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ABSTRACT: Flexible employment is an important topic in scientific and political de-
bate in Europe. The present work describes the use of machine learning techniques to
predict the contract type, by using information coming from both survey and admin-
istrative data. Information on contract type come from linked data from the Labour
Force Survey and the Employment Register of the Netherlands for the period 2007-
2015.
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1 Introduction

Flexible employment is an important topic in scientific and political debate in
Europe. In Eurozone countries, OECD statistics (https://stats.oecd.org) show
that the incidence of temporary employment was 11.8 percent in 2021, while
the probability of getting a job on a temporary contract increased by 36 per-
cent between 2013 and 2019 (Latner, 2022). The Netherlands also saw a sharp
increase in the incidence of temporary employment in 2021: from 13.7 percent
in 2000 to 27.4 percent. In Italy, the increase was a bit lower, from 10.1 per-
cent in 2000 to 16.6 percent in 2021. The role of temporary contracts can be
assessed from a life course perspective: one of the main questions the research
seeks to answer is whether temporary work is always a stepping stone to per-
manent employment or it should be rather considered as a trap of precarious
jobs (Latner & Saks, 2022).

Data to study flexible employment dynamics may come from different
sources, such as survey, administrative and statistical register data. Measure-
ments from different sources may not agree for different reasons, including the
presence of measurement error or misalignment in the definitions or between
occasions of measurement. For example, there could be temporal misalign-



ment of the sources, structural lack of administrative information on irregular
work, misalignment of employment definition in the available sources.

Findings on mobility from temporary to permanent employment can be
severely biased due to measurement error, usually present in the information
used for analysis, coming from both survey and statistical register data (see,
for example, Pavlopoulos & Vermunt, 2015; and Pankowska et al., 2021). A
possible approach to deal with measurement error when multiple data sources
are available is based on the use of latent variable models. In particular, latent
variable models can be used to predict the true target value (here, the current
type of contract) given the observed measurements in the data sources when
all these data sources contain information closely related to the target variable,
but none can be assumed to be error free (Filipponi et al., 2021). An alternative
approach to deal with data coming from multiple possibly discordant sources is
based on Machine Learning (ML) tools for supervised classification (Varriale
& Alfo’, 2023). ML tools may be used to predict the individual target variable,
and to extract important information from the data to learn more about the
phenomenon in the form of a selection of possibly important predictors of the
response.

The present work describes the use of some ML techniques, including de-
cision trees and random forests, to predict the individual contract type. We use
linked data drawn from the Labour Force Survey (LFS) and the Employment
Register of the Netherlands for the period 2007-2015. The aim of this paper
is to show how ML techniques can be used with longitudinal data to extract
important information for the purpose of estimating the probability of a tem-
porary employment contract in the life course, and to learn more about the
phenomenon.

2 The context

The data sources providing information on types of employment contracts are
the Labour Force Survey (LFS) administered by Statistics Netherlands and
the Employment Register of the Netherlands (ER). LFS represents the main
source of information on the labour market for official statistics. It produces
information on employment and the main aggregates of the job offer - pro-
fession, sector of economic activity, hours worked, type and duration of con-
tracts, training. LEFS is harmonized at the European level as established by the
EU Regulation 2019/1700 of the European Parliament and the Council. In the
Netherlands, the LFS has a rotating trimonthly scheme and it is representative
for the Dutch population aged 15 or more. Since 1999, respondents are inter-



viewed at 5 consecutive panel waves. The collected information refers to the
moment of the interview, and the interviews are carried out during every week
of the trimester. Table 1 show the LFS rotating scheme for two years.

Table 1. LFS rotating scheme for two years.

year] year
Sample | g1 g2 g3 g4 q @ g3 qa
1 X X X X X
2 X X X X X
3 X X X X X .
4 X X X X X
5 X X X X
6 X X X
7 X X
8 X

The ER is a register administered by the Institute for Employee Insurance
(UWYV), containing information on labour market and income for all insured
workers in the Netherlands. The ER is constructed by collecting and matching
information from various sources, i.e. the Tax Office, the Population Regis-
ter and information drawn from temporary work agencies’ registries (Bakker
et al., 2014). The submission of tax-reporting statements is compulsory for
employers. However, while ER dataset contains monthly information, em-
ployers typically submit the relevant information only few times per year. This
may, at least potentially, produce some errors, in particular for the informa-
tion regarding the period between two consecutive submissions. Additional
sources of measurement error in ER may result from administrative delays,
wrong registration, and erroneous administrative procedures.

3 A machine learning approach

A ML approach for supervised classification is applied to predict individual
contract type as a function of individual features and time. Categories of con-
tract type can be classified as “permanent”/’non-permanent.” The latter cat-
egory can be divided into fixed-term”, “temporary or on-call”, and “other”.
The response is contract type, and models considering both response at 2 and

4 categories as target variable are considered and estimated.



Let y;j; denotes the binary indicator for contract type j at occasion ¢ for in-
dividvali i=1,...,n,t=1,...,T,j=1,...,m). In this work T = 32, each time
t corresponding to a specific quarter of the year. We use multiple strategies of
analysis. The first strategy involves using y;;; as the target variable and all the
information available in previous times as covariates. Therefore, we want to
model the conditional expectation E(y;j;|xi,Xi—1,-..,%i1). The second strat-
egy uses as covariate also the information on the target variable y at time r — 1,
in order to take into account the longitudinal structure of the data by defining
a formal for the conditional expectation E (y; i |Viji—1,%ir, Xit—1, - - -, Xi1 ). In par-
ticular, we are assuming that the evolution of the contract type is governed by
a first order Markov chain with transition matrix that do not depend on time.
Last, we will consider a first order non homogeneous Markov chain where
transition probabilities may depend on individual features and or time. ML
techniques are applied using the R software.

The aim is to show how ML can be used with longitudinal data, both for
prediction and to extract the relevant information.
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