autocorrelation in both the administrative data and LFS indicator. In more detail, the
measurement-error probabilities in LFS and administrative data are allowed to
depend on the lagged observed and lagged latent employment status. As Xie-1), Ai-1)
and Sy can take on 4 values, there are 16 (4 = 4) different sets of measurement-
error probabilities in the administrative data and other 16 in the LFS. Each of these
probabilities corresponds to each possible combination of lagged observed and latent
employment status. To estimate a model with a meaningful number of probabilities
as outcomes, we applied certain restrictions. For this purpose, we defined a
constrained logit model that estimates one additional parameter when the same error
can be made between adjacent time points. Similar restrictions have been previously
applied in HMMs by others (Manzoni et al., 2010; Pankowska et al., 2021;
Pavlopoulos and Vermunt, 2015).

The model is estimated with Maximum likelihood, while parameters are obtained
using the forward-backward or Baum-Welch algorithm (Baum et al., 1970), which
is a variant of the Expectation-Maximization algorithm. Specifically, we use an ex-
tension of the Baum-Welch algorithm for MHMMSs with covariates as described by
Vermunt (2007). The estimation is done with the program Latent GOLD, version 6.0
(Vermunt and Magidson, 2016).
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4, Results

Model selection involved three stages. The first stage aimed at selecting the
model with measurement-error specifications that best fit the data. In the second
stage, we compared model specifications with a different number of mixtures (i.e.
trajectories). To accommodate the computational intensity of the MHMMs, in this,
we follow the two-step approach that was introduced by Bakk and Kuha (2018). This
approach involves estimating models with a different number of mixtures where the
measurement-error parameters have been fixed to the values estimated in the first
step of the estimation process. The third and final stage involved testing whether
including predictors to the MHMM can improve model fit.

In total, in the first stage, we estimated 9 models?. Models 1-3 correct only for
random measurement error. In more detail, Model 1 corrects for random
measurement error in the indicator of the LFS, Model 2 in the indicator of the AD,
and Model 3 in both indicators. Models 4-9 also add corrections for systematic
measurement error. In more detail, Models 4-6 include an additional error coefficient
for cases where an error was made in time point t — 1 and can be repeated in t in the
LFS indicator (Model 4), in the AD indicator (Model 5) or in both indicators (Model
6). Models 7-9 have a less restrictive specification as they always estimate an
additional error coefficient for the cases where an error was made in time point -1
in the LFS indicator (Model 7), the AD indicator (Model 8) or in both indicators
(Model 9). Model fit measures (BIC and AIC) show that Model 5 performs best. In
the next stage, we build on the selected model (Model 5) to find the optimal number
of trajectories (mixtures). The two-step approach of Bakk and Kuha (2018) involves
fixing the measurement model parameters to the values that we estimated by Model
5 and estimate models with an increasing number of mixtures, from 2 to 6. Model
selection is, in this case, more complicated. As mixtures represent groups of
individual trajectories, statistical criteria cannot provide alone the optimal solution.
These statistical criteria (i.e. the AIC and the BIC) are combined with substantial
considerations which refer to the size and the interpretation of trajectories. This
aspect is somewhat described by the concepts of latent class separation and
heterogeneity which are summarized by the measure of entropy. To sum up, besides
looking at model fit measures, we select a solution with mixtures of substantial size,
adequately separated with each other and having a meaningful interpretation. On the
basis of these considerations, we selected an MHMM with 3 mixtures. This model
has an entropy of 0.694 which, although not being particularly high, is acceptable.
In the last stage, we also studied whether adding covariates (other than the indicator
for the quarter) improved the model. This appeared not to be the case, so we

2 \We do not report the results of model fit indices for lack of space. These are available on request.
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proceeded with the interpretation of the MHMM with 3 mixtures and only the quarter
as a predictor of the latent employment state.

Figure 2 illustrates the index plot of the employment trajectories that were
obtained by the Model including 3 mixtures. In this plot, every "line" represents an
individual pathway across time. The status of each individual at each time point t
represents actually the modal classification state according to the selected MHMM.
In each of the trajectory plots, the x-axis runs from 0 to T = 19. The largest trajectory
(trajectory 1 in Figure 3, which represents 75.4% of the sample) is a trajectory where
employment is dominant. People in this category are most likely to be employed on
a permanent contract, (less often) with a temporary contract or are self-employed.
Transitions in this trajectory are rare and lead mostly to one of the three employment
states. Trajectory type 2 (19.8% of the sample) is the non-employment states. Almost
all pathways in this trajectory type consist exclusively of non-employment. Lastly,
the smallest trajectory type (trajectory 3, 4.8% of the sample) is the trajectory with
unstable and rather precarious pathways. This trajectory includes pathways with
many transitions between temporary employment and non-employment.

Figure 2 — Employment trajectories with measurement-error correction.
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To evaluate whether measurement error biases the trajectories that we find in this
analysis, we estimate the same model but this time we assume that the observed
indicators are error free. In other words, we estimate a mixture Markov model with
3 mixtures. This solution has an entropy of 0.732. We present the 3 trajectories that
were produced by this model in Figure 3. The size of the 3 trajectories is similar to
those with measurement error correction, 73.2%, 21.2% and 5.6%. However, what
these trajectories represent differs considerably from trajectories that were extracted
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by the model that includes measurement error correction. Failing to correct for meas-
urement error leads to the estimation of more heterogeneous trajectories that include
many more transitions than what really exists. In more detail, the largest trajectory
includes mostly stable pathways of individuals in permanent employment, self-em-
ployment and non-employment. The second largest trajectory includes unstable
pathways where individuals move often between temporary employment, permanent
employment and non-employment. The smallest trajectory groups also unstable
pathways but contrary to the second trajectory, these pathways often include self-
employment as well.

Figure 3 — Employment trajectories without measurement-error correction.
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5. Conclusion

In the article, we estimated a mixture hidden Markov model (MHMM) to study
the effect of measurement error on the typology of employment trajectories in Italy.
For this purpose, we used linked data from administrative sources and the Labour
Force Survey for the years 2017-2021. Our MHMM corrected for both random and
systematic measurement error in both data sources.

Our results indicate that measurement error has a severe biasing effect on
employment trajectories. Although the size of the estimated mixtures is not severely
biased, the typologies coming out of the two analyses (i.e. with and without
measurement error correction by employing an MHMM instead of a mixture Markov
model) are substantially different. In this respect, research applying a processual
approach to study social phenomena should not be ignorant of measurement error.
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Applying error-correction is necessary to reveal existing typologies of employment
or other social processes.
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