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Abstract - The Federal Planning Bureau has developed within the Nowcasting project a dynamic mi-
crosimulation model for nowcasting and medium-term forecasting (currently up to 2020) of indicators 
of poverty and social exclusion. The model uses the EU-SILC 2014 cross-sectional dataset – comple-
mented by auxiliary information – as input data to simulate micro-datasets for each of the subsequent 
projection years. From these, estimates of the at-risk-of-poverty rate (AROP), the very low work inten-
sity rate (VLWI) and the index of severe material deprivation (SMD) can be calculated; that is, all three 
components of the overarching AROPE (“at-risk-of-poverty or social exclusion rate”) indicator.  

This Working Paper begins by describing the ambitions of this project in more detail. The data and 
methodology are presented afterwards, highlighting an innovative approach that allows an individual 
to have multiple socio-economic states during the year. The results for the indicators of poverty and 
social exclusion are presented in some detail. Finally, it surveys the main challenges and limitations and 
explores some avenues for future improvements of the model. 
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Executive summary 

The Federal Planning Bureau has developed within the Nowcasting project a dynamic microsimulation 
model for nowcasting and medium-term forecasts (currently up to 2020) of indicators of poverty and 
social exclusion. The main motivation for the Nowcasting project is that these indicators become avail-
able with a delay, which is an important obstacle for the use of these indicators in a policy context. The 
model is mainly based on the EU-SILC 2014 cross-sectional dataset, complemented by more detailed 
variables from the Belgian questionnaire. This dataset, combined with semi-aggregate projections by 
the Federal Planning Bureau of demographic and labour-market developments, is used as input data 
for the model to simulate micro-datasets for each of the subsequent projection years. From these data, 
estimates of the at-risk-of-poverty rate (AROP), the very low work intensity rate (VLWI) and the index 
of severe material deprivation (SMD) can be calculated; that is, all three components of the overarching 
AROPE (“at-risk-of-poverty or social exclusion rate”) indicator. In addition, the Gini coefficient of in-
come inequality is also projected. These simulated indicators of poverty and social exclusion can be 
calculated both for the whole population and for any sub-group. Projections of many other indicators 
in the portfolio of EU social indicators that are based on EU-SILC could also be derived from the simu-
lated data. The advantage of a microsimulation model is that it allows to assess the impact of policy 
reforms and of economic and demographic developments on these indicators of poverty and social ex-
clusion.  

Key messages of this project are that nowcasting and medium-term forecasting are now possible using 
a fully dynamic microsimulation model. The provisional results of the model suggest that the overall 
poverty risk would remain stable, but that of the 65+ subpopulation would decrease over time, while 
that of the younger population would show a small increase. Furthermore, the increase of overall ine-
quality would come to a halt and the level of inequality would become more stable. Finally, the very 
low work intensity rate would continue its decrease, driven by the continuing increase of the employ-
ment rate among the working-age population. 

The current version of the model is still experimental and in need of some adjustments. Also, it should 
be updated to the latest available wave of the EU-SILC data. The model, when adapted and updated, 
would allow Belgium to provide more up-to-date and projective information on indicators of poverty 
and social exclusion to the EU level for international comparisons and analysis, among other things for 
the preparation of the European Semester and for the evaluation of the EU2020 programme. The model 
itself might be put at the disposal of other Belgian agencies or international partners. Finally, some 
methodological advancements made in the development of the Nowcasting model are of more general 
relevance and will be disseminated to the international community of developers of microsimulation 
models. 

The Nowcasting project was jointly funded by the European Commission (project VS/2015/0179) and 
the Federal Public Service Social Security.  
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Synthèse 

Le Bureau fédéral du Plan a développé, dans le cadre du projet Nowcasting, un modèle de microsimu-
lation dynamique pour la prévision immédiate (nowcasting) et les prévisions à moyen terme (actuelle-
ment jusqu’à 2020) des indicateurs de pauvreté et d’exclusion sociale. La motivation principale du projet 
Nowcasting est que ces indicateurs deviennent disponibles avec un certain retard, ce qui constitue un 
obstacle important à leur utilisation dans un contexte politique. Le modèle est basé principalement sur 
l'ensemble de données transversales EU-SILC 2014 complétées par des variables plus détaillées du ques-
tionnaire belge. L'ensemble de données ainsi constituées, combinées avec les projections semi-agrégées 
du Bureau fédéral du Plan sur les évolutions démographiques et du marché du travail, sont utilisées 
comme données d’input par le modèle afin de simuler un set de micro-données pour chacune des an-
nées de projection. Ces micro-données sont ensuit utilisées pour calculer les estimations du taux de 
risque de pauvreté (“at-risk-of-poverty rate”, AROP), du taux de très faible intensité de travail (“very 
low work intensity rate”, VLWI) et du taux de privation matérielle sévère (SMD) ; c'est-à-dire les trois 
composantes de l'indicateur global AROPE (“at-risk-of-poverty or social exclusion rate”). En outre, le 
coefficient de Gini de l'inégalité des revenus est également projeté. Ces indicateurs simulés de pauvreté 
et d'exclusion sociale peuvent être calculés à la fois pour l’ensemble de la population et par sous-
groupes. Les données simulées peuvent également servir à obtenir les projections de nombreux autres 
indicateurs du portefeuille d'indicateurs sociaux de l'UE basés sur les statistiques EU-SILC. 

L'avantage d'un modèle de microsimulation est qu'il permet d'évaluer l'impact des réformes politiques 
et des changements économiques et démographiques sur ces indicateurs de pauvreté et d’exclusion 
sociale.  

Les messages clés de ce projet sont les suivants : la prévision immédiate et la prévision à moyen terme 
sont maintenant possibles en utilisant un modèle de microsimulation dynamique. Les résultats provi-
soires du modèle suggèrent que le risque global de pauvreté resterait stable, mais que celui de la sous-
population des 65 ans et plus diminuerait avec le temps, tandis que celui de la population plus jeune 
augmenterait légèrement. En outre, les résultats montrent une légère croissance d’inégalité des revenus 
pour l’ensemble de la population dans les premières années mais cette croissance s’estomperait ensuite 
et l’inégalité deviendrait plus stable. Enfin, l'indicateur VLWI baisserait sur l’ensemble des années si-
mulées. Cette baisse serait alimentée par l'augmentation continue du taux d'emploi de la population en 
âge de travailler. 

La version actuelle du modèle est expérimentale, à ce stade, et nécessite quelques ajustements. De plus, 
elle devrait être mise à jour avec la dernière vague disponible de données EU-SILC. Une fois adapté et 
mis à jour, ce modèle permettrait à la Belgique de fournir des informations sur les indicateurs de pau-
vreté et d'exclusion sociale plus actualisées et plus prospectives au niveau de l'UE pour des comparai-
sons et analyses internationales, notamment pour la préparation du Sommet Européen et pour l’éva-
luation de la stratégie EU2020. Le modèle lui-même pourra être mis à la disposition d'autres institutions 
belges ou partenaires internationaux. Enfin, certains avancements méthodologiques réalisés dans le 
cadre du développement du modèle de prévision immédiate (Nowcasting) ont un intérêt plus général 
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et seront diffusés auprès de la communauté internationale des développeurs de modèles de microsimu-
lation. 

Le projet Nowcasting a été financé conjointement par la Commission Européenne (projet VS/2015/0179) 
et le Service Public Fédéral Sécurité Sociale. 
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Synthese 

Het Federaal Planbureau ontwikkelde binnen het Nowcasting project een dynamisch microsimulatie-
model voor nowcasting en middellange-termijn projecties (tot 2020) van indicatoren van armoede en 
sociale uitsluiting. De voornaamste aanleiding voor dit project is de vertraging waarmee deze indicato-
ren ter beschikking komen, hetgeen een belangrijke hinderpaal is voor hun gebruik in een beleidscon-
text. Het model is vooral gebaseerd is op de EU-SILC 2014 cross-sectionele dataset en aangevuld met 
meer gedetailleerde informatie uit de Belgische bevraging. Deze dataset, in combinatie met projecties 
door het Federaal Planbureau van demografische variabelen en van de arbeidsmarkt, dient als input 
voor het model dat golven van de micro-data voor de volgende jaren simuleert. Met deze gegevens 
kunnen schattingen van het armoederisico (“at-risk-of-poverty rate”, AROP), de “very low work inten-
sity rate” (VLWI) en de “severe material deprivation rate” (SMD) worden berekend; dit zijn de drie 
componenten van de overkoepelende AROPE (“at-risk-of-poverty or social exclusion rate”) indicator. 
Daarnaast wordt ook de Gini coëfficiënt van de inkomensongelijkheid geprojecteerd. Deze gesimu-
leerde indicatoren van armoede en sociale uitsluiting kunnen worden berekend voor de bevolking als 
geheel, en ook voor alle mogelijke subgroepen. Ook projecties van andere indicatoren uit de portfolio 
van sociale indicatoren van de EU, voorzover deze gebaseerd zijn op EU-SILC, kunnen uit de gesimu-
leerde data afgeleid worden.  

Het voordeel van een microsimulatiemodel is dat het een inschatting mogelijk maakt van de effecten 
van beleidshervormingen en van sociaal-economische en demografische ontwikkelingen op indicatoren 
van armoede en sociale uitsluiting.  

De conclusies van dit project zijn de volgende: ten eerste is gebleken dat het produceren van nowcasting 
en middellange-termijn projecties mogelijk is met een dynamisch microsimulatiemodel. Ten tweede 
suggereren de voorlopige resultaten dat het algemene armoederisico ruwweg stabiel zou blijven, waar-
bij het voor de 65+ zou afnemen terwijl het voor de actieve bevolking licht zou toenemen. Ten derde 
zou de algemene inkomensongelijkheid niet verder toenemen maar zich stabiliseren. Tenslotte, de 
VLWI zou verder afnemen, vooral onder invloed van de toenemende activiteitsgraad onder de bevol-
king op actieve leeftijd.   

De huidige versie van het model is nog onvoltooid, en kan nog verbeterd worden. Ook zou het geüp-
dated moeten worden naar de laatst beschikbare golf van de EU-SILC gegevens. Het aangepaste en 
geüpdatete model zou België in staat stellen om projecties te maken van de indicatoren van armoede en 
sociale uitsluiting en deze te gebruiken voor comparatieve analyses op Europees niveau, onder meer in 
de voorbereiding van het Europese Semester en ter evaluatie van het EU2020-programma. Het model 
kan zelf ook ter beschikking worden gesteld aan andere Belgische instellingen of internationale part-
ners. Enkele methodologische innovaties in het kader van dit model hebben een ruimere relevantie, en 
zullen worden gecommuniceerd naar de internationale gemeenschap van bouwers van microsimula-
tiemodellen. 

Het Nowcasting project werd gefinancierd door de Europese Commissie (project VS/2015/0179) samen 
met de FOD Sociale Zekerheid.  



  WORKING PAPER 3-19 

5 

1. Introduction 

Since the launch of the Europe 2020 strategy in 2010, the statistics on poverty and social inclusion in the 
EU have gained in importance. This is not surprising given the important role of these indicators in the 
preparation of the European Semester (the annual cycle of economic policy coordination between EU 
countries) (European Commission, 2018b). Moreover, one of the headline targets in the EU2020 strategy 
is to reduce by at least 20 million by 2020 the number of people living at risk of poverty or social exclu-
sion. This target is monitored through the at-risk-of poverty or social exclusion (AROPE) rate that is 
composed of three components: (a) monetary poverty or the at-risk-of poverty rate (AROP); (b) severe 
material deprivation (SMD) and (c) very low work intensity (VLWI). Those three components are de-
rived from the European Union Statistics on Income and Living Conditions (EU-SILC), which is the 
main source of comparable statistics on income, social exclusion and living conditions at EU level.  

EU-SILC data are collected at the household and the individual level, covering demographic and la-
bour-market characteristics as well as detailed income information. In Belgium, EU-SILC data are col-
lected by Statbel in an annual survey of about 6,000 households (or 11,000 individuals).1 A major draw-
back of EU-SILC, however, is that the data become available with a delay. This delay has been substan-
tially reduced in the past couple of years and more efforts are ongoing in that direction. Currently, the 
data become available in May of year N+1, i.e. 5 months after the year N of data collection. However, 
due to the complexity of the data collection and its processing, there will always be a certain delay in 
the production of EU-SILC data. Moreover, all income variables refer to N-1, i.e. the year preceding the 
one of data collection. Providing timelier statistics on income poverty and inequality is essential in eval-
uating the effectiveness of the Union’s policies and programmes and measuring the progress towards 
the Europe 2020 poverty target. Therefore, it is important to supplement the official statistics with time-
lier indicators. 

The aim of this project is to resolve the problem of the delay in the EU-SILC results by constructing a 
so-called “nowcasting” model based on the dynamic microsimulation approach. Nowcasting refers to 
a contraction of “now” and “forecasting” and involves projection of current indicators based on the last 
available observed data that are updated to the present time using macro-level indicators of the trends 
in incomes and on the labour market. However, the model developed in the present project goes beyond 
the “simple” nowcasting exercise and also provides short- and medium-term projections of the EU-SILC 
indicators. This is the second aim of the project. So, nowcasting here implies the projection of socio-
economic developments in the proximate past and in the near future. The proposed nowcasting model 
delivers estimates of the at-risk-of-poverty rate (AROP) and the very low work intensity rate (VLWI). 
A regression model makes it possible to also project the index of severe material deprivation (SMD), so 
that all three components of the overarching at-risk-of-poverty-or-social-exclusion (AROPE) indicator 
are covered. The advantage of such a model (i.e. based on microsimulation techniques) is that it allows 
to assess the impact of policy reforms and other economic developments on these indicators of poverty 
and social exclusion, both for the whole population and for any sub-group. The model will allow 

                                                           
1     See https://statbel.fgov.be/en/themes/households/poverty-and-living-conditions/risk-poverty-or-social-exclusion#documents  
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Belgium to provide more up-to-date and projective information based on the EU-SILC to the EU level 
for international comparisons and analysis, among other things in the context of the EU2020 pro-
gramme. 

An earlier projection of the population at risk of poverty or social exclusion up to 2030 was published 
by the Federal Planning Bureau in 2016 (Frère, 2016). This projection integrates into a coherent frame-
work various data which influence the evolution of the size of this population. This projection is made 
on the macro-level, which implies that breakdowns by population subgroups are generally not possible.  

The indicators presented in this paper are provisional and should be interpreted with caution. The pur-
pose of the developed model is to provide nowcasted estimates as close as possible to the EU-SILC 
survey. However, the model cannot be expected to capture the changes in the EU-SILC survey perfectly 
and a comparison of the projected indicators with the EU-SILC based observations reveals some devia-
tions. The accuracy of the nowcasted indicators depends on various parameters, among them the dif-
ferences between EU-SILC and exogenous parameters used in the model (e.g. earnings growth rate or 
changes in employment rate), assumptions underlying the model and estimations that may fail to 
properly capture the observed behaviour. Notwithstanding these possible deviations and limitations of 
the model (that is subject to further improvement), the nowcasted estimates can still be used as an indi-
cation of the direction of current and near-future changes. 

The model has been developed within the Nowcasting project, which was jointly funded by the Euro-
pean Commission (project VS/2015/0179) and the Federal Public Service Social Security.  

The remainder of this paper is organised as follows. Section 2 discusses the nowcasting methodology 
developed by Eurostat using EUROMOD and compares it with the model presented in this report. Sec-
tion 3 describes the data used to implement the Nowcasting model. Section 4 presents the Nowcasting 
model and its various modules. The results are presented in section 5. The same section also includes 
simulation results for a hypothetical policy variant, illustrating an alternative way of using the model. 
Finally, section 6 is devoted to the challenges and limitations of the project and section 7 concludes. 
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2. Nowcasting by Eurostat, using EUROMOD 

‘Nowcasting’, a contraction of ‘now’ and ‘forecasting’, is the projection of economic and other develop-
ments for the recent past, the present and the near future. (Banbura et al., 2013). Nowcasting models 
based on microsimulation techniques have been recently developed to analyse the effect of current pub-
lic policies on socio-economic indicators. This interest is driven by micro-data usually becoming avail-
able with time delay. Nowcasting then “updates” data from the recent past to the present, before real 
data are available directly from the source.  

Because indicators on poverty and income inequality play an essential role in the European semester 
and in the EU2020 goals, there is a manifest need for more timely information about these indicators 
than is available through the source database EU-SILC. The latter requires time for collecting and pro-
cessing, which results in time delay. For this reason, Eurostat is developing ‘flash estimates’ for these 
indicators, which were published for the first time in 2017 for the income year 2016. The second wave 
of these flash estimates, which are still experimental, was published in October 2018 for the income year 
2017 (European Commission, 2018a).  

The flash estimates are not based on a single methodology. For each country, the most suitable method 
is used, given the information available and in consultation with national authorities. Also, methods are 
constantly revised within a Quality Assessment Framework (European Commission, 2018b). For some 
countries, current income information from EU-SILC or from other sources was used for the latest flash 
estimates. Earlier, macroeconomic time series modelling was tested, but not used anymore for the 2017 
flash estimates. This approach models indicators of poverty and income inequality on the aggregate 
level, without recourse to microdata. Because of the scarcity of data points and other reasons, the results 
were considered insufficiently robust.  

The main method used for most countries, including Belgium, is microsimulation, relying on 
EUROMOD. For several years, the EUROMOD team has worked on adapting the EUROMOD model 
for use in nowcasting (European Commission, 2010, 2013; Leventi et al., 2014; Rastrigina et al., 2015). 
For this purpose, the EUROMOD model strictu sensu (i.e. the tax-and-benefit simulation routines) was 
enhanced with adjustments to the input data. Those adjustments take into account changes in the pop-
ulation structure, the evolution of employment and the growth of the main income components.  

The EUROMOD nowcasting process is implemented in two steps. The first step consists in updating 
the labour and demographic characteristics. This is done by using two different models, that boil down 
to the use of two key techniques in microsimulation – dynamic and static ageing (Dekkers, 2015a). For 
most countries (including Belgium), a static approach is used, where changes in the population are taken 
into account through a process of reweighting. A new vector of the sample weights is derived to change 
the marginal distributions from the base year to those in the target year. The reweighted distributions 
include the number of employed, the age structure, household size and the number of dependent chil-
dren. The main source for the target marginal distributions is the Labour Force Survey. The reweighting 
is done at the household level.  
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In the second model, which is being used for 8 of the 24 member states, changes in employment are 
modelled at the level of the individuals by explicitly simulating two kinds of transitions: from non-
employment into employment and from employment into unemployment (or inactivity). People that 
transit into employment will have wages imputed from an individual with similar characteristics, such 
as age, educational attainment level and region. Unemployment benefits are simulated for those moving 
out of employment, if they are eligible. Detailed employment figures by age, gender and economic sec-
tor based on the Labor Force Survey are used for deciding the final number of individuals making the 
transitions. The number of cases that are selected to go through a transition corresponds to the net yearly 
change in employment levels by age group, gender and education (a total of 18 strata) as shown in the 
Labour Force Survey (Rastrigina et al., 2015). 

Eurostat and the EUROMOD team do not favour one of these technics over the other, but note that both 
have advantages and disadvantages (European Commission, 2018b; Navicke et al., 2014; cf. Dekkers, 
2015a). A disadvantage of the static reweighting method is that it makes the implicit assumption that 
the characteristics of the reweighted groups remains unchanged, which may be unrealistic. For exam-
ple, during an economic crisis, the characteristics of those that move into unemployment may be rather 
different from those that were already unemployed. Simulating transitions from employment to unem-
ployment may be better at capturing real developments in such circumstances. Also, reweighting may 
result in excessively high weights for some observations. On the other hand, reweighting is simpler to 
put in practice. 

The second step in the EUROMOD nowcasting process consists of updating all non-simulated incomes 
to the target year, using uprating coefficients that reflect either statutory rules, or observed changes in 
average incomes by income source. As far as is feasible, the updating factors for employment income 
are disaggregated by economic activity or economic sector. Furthermore, some benefits and taxes are 
simulated, using the regulations in effect in the target year. Finally, an alignment factor is calculated for 
each household, to correct for differences between the income as observed in EU-SILC 2016 and as esti-
mated in EUROMOD. This factor is then applied in all later years.  
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3. Data 

The currently developed version of the Nowcasting model is based on the Belgian EU-SILC 2014 cross-
sectional dataset, as well as the EU-SILC 2007-2014 longitudinal data. Both types of data are provided 
by Statbel. In addition to conducting the Belgian survey, Statbel also checks and corrects the collected 
data for outliers and missing values and reorganizes data into EU-SILC variables to enable comparisons 
between the European countries and regions. Nowcasting mostly uses these reorganized variables but 
complements them with more detailed information from the questionnaire on different social security 
schemes (e.g. distinction between retirement pensions, survival pensions and guaranteed minimum in-
come for elderly; or distinction between regular unemployment benefits and unemployment benefits 
with employer’s supplement). The cross-sectional dataset is used as input data for the model to produce 
synthetic datasets for each of the following projected years. The longitudinal version of EU-SILC is 
mostly used for estimation of parameters in the dynamic simulation model. More precisely, the estima-
tions of the labour market transitions (probability to be in a particular labour market state in year t given 
the labour market state in year t-1), wages, working hours and pensions are based on the longitudinal 
EU-SILC data. This falls outside the scope of the current note.2  

A cleaning process is performed on the base dataset before the data is imported into the Nowcasting 
model. Most data inconsistencies are solved in the cleaning process. Some inconsistencies could not be 
solved, and the Nowcasting model therefore was adapted accordingly. The two major unsolved incon-
sistencies are the following: 

– Some individuals are reported to be married but the identifier of their partners is missing. In many 
cases, we need to know partner’s characteristics such as his labour market state or income (e.g. for 
the simulation of social assistance benefits). If the partner’s identifier is missing, this would lead to 
inconsistencies within the model. In such cases, we assume that the person is single for practical 
reasons (i.e. the person is probably not living together with his/her partner). 

– Some key variables have missing values (e.g. level of education, labour market state, white- or blue-
collar identifier for wage earners, etc.). In most microsimulation models, these missing values are 
imputed. We decided to keep missing values for some of these variables (e.g. labour market state)3 
and replace missing values for other variables (e.g. level of education). The decision not to impute 
missing values is based on the purpose of the project, which is to create synthetic waves of the initial 
dataset. That is, we want to be as close as possible to the initial data that allows for missing values. 
On the other hand, labour, education and health information in EU-SILC is only collected for persons 
aged 16 and over. Hence and by design of the survey, the level of education is mostly missing for 
people aged below 16. This is a problem, because those younger than 16 at the outset over time 
become 16 and older. Hence those in this group gradually might move out of education and into one 
of the other labour market states, which means that the missing education level becomes a problem. 

                                                           
2  Appendix 9.4 includes a technical note on the mentioned estimations used within the Nowcasting model. 
3  To be more precise, the model allows the possibility to observe missing labour market states. To complete the missing infor-

mation in the reported current labour market state, we mostly used the information on the reported state in December of the 
income reference period and the type of reported income. In the currently used dataset (EU-SILC 2014), all missing values 
could thus be imputed. It is nevertheless possible that future input datasets based on the following EU-SILC waves contain 
labour market state with missing values. In this case, the model will take these missing values into account. 
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Hence the need to fill the missing values for the level of education to simulate labour market transi-
tions because the transition probabilities depend on the level of education. The missing values are 
imputed randomly consistently to the age of the individual and observed frequencies within each 
level of education. 

An important adaption to the database is the presentation of income information. In the EU-SILC survey, 
most information except the income data in the EU-SILC wave of year t is provided for the calendar 
year t, while the income data is reported for the previous calendar year t-1.4 This is shown in the lower 
panel of Graph 1. Thus, for example, the EU-SILC of wave 2014 asks the respondents about the labour 
market state that they currently occupy, and about the earnings or incomes they received in 2013. In 
contrast, the Nowcasting model simulates the incomes that pertain to the labour market state in the 
same year - if an individual in the model is working, then she receives an income from work. This is 
shown in the upper panel of Graph 1. 

The purpose of the Nowcasting model is to nowcast the EU-SILC data. Hence the structure of the sim-
ulated results must be changed in order for this time lag in the presentation of earnings and incomes to 
be present. This is done as shown in Graph 1 below. First, the Nowcasting model updates the incomes 
from year t-1 to t. This is done by carrying over the incomes from t-1 to t if the income source matches 
the current labour market state. If an individual’s labour market state changed between t-1 and t (i.e. 
income source from t-1 does not match with the labour market state at t), then we simulate the new 
incomes at t. For the following (simulated) years, Nowcasting simulates all the variables simultaneously 
(labour market state, incomes, etc.) for a given period. Finally, after simulation, simulated incomes of 
each previous year t-1 are linked to the non-monetary simulation results (such as labour market state) 
of year t, as denoted by the arrows in Graph 1. Thus, in the results reported in the reminder of this note, 
one should keep in mind this EU-SILC structure of the data. 

                                                           
4  An exception to this is the labour market state reported for each month of the income reference period, i.e. calendar year t-1. 
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Graph 2 illustrates how the EU-SILC structure is replicated in the model using the current input data of 
2014 EU-SILC wave. First, in the input year 2014, most non-monetary variables are observed.5 Based on 
these observed data, Nowcasting simulates incomes and earnings for 2014. Starting 2015, the model 
simulates both non-monetary and income variables pertaining to the same year. This is shown in the 
upper panel of Graph 2. Second, after all the data has been simulated, the incomes from t-1 are carried 
over to t. This means that for 2014, the output of the model includes (mostly) observed non-monetary 
data from 2014 and observed incomes from 2013, thus basically the input data. The output data for 2015 
includes simulated non-monetary variables from 2015 and simulated incomes from 2014. This projected 
EU-SILC setup is displayed in the lower panel of Graph 2. 

                                                           
5  Due to the previously mentioned inconsistencies, certain missing information is simulated. In addition, all the persons aged 

65 or older are considered as retired in the Nowcasting model and their observed labour market state is adapted accordingly 
if necessary. In the currently developed version of the model, the labour market state has been changed to retirement for 
around 3% of 65+ population (based on weighted data). 

Graph 1 Replicating the structure of the EU-SILC (general setup) 
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An important difference between EU-SILC and simulated data is that EU-SILC is a rotating panel, while 
the simulated data are close to a full panel. In EU-SILC, one fourth of the sample is renewed every year. 
In contrast, in Nowcasting, the largest part of the population observed in the initial dataset remains in 
all the simulation years. A unique exception to this are immigration/emigration and fertility/mortality 
changes in the data. Therefore, although the EU-SILC sample remains representative of the population 
in all years, larger sampling errors may occur while measuring annual net changes and trends than if it 
was a full panel. 

Furthermore, note that the Nowcasting model is in constant prices with all incomes in all simulated 
years expressed in prices of the base year 2014. 

Graph 2 Replicating the structure of the EU-SILC (example) 
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4. Methodology 

4.1. General approach 

The model developed in this project is a fully dynamic longitudinal-ageing microsimulation model (Li 
et al., 2014), where the characteristics of individuals change following probabilistic or deterministic pro-
cesses. Dekkers and Van den Bosch (2016) show that dynamic microsimulation models are not uncom-
mon for policy analysis of especially pensions in European member states, but these simulations often 
focus on the long run. Thus, our method falls within the “evolution of income components-microsimu-
lation” approach used in flash estimates of the at-risk-of-poverty rate by Eurostat (European Commis-
sion, 2018b).  

The model is developed and run using the LIAM II software6, a specialized tool for microsimulation.  

Like the Eurostat-approach to produce flash estimates, the dynamic microsimulation model developed 
in the NOWCASTING project also uses auxiliary data to take account of demographic and economic 
developments in the short run. However, unlike flash estimates that use calibration techniques7, our 
model relies on alignment techniques (Li and O’Donoghue, 2014) which use the individuals’ estimated 
risk of any transition happening (say, finding a job if one is unemployed, or divorcing if one is married). 
It makes sure that the proportion of individuals in any state (e.g. working, or being unemployed) in the 
simulation matches an externally given proportion, often disaggregated by age and gender. We will 
come back to the alignment techniques used within the model later in section 4.3. 

Overall, the Nowcasting model presented in this report simulates 1) demographic developments (fer-
tility, mortality, immigration and emigration), 2) household formation and dissolution (marriage and 
cohabitation, divorce and separation, household-leaving by young adults), and 3) labour market and 
social security transitions. The latter point covers transitions between employment, unemployment, dis-
ability, unemployment with company allowance, inactivity (including full-time education) and, finally, 
retirement. Furthermore, within the labour market, transitions are simulated between types of work 
(private sector, public sector, self-employment). All transitions are based on individual risk profiles re-
flected by either reduced-form logistic regressions or continuous uniform distribution, that depend on 
the previous state of the individual. Through alignment procedures (Li and O’Donoghue, 2014), these 
are combined with semi-aggregate short-run demographic and labour market simulations by the 
MALTESE system of models of the Federal Planning Bureau (FPB), originated from the HERMES model 
(see section 4.3 for a discussion). See Dekkers, Inagaki and Desmet (2012) for a more extensive discus-
sion of simulation of transitions with alignment, and Federal Planning Bureau (2017) for a short descrip-
tion of the MALTESE model.  

Furthermore, demographic transitions, specifically household formation (marriage, cohabitation) and 
dissolution (divorce, separation) are all aligned to the LIPRO-projections by the FPB (Vandresse et al., 
2018). 

                                                           
6  http://liam2.plan.be/pages/about.html# .  See also de Menten et al. (2014)  
7  For some European countries, flash estimates are based on labour transitions derived at the individual level (European Com-

mission, 2018). For Belgium however, and most other European countries, calibration/reweighting techniques are used. 
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The other aspects of time mentioned in European Commission (2018b) are the development of earnings 
and social security incomes. The changes of the rules of the various social security schemes and the 
gross-net trajectory are also simulated. 

The Nowcasting model is an annual discrete time model and in the above characteristics, it is not unlike 
other dynamic microsimulation models. This approach is however innovative in the sense that other 
discrete time microsimulation models usually assume a unique person-year socio-economic state with 
individuals remaining in the same socio-economic state during the whole year. This means that if an 
individual changes her socio-economic state between year t-1 and year t, the change is assumed to occur 
at the beginning of the year t. In contrast, the model presented here allows an individual to change its 
socio-economic state at any time during the year, and therefore to serially occupy 2 different states over 
the course of the year. 

The EU-SILC data include weights, that correct for differences in the probability to be selected due to 
the sampling design and for differential non-response, and also are calibrated so that sample totals 
match population numbers by age, gender and province8. Unfortunately, weights as such cannot be 
used in the present version of LIAM II. For this reason, these weights are rounded to whole numbers, 
and the records for each household are copied as many times as those numbers indicate. In other words, 
if we designate the weight for each household h by wh, then each household is transformed into wh 
‘clones’ of itself (Dekkers and Cumpston, 2012). This procedure is called ‘expansion’, and the expanded 
sample yields the same results as the original weighted sample, except for rounding errors.  

In the demographic module (see section 4.2.1), birth, death, immigration and emigration are simulated 
in a way which ensures that the projected population, in terms of the distribution by age and gender, 
conforms to the population projections or observations. Thus, no further reweighting is needed.  

4.2. Modules 

The Nowcasting model consists of many processes, and related processes are arranged in modules. Fur-
thermore, adopting a discrete-time approach means that any object (be it an individual or a household) 
can face one particular “risk” only. Being simultaneously subject to multiple risks, for example the risk 
of catching a cold and being in a car crash, is typically for an environment where time is continuous. 
Hence, in a discrete-time model, recursive simulation is used, by which events are simulated through 
processes one at a time and in a fixed and particular order for a given period (Dekkers and Van den 
Bosch, 2016). This order is relevant because if the simulation of event a precedes that of event b, the 
outcome of event a might affect the probabilities of event b happening in the same period.  

Processes are therefore set in an (ultimately arbitrary) order, under the assumption that earlier processes 
affect, through changing the state of the individual, later processes within the same period, but not vice 
versa. Typically, this order starts with the processes underlying the demographic events, and grouped 
in a demographic module, followed by the labour market processes. Last come those simulations that 
are a function of events, but that do not simulate any events themselves; this includes the simulation of 

                                                           
8  SILC Quality Report, https://statbel.fgov.be/nl/themas/huishoudens/armoede-en-levensomstandigheden/armoederisico/plus  
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earnings, social security benefits, net incomes, and the like. The modules of the Nowcasting model and 
order in which they are executed are presented in Graph 3. 

 

Before turning to the more detailed discussion of the various modules of the Nowcasting model, one 
fundamental issue pertaining to the alignment procedure needs to be highlighted. Many of these align-
ment tables that the model automatically adheres to, are expressed in incidence rates, or levels. Thus, 
these projections may dictate certain proportions of various labour market and social security states, 
e.g. the unemployment rate. However, in the first simulation year the unemployment rate specified by 
the alignment table may not coincide with the observed unemployment rate in the SILC. Discrepancies 
can be due to sample error, another definition in the questionnaire, or the lack of any definition, and 
respondent error. Imposing the unemployment rate as observed in the alignment tables would lead to 
an unrealistic jump in the projection results. In order to prevent this, and using the implicit assumption 
that any differences in definition will affect the incidence level but not its growth rate over time, all of 
the alignment tables that describe incidence levels are transformed in growth rates and then brought to 
the level observed in the starting data set.     

4.2.1. Demographic module 

This module consists of the processes underlying birth, survival or mortality, education, immigra-
tion/emigration and household formation and dissolution. 

The first processes that are simulated in any typical period, i.e. the processes that are the earliest in the 
recursive simulation, describe immigration and emigration. Immigration and emigration are modelled 
separately, because the age-gender profile of immigrants and emigrants is very different. It is technically 
straightforward to simulate individuals to migrate ‘on their own’: one just makes a clone of a selected 

Graph 3 Order of modules in the Nowcasting model 
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existing immigrant to represent the new immigrant. But this approach produces biased simulations of 
household size and characteristics, because many individuals – especially children – enter or leave the 
country not alone, but as part of a household. This technique of individual migration is not satisfying 
since many poverty and social inclusion EU2020 indicators are based on household characteristics and 
income. We therefore follow the “donor approach” (Duleep and Dowha, 2008), which involves using 
the pageant algorithm (Chénard, 2000) to sample from the dataset of individuals grouped in house-
holds, while aligning to historical immigration statistics and official projections on the level of individ-
uals (Vandresse et al., 2018), and up to 2020. These are available by age, gender and nationality (Bel-
gian/other). Put differently, given that we know how many individuals of various gender-age combi-
nations will enter the country in any prospective year, then the model will select donor households in 
the sample to meet this required number of individuals, and clone them to represent new immigrants. 
In the case of emigration, the “donor sample” is the sample available in the model at any future point 
in time. In the case of immigration, the donor sample for people of non-Belgian nationality is the ob-
served dataset of immigrants prior to simulation. This cloning procedure of individuals subject to align-
ment has been developed in the framework of the model building toolbox LIAM II and a technical de-
scription can be found in Dekkers (2015b). 

The second process describes the event of death. Given auxiliary demographic mortality rates to age 
and gender, each individual faces a certain risk of dying. If this is the case, then the spouse of the indi-
vidual becomes widowed, the individual is removed and the links between this individual and the re-
maining individuals are broken. 

Next follows the process of giving birth. Given auxiliary demographic fertility rates to age and period, 
a surviving woman has a probability of giving birth. If this is the case, then a zero-year old individual 
is created and linked to the mother and, by assumption, her partner.  

Finally, various processes describe household formation and dissolution. These are aligned to corrected 
2017 LIPRO projections (Vandresse et al., 2018). The household dissolution processes include divorce 
(in case of married partners), separation (in case of unmarried cohabiting partners) and a process of 
young adults leaving the nest – somewhat normatively called the “get a life” process. In the case of 
divorce or separation, the events are simulated for the female partner. These simulations are based on 
aligned logistic regressions, whereby the probability depends on covariates including the presence of 
children, the duration of the relation, whether the woman and her partner are working, and – in the 
case of divorce – the age differential between the partners. If divorce or separation indeed comes to pass, 
then the male partner moves out of the existing households and gets a household of his own. 

The “get-a-life” routine pertains to those young working individuals who are between the ages of 20 
and 29, not in a marriage or cohabitation, and who still live with their parents. Unless they find a partner 
and move out to live with their partner, some of them will be randomly selected to move out of their 
parents’ household and live alone. This random selection is subject to alignment to reflect the input 
data. Therefore, only a part of all the young adults who fall under the “get-a-life” condition will be 
selected to move out. 
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4.2.2. Labour market module 

The labour market block of Nowcasting essentially consists of a number of modules that fall in two 
groups: the first are those that simulate labour market transitions, while the second is the earnings mod-
ule.  The structure of these processes is in broad lines comparable to the long-run administrative data-
based model MIDAS Belgium (Microsimulation for the Development of Adequacy and Sustainability, 
see Dekkers et al., 2010), but the logistic regressions used to simulate the individual risk patterns obvi-
ously differ. 

Labour market transitions 

The probability of remaining in work while one was in work in the previous period is essentially an 
aligned random process. However, civil servants who are not eligible to retirement remain in their cur-
rent state by default. The probability of entering work while not being in work in the previous period 
is also subject to alignment, but here the a priori selection probabilities (i.e. the individual “risks”) are 
simulated through separate logistic regression models for men and women. Individuals who are 50 
years and over and who are out of employment (that is unemployment with company allowance, un-
employed older worker, disabled, or homemaker) are assumed to remain out of the working state.  

Thus, all individuals who work have a relative “risk” of remaining in work, while all individuals who 
do not work, and who are not in one of the so-called absorbing states, have a risk of entering the working 
state. Next, all these eligible individuals are ranked using these a priori selection risks, and the actual 
number of people selected to be or remain in work while being not in work is simulated through an 
alignment process, using the same auxiliary data from the semi-aggregate model MALTESE as is used 
in MIDAS. See Dekkers et al., 2015, for an extensive discussion. 

Next comes the simulation of the events of remaining in -or moving into- the states within the category 
of workers. As is the case with MIDAS, the Nowcasting model discerns between four types of workers: 
those in the private sector, in the public sector (but not as civil servants), civil servants, and self-em-
ployed. Like the working states previously explained, those are all simulated through a process of align-
ment by sorting, where the individual selection risk (separated by gender and previously occupied so-
cio-economic state) is simulated through a range of logistic regression models. The only exception is the 
selection probability for being a civil servant, given that one works in the public sector. This is basically 
a random process with a higher probability for those who were civil servants in the previous period. 

See Appendix 4 and specifically part section 2 for a more detailed discussion. 

Earnings 

The second part of the labour market block of Nowcasting is the earnings module that simulates income 
from work and weekly working hours. For wage earners and civil servants, the simulations are based 
on estimations. The hourly wage (in logarithm) and weekly hours worked (in logarithm) are simulated 
separately for full-time and part-time workers. The procedure is implemented in two steps. First, we 
simulate who is working full-/part-time using the estimated parameters from a logit regression. The 
parameters are obtained by estimating the probability of working part-time among workers in the 
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longitudinal dataset. Second, we determine the hourly wage and weekly hours worked. The wage and 
hours are simulated using the estimated parameters from a simultaneous equations model. More pre-
cisely, given that both variables are likely to be endogenous (income depends on hours worked and 
vice-versa), they are estimated simultaneously. We use a simultaneous equations model (estimated sep-
arately for men and women), where hours appear as an independent variable in the wage equation and 
vice-versa.  

For self-employed people, we first simulate who is working full-/part-time using the same principle as 
for wage earners and civil servants. Then, the hourly income and weekly hours worked are determined 
by randomly assigning a class of income and hours using observed frequencies. This procedure is per-
formed for four sub-groups separately: men working part-time, men working full-time, women work-
ing part-time and women working full-time. Individuals who remain self-employed keep the full-/part-
time status and hours from the previous period but their hourly income is simulated.9 

See section 3 of Appendix 4 for a more detailed discussion of how earnings, hours and self-employed 
income are simulated. 

4.2.3. Pensions and benefits module 

This module includes the unemployment benefits, disability benefits, unemployment with company 
supplement benefits, retirement and survival pensions, income guaranty for elderly, social assistance 
and family allowances. In general, all individuals observed with a benefit in the starting dataset keep 
the same (uprated) amount if they stay in that particular state. For those who enter a state in which they 
are entitled to a social security benefit, the benefit is simulated based on the available information and 
the parameters in effect in the simulation year. This is the case for unemployment benefits, unemploy-
ment with company allowance, and disability benefits. The exception are the retirement and survival 
pensions. To properly simulate those, we should require a lot of retrospective information on the indi-
viduals in the starting dataset: their full previous career, including earnings, whether the minimum 
right is applied, and other information. Nothing of this is at our disposal, so we cannot simulate the 
pension benefit as done in MIDAS. Hence, we estimate pensions of new beneficiaries based on regres-
sion models. This is discussed in detail in section 4 of Appendix 4 to this report. The estimated pension 
benefits are then uprated so that all pension benefits (observed and simulated) follow the average ob-
served growth rate of pension benefits.  

People aged 65 or older with insufficient means of living are eligible for the income guarantee for elderly 
(IGO/GRAPA). This benefit is means-tested using the income of all adult household members, but ex-
cluding the incomes of first-degree descendants (children) as well as ascendants (parents). The eligibil-
ity for IGO/GRAPA is tested when the potential claimant reaches the age of 65, and takes into account 
the income of the claimant and his/her spouse. Older people over 65 who receive the IGO/GRAPA in 
the starting data keep this benefit during the entire simulation period. People aged below 65 with in-
sufficient means of living are generally eligible for social assistance. These benefits are means-tested at 
the family level within the household. We take into account the income of the claimant and her spouse, 

                                                           
9  The observed data reveal that part-time indicator and hours worked seem to be constant if the individual remains in self-

employment, while the variation in self-employment income is more random between two consecutive years. 
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as well as their first-degree ascendants and descendants by blood or alliance (e.g. stepchildren) who live 
in the same household. In contrast to the income guarantee for the elderly, however, not all persons 
selected by the means-test receive the benefit, otherwise the number of beneficiaries would be overesti-
mated. This overestimation is due to 1) non-take-up and 2) possibly incomplete information on incomes 
in the data. To take this into account, the final simulated share of social assistance beneficiaries is aligned 
to the one observed in 2014 in EU-SILC, with priority given to persons who were already receiving the 
benefit in 2014. 

These social security benefits, as well as earnings, taxes and other sources of household income are core 
components of the equivalised disposable income that is presented in section 4.2.5. This latter is the 
income concept underlying key EU2020 indicators, such as income poverty and inequality. It essentially 
is the disposable total net income of the household, which is corrected for differences in the size and 
composition of the household, using the so-called modified OECD equivalence scale (see appendix A1 
for more details).10  Note that some sources of income are not simulated but rather kept constant within 
the model, because we lack the information or theoretical underpinning to simulate them. This among 
other things includes individual pension benefits from the 2nd and 3rd pension pillars, company cars 
and education-related allowances. On the household level, it includes net received rents, housing al-
lowances (hy070g), regular inter-household cash transfers received. A more detailed list of simulated 
variables and variables that are kept constant is presented in appendix A2. The appendix also reports 
names of variables in EU-SILC used to compute the equivalised disposable income (hy020) and varia-
bles used to create input data for Nowcasting. 

4.2.4. Multi-states module 

Nowcasting is an annual discrete time model with potential transitions between different socio-eco-
nomic states assumed occurring once a year. This seemingly strong assumption is not too far from real-
ity as according to the EU-SILC data, most individuals have no transitions at all during the year (91% 
in 2014) and those who have, generally change their state only once a year (more than 2/3 of individuals 
with at least 1 transition in 2014). It is further assumed that an individual has no other sources of income 
other than the one that corresponds to the simulated state.11  We allow the transitions to take place at 
any month of the year. This is done by simulating two durations (in months) for each simulated period 
for all persons. The first duration represents the number of months an individual remains in the state 
occupied in the previous year (=first part of the current year), while the second duration gives the num-
ber of months spent in the current state (=second part of the current year). We start by simulating the 
first duration (in the state from the previous period) based on the observed frequencies from the starting 
dataset for individuals who in fact experienced a transition.12 An exception is made for entry into retire-
ment, which is based on the date of birth. The second duration is obtained by subtracting the first du-
ration from 12.  

                                                           
10  This modified OECD scale assigns a value of 1 to the first household member aged 14 and older, 0.5 to each additional member 

aged 14 and older and 0.3 to each child aged under 14. 
11  There is an exception for survival pension and social assistance or ‘life wage’, which are not linked to any specific state and 

can be combined with other sources of income. 
12  More precisely, we use the information in EU-SILC on the monthly reported socio-economic states from the income reference 

period. 
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Once both durations are simulated, the incomes from work and social security benefits are adapted 
proportionally to the durations in the states pertaining to these incomes and benefits. This means that 
at most one change of state per individual and per year are possible, with the resulting 2 different 
sources of income at most. The model thus rules out the possibility of secondary incomes received sim-
ultaneously with those related to the socio-economic state.  

4.2.5. Contributions and taxation module 

The next step is to derive net amounts from the gross earnings and social security benefits. This module 
allows to simulate the after-final-tax personal incomes (income from work, benefits and pensions) by 
following the rules and parameters of the actual annual taxation system. However, the resulting simu-
lated net amounts are on average much lower than the net amounts observed in EU-SILC leading to 
“over-taxation” in Nowcasting (see the validation report by Dekkers and Tarantchenko, 2018). This is 
due to several reasons.  

First, the observed net amounts in EU-SILC are those received by the individuals in the course of the 
year and are thus subject to the withholding tax (“bedrijfsvoorheffing/précompte professionnel”) only, 
in contrast to the simulated final tax. Second, we do not simulate tax evasion nor ad-hoc tax reductions, 
for example that result from gifts or 2nd pillar pension savings. Third, given that EU-SILC is survey 
data, it is possible that some amounts are misreported. It is also possible that people have better 
knowledge of their net than of their gross income. Fourth and finally, the taxation module of the Now-
casting model does not consider some income sources and expenditures (e.g. real estate, real profes-
sional expenses, received rents, etc.). 

To resolve these issues and improve the fit between the simulated and observed net incomes and taxes 
paid, we implemented an additional module that adjusts the simulated net incomes to cover for the 
difference between the final tax and the withholding tax. Adding this adjustment to the “after-final-tax 
net results” of the model would result in a proxy of the “after withholding-tax net results” that would 
be more consistent with the observed EU-SILC data. 

Moreover, in addition to the adjustment component, the model simulates a proxy of the tax settlement 
to mimic the reported tax settlement that people receive or pay in the reference income year but that is 
related to the tax declaration from one year earlier (thus, for the incomes received 2 years prior to the 
income reference period). This amount has to be simulated, since the tax settlement is included in the 
EU-SILC definition of disposable income. See section 5 of Appendix 4 for a more detailed discussion of 
these issues. 

The results of the fiscal module are displayed in Graph 4, which compares the distribution of taxes and 
contributions paid that are observed in the input data (EU-SILC 2014) and simulated in the first simu-
lation period (BE-Nowcasting 2015). The differences are small and not systematic. 
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4.2.6. Material deprivation module 

The severe material deprivation indicator SMD is an indicator that reflects the inability to afford a num-
ber of items that are required to lead an adequate life. This indicator measures the part of the population 
that cannot afford at least four out of the following nine items: 

– to pay their rent, mortgage or utility bills; 

– to keep their home adequately warm;  

– to face unexpected expenses; 

– to eat meat or proteins regularly; 

– to go on holiday; 

– a television set; 

– a washing machine; 

– a car; 

– a telephone. 

The Nowcasting model only projects household composition, labour market states, hours of work and 
incomes including earnings. It does not include consumption nor any of the information required to 
simulate whether households obtain or loose these items, and it is therefore impossible for the model to 
project SMD directly. We therefore opted for a somewhat experimental indirect approach where the 
information available (including on the VLWI and AROP) is used to ‘statistically explain’ the occurrence 
of SMD. Only variables that the Nowcasting model projects for future years can be included, which 
excludes a number of potentially important variables, e.g. housing tenure. The regression model is not 

Graph 4 Distribution of tax on income and social security contributions paid by households in EU-SILC and  
BE-Nowcasting  
in Euro 
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supposed to reflect causal effects.13 The main concern is to project the proportion of households in SMD, 
while conserving the correlations between AROP, VLWI and SMD, in order to be able to produce a valid 
projection of the overarching indicator AROPE. A lower correlation between the components of AROPE 
would imply less overlap, and therefore the projections would result in a larger proportion of the pop-
ulation in AROPE than would otherwise be the case.  

Since the deprivation questions are asked only once for each household, and the SMD is a household 
level variable, the model is estimated on the household level, using household-level variables14. In order 
to maximize the number of observations at our disposal, the cross-sectional EU-SILC data for Belgium 
between 2004 and 2014 were pooled. Since the Very Low Work Intensity indicator VLWI is only calcu-
lated for the population of 60 and younger, a separate regression is run for the households where the 
head is 60 years or older, and VLWI, as well as the number of children, is excluded as a covariate in that 
model. The years of data collection are included as a linear variable, as well as in squared and cubic 
form, to allow for non-linear trends over time. The results are presented in Appendix 6. Since the esti-
mates serve only to feed the nowcasting and projection model, and have little substantive interest, we 
refrain from a discussion of these results. In any case, due to the large number of inter-action effects, 
they are difficult to interpret.   

Given projections of the AROP, the VLWI and the SMD, we have the three indicators that together 
determine the overarching at-risk-of-poverty-or-social-exclusion (AROPE) indicator. This is the propor-
tion of individuals that live in households that are either at risk of poverty (AROP), or – if the individual 
is younger than 60 – have low work intensity (VLWI), or that are in a situation of severe material dep-
rivation (SMD).  

4.2.7. Output module 

The output of Nowcasting is essentially a panel dataset with one observation per individual and per 
simulation year. Thus, the dataset is exported in the form of (one or more) CSV files which can then be 
imported in a statistical program like Stata to produce aggregate indicators such as the at-risk-of-pov-
erty rate (AROP) the very low work intensity (VLWI) and the severe material deprivation (SMD) rate. 

 

 

 

                                                           
13  For a thorough analysis of the determinants of material deprivation using EU-SILC see Guio et al. (2012). See also Dekkers 

(2008); who proposes a dynamic approach where the occurrence of financial poverty at any point is used to explain the hazard 
of falling into material deprivation at a later point in time.  

14  The VLWI will have different values for members of the same household in cases where a 60+ person lives together with 
younger people. In those cases we use the value of the VLWI of the oldest member as representative of that of the household.  
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4.3. Alignment 

As with MIDAS, the current model used for nowcasting and short-term projections makes extensive 
use of alignment to i) be consistent with projected or observed trends in labour markets and social-
security incidence rates, ii) to follow projected growth rates of average earnings and pension benefits 
and iii) include parameters of the various social security systems and the tax system. These are the 
“channels of consistency” (Dekkers et al., 2012; see Dekkers et al., 2015 for a more detailed discussion) 
between the microsimulation model and auxiliary information, in this case observed information for 
the years 2015 to 2017 and short-term and middle-term projections and/or hypotheses for the years 2018 
to 2020.  

The source of most of the projected auxiliary information are macro-economic projections by the Federal 
Planning Bureau. The macroeconomic projections consist of various steps, from the short to the long 
run, and each step takes the information from the previous step into account. The short-term projections 
are produced with the model MODTRIM three times per year, and the first of these are published usu-
ally early February. These make the projections to the final quarter of that year. The middle-term pro-
jections are produced with the model HERMES and are published early June, and have a simulation 
horizon of 6 years. The HERMES projections are calibrated for the short-run to the MODTRIM projec-
tions of February. The long-run socio-demographic and budgetary projections, specifically on the budg-
etary impact of aging, are produced by the model system MALTESE and usually published late June. 
These are calibrated to HERMES projections for the middle-term (and so indirectly to MODTRIM pro-
jections for the short run). We refer below to MALTESE, as this is the immediate source of the alignment 
tables that are used in the Nowcasting model. However, it should be kept in mind that for the years for 
the simulation years of Nowcasting, the models HERMES and MODTRIM are the original sources of 
the macro-economic projections to which the simulations are aligned.  

4.3.1. The first channel of consistency: state alignment 

The Nowcasting model uses alignment through sorting to replicate incidence rates of labour market 
states (working, working in the private and public sector, working as self-employed) and social security 
beneficiary states (unemployed, disabled, unemployed with company allowance, retired). These are 
observed (up to 2017) and thereafter projected by age and gender by the semi-aggregate model 
MALTESE/HERMES. Furthermore, the model uses given fertility and mortality rates, combined with 
alignment techniques, to model changes in civil state (between married, cohabiting and single). In ad-
dition, immigration and emigration are simulated through alignment of number of persons that are 
“translated” to the household level (see Dekkers, 2015b, for a more detailed discussion). The observed 
and projected demographic figures are available for each age-gender combination, and stem from the 
FPB demographic individuals and households’ projections (Vandresse et al., 2018). 

However, contrary to the alignment techniques in the MIDAS model based on administrative data, the 
survey data EU-SILC may cause important differences in the incidence levels between the exogenous 
alignment tables and the observed proportions. These differences would result in very important 
changes in the first year of simulation, to “jump” from the latter to the former. This will greatly affect 
simulation results. One way to prevent that from happening is by proportionally uprate the alignment 
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tables to the incidence rates observed in the starting dataset. Here we make the implicit assumption that 
whatever causes the difference between the observed incidence levels and the alignment proportions, 
does not affect the intertemporal change of the latter.  

Appendix A3 to this report summarizes the information used in the various alignment processes of the 
Nowcasting model. As an illustration, the below Graph 5 presents the employment rate of the Nowcast-
ing model and compares it with the observed LFS employment rate (denoted “Eurostat”), the MALTESE 
employment rate and, finally, the observed employment rate in the EU-SILC data. It illustrates the prin-
ciples behind alignment. In Graph 5, the MALTESE employment rates are represented by the light-blue 
square line. As can be seen from the graph, the employment rate in EU-SILC in 2014, our starting year, 
is lower than the one reported for MALTESE. At that point in time, EU-SILC (dark-blue diamond line) 
and Nowcasting (short-dashed grey line) employment rates coincide as they are both based on the ob-
served data. To take the discrepancy between EU-SILC and MALTESE rates into account, the latter are 
proportionally adjusted within the model to the incidence rates observed in the starting dataset. This 
adjustment is assumed constant throughout all the simulated years. Starting from 2015, the resulting 
nowcasted employment rates are projected by age and gender using the adjusted employment rates 
from MALTESE. They are very close to the Eurostat LFS-based employment rates in 2015-2017 for men, 
but somewhat low for women. The development of the EU-SILC employment rate is more erratic due 
to i) the relatively low number of observations, ii) LFS is conducted quarterly, while the EU-SILC survey 
frequency is once a year, iii) definitions differ considerably, with LFS following ILO guidelines, while 
the labour market state in EU-SILC is self-assessed, and iv) the minimum age of an employed person in 
EU-SILC is 16.  

 

In general, the fit between the nowcasted and EU-SILC employment rates is not perfect, especially for 
women. However as intended, the model captures the dynamics in the MALTESE employment rates 
very closely, and even those from Eurostat starting 2015. We will show later in Graph 23 and footnote 
19 that the fit of the simulation results is considerably better, especially for women, when the compari-
son is limited to the working age population (i.e. ages 18-59, excluding students of age 18-24). 

Graph 5 Employment rate in Eurostat, EU-SILC, MALTESE and BE-Nowcasting for ages 15-64  
in % 
 

    
 
Notes:  Nowcasted estimates are aligned to corrected MALTESE projections (correction is operated in 2014 and assumed constant for the following years). 
Source:  Eurostat database, LFS annual series (lfsa_ergan) Own calculations based on EU-SILC microdata (2014-2017 waves). FPB, MALTESE projections. 
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4.3.2. The second channel of consistency: alignment of the growth rates of incomes 
from work  

The growth rate of observed and simulated income from work follows the observed and short-term 
projected growth rates of incomes in each of the employment states (private sector employees, public 
sector employees excluding civil servants, civil servants and self-employed). Uprating in this case is 
done separately by gender.  

Graph 6 shows the growth rates of all the incomes from work in EU-SILC, Nowcasting and MALTESE. 
Because of the alignment to MALTESE, the almost perfect fit between the Nowcasting results and the 
MALTESE results from 2016 on is not a coincidence. However, the results for 2015 do reflect some of 
the choices that have been made in the modelling process, and more specifically the removal of all sec-
ondary revenues or earnings.  

First of all, the Nowcasting model follows the EU-SILC structure, with incomes pertaining to the previ-
ous year. Thus, in 2015 we actually compare the growth rate between incomes from 2013 and 2014. The 
reported high rate is due to removed additional and secondary incomes and earnings in 2014. For ex-
ample, if somebody who has been an employee for a full year has for whatever reason also revenues 
from independent work, then those are removed. As these secondary amounts are often (very) low, this 
drives up the average incomes per person and results in a high growth rate. In the year 2016 (comparing 
incomes between 2015 and 2014), the simulated growth rate is lower than that from the auxiliary source. 
This is because there are more transitions from and into employment in 2015, when the labour market 
module kicks in, than in 2014. This results in lower annual earnings for 2015. After 2016, the situation 
stabilises and the two growth rates, MALTESE and Nowcasting, are a near-perfect match by design.  

 

Graph 6 Real growth rate of average gross employment income in EU-SILC, MALTESE and BE-Nowcasting  
in % 
 

 
Notes:  All averages are obtained using strictly positive gross incomes from work. Nowcasted estimates are aligned to MALTESE projections. Shaded area represents 

transition from EU-SILC to the first simulated year where all secondary incomes and earnings are removed. 
Source:  Own calculations based on EU-SILC microdata (2014-2017 waves). FPB, MALTESE projections. 
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4.3.3. The third channel of consistency: alignment of social security benefits 

In general, social security benefits are not aligned: if an individual becomes eligible for a benefit at time 
t then the benefit will be the result of (projected) parameters in combination with the simulated previous 
earnings. The parameters are minimum benefits, floors and ceilings in the fiscal and various social se-
curity benefits that reflect observed changes and short-term projected values. Once an individual is in 
a state where he or she receives a certain benefit, then the benefit is the one-period uprated value of the 
benefit in the previous period15. The uprating or real-term indexation of these amounts reflects the hy-
potheses of the Study Committee for Ageing (High Council of Finances, 2018, 14). The exception are the 
retirement and survival pensions. First, the on-going pension benefits (i.e. benefits paid out to those 
who are observed in retirement or are widowed in the starting dataset or who were retired or widowed 
in the previous year) are increased in real terms by 0.5% per year, according to the hypotheses16. Then, 
newly simulated benefits (i.e. for those moving into retirement or widowhood) are adapted as to bring 
the growth rate of all pension benefits to the observed or assumed real growth rates from MALTESE. 
Put differently, in the simulation of pension benefits at the moment of retirement (or the loss of the 
spouse) the alignment process kicks in and changes the average retirement and survival pensions for 
the new beneficiaries. But once the benefit is set, it does not change anymore, save for the yearly 0.5% 
increases. Any alternative method where all benefits would be corrected to achieve the target growth 
rate would result in important in- and decreases of pensions of those already retired, would be unreal-
istic.  

Graph 7 shows the growth rates of average retirement and survival pension benefits in the Nowcasting 
model and compares them to the MALTESE growth rates and the actual growth rates in the EU-SILC. 
As in the case of the alignment of incomes from work, the growth rate of simulated pensions is close to 
that of the auxiliary source except for 2015. The difference in 2015 illustrates the limits of the selected 
approach, as it puts the full impact of the alignment process on the new pensioners only. That is, the 
growth rates of pension benefits might be heavily affected by the sometimes low number of individuals 
who go into retirement or become widowed. If the number of new pensioners or surviving spouses is 
low, then the growth rate correction required to meet the MALTESE growth rates can be too much to 
be realistic. As a result, the correction will not be implemented. This is exactly what is going on in 2015. 
The target growth rate of pension benefits is close to zero, while on-going pension benefits are uprated 
with a positive rate. Thus, to reach the desired growth rate, the pension benefits of new retirees or sur-
viving partners should be low enough to “compensate” the positive growth rate of the on-going pension 
benefits. However, as the number of new beneficiaries is too low (the number of new surviving partners 
is actually zero), the correction would be so strong that the level of the simulated benefits would be 
negative. Hence the alignment was not implemented, and the growth rate of total pensions remains 
higher than the MALTESE target. This is why, like in the previous graph, the results for 2015 are not 
comparable to the projections thereafter. 

                                                           
15  The unemployment benefit is an exception to this rule as it decreases with the duration in unemployment.  
16  These hypotheses also specify that minimum pensions are uprated by 1% per year. However, in the EU-SILC data it is not 

possible to identify pensioners who benefit from a minimum pension.  



  WORKING PAPER 3-19 

27 

 

In short, these four channels of alignment make the Nowcasting model (as) consistent (as possible) with 
observed trends and short-term projections by the FPB.  

Graph 7 Real growth rate of average gross retirement and survival pensions in EU-SILC, MALTESE and  
BE-Nowcasting  
in % 
 

 
Notes:  All averages are obtained using strictly positive gross pensions. Nowcasted estimates are aligned to MALTESE projections. Shaded area represents transition 

from EU-SILC to the first simulated year where all secondary incomes and earnings are removed. 
Source:  Own calculations based on EU-SILC microdata (2014-2017 waves). FPB, MALTESE projections. 

-2

-1

0

1

2

3

4

5

6

2015 2016 2017 2018 2019 2020

EU-SILC MALTESE BE-Nowcasting



WORKING PAPER 3-19 

28 

5. Results 

In this chapter we present the simulation results. First, we show the projections of mean and median 
equivalent income, since the AROP and the inequality indicators are based on this income concept. In 
the second section, we discuss the main indicator of income adequacy, the at-risk-of-poverty rate. The 
third section is dedicated to the inequality indicators. The very low work intensity (VLWI) indicator 
and the severe material deprivation (SMD) rate are the subject of the fourth and fifth sections, respec-
tively. Section five also presents the projection of the overarching indicator AROPE (at-risk-of-poverty-
and-social-exclusion rate). In section six we compare our results with the Eurostat flash estimates and 
EUROMOD nowcasts. Finally, section seven shows that the Nowcasting model can also be used to per-
form simulations of proposals for policy changes. All results are expressed in 2014 prices. 

5.1. Mean and median equivalent household income  

The at-risk-of-poverty rate (AROP), as well as the indicators of inequality and redistribution rely on the 
concept of the equivalised disposable income, so we discuss the simulation results for this concept first. 
Equivalent disposable income is constructed by adding up all incomes and earnings for all members of 
the household. These summed incomes are then corrected for differences in the size and composition 
of the household by dividing them by an equivalence scale, in this case the modified OECD scale.17 
Thus, the mean and median equivalent incomes presented in Graph 8 and Graph 9 are affected by pos-
sible simulation errors in incomes, labour market states, size and composition of the households (in-
cluding -of course- immigration and emigration) – in short, in the entire model. This is also why it is not 
easy to establish what causes discrepancies between the observed and simulated results. All in all, how-
ever, the fit of the results is quite good. Both the mean and the median are a bit too low, which might 
also be the results of the Nowcasting model not simulating “secondary” incomes and benefits, but they 
follow the observed developments quite closely and the development in projection appears reasonable. 
The fit and dynamics of the simulated median with the observed one is especially close until 2016. In 
2017 however, the nowcasted and observed medians go in the opposite directions, which widens the 
gap between the two sources.  

                                                           
17  Note that Nowcasting again follows the EU-SILC structure by using the previous calendar year as income reference period, 

with age calculated at the end of the income reference period.  
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Note that the fit is better for median equivalent incomes than for the mean. This suggests that the dif-
ferences are the result of issues in the extreme ends of the distribution (where the number of individuals 
and households is lower).  

The results presented in Graph 9 separate the medians by gender. Although the fit is less good for men 
than for women, the overall conclusion remains that the dynamics are close to the observed EU-SILC. 
The discrepancies between EU-SILC and Nowcasting in 2014 are due to slightly different techniques 
used in the computation of the total disposable household income. In EU-SILC, it is based on the single 
variable representing the total disposable income of a household that is available in the data. In Now-
casting, the total disposable household income is calculated by us, using the information in EU-SILC 
and the Belgian questionnaire. Moreover and most importantly, the weighting might differ due to ad-
aptations required by the Nowcasting model. In the model, the weights are not directly simulated but 
rather the initial dataset is first expanded using the observed weight (see section 4.1), resulting in round-
ing errors, which might affect the statistics. The simulations (demographic and labour market) are then 
performed on the expanded dataset. 

Graph 8 Mean and median equivalised disposable income in EU-SILC and BE-Nowcasting  
in Euro 

 

 
Notes:  Numbers are based on incomes expressed in 2014 prices. 
Source:  Own calculations based on EU-SILC microdata (2014-2017 waves). 
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5.2. The at-risk-of-poverty rate  

Next, we turn to the main indicator projected by the Nowcasting model, being the at-risk-of-poverty 
rate (henceforth AROP). This indicator is derived by establishing a threshold value, in this case equal to 
60% of the overall median equivalent income. Each individual who lives in a household where the 
equivalent income is lower than this threshold, is considered to have a higher poverty risk because of 
her lower income compared to the others. Thus, the simulation results of the AROP are affected by the 
simulation errors in the overall median (shown in Graph 8), because that affects the poverty threshold. 
However, beyond that, the AROP is affected by discrepancies in the distribution of equivalent income 
around the threshold between and within groups (such as gender). Thus, especially for smaller sub-
groups, the simulation results can differ from the observed results, and it is often very difficult to iden-
tify what causes these differences.  

The first Graph 10 shows the overall AROP incidence rate or the overall poverty risk. This is the first of 
the three social indicators for the EU2020 “Poverty and Social Exclusion target”.18 The fit of the model 
is very good, and the development of the poverty risk seems reasonable, at least starting 2015. The evo-
lution of the simulated indicator between 2014 and 2015 differs from EU-SILC. A slight increase is ob-
served for the simulated AROP, while EU-SILC AROP decreases. 

                                                           
18  See Eurostat (2018). 

Graph 9 Median equivalised disposable income in EU-SILC and BE-Nowcasting, by gender  
in Euro 
 

 
Notes:  Numbers are based on incomes expressed in 2014 prices. 
Source:  Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Graph 11 shows the poverty risks by gender. The difference in the dynamics of the overall AROP be-
tween Nowcasting and EU-SILC in 2014 and 2015 is driven by the AROP of men. The changes go in the 
opposite direction compared to the median equivalent income of men displayed in Graph 7. Although, 
there is no a direct link between both indicators, the median shows that the share of men with lower 
income increases in Nowcasting, and so does their probability of being below the poverty threshold. 
The opposite is true for EU-SILC, where their lower probability of being below the poverty threshold in 
2015 is further decreased by the drop in the poverty threshold computed from the overall median 
equivalent income. Starting 2015, the AROP of men in Nowcasting is higher than in EU-SILC but both 
increase until 2017. For women, there are also clear differences in the AROP level between EU-SILC and 
Nowcasting but the changes in the indicator go in the same direction. For both sources, the AROP first 
decreases between 2014 and 2015 and then increases until 2017. 

Graph 10 At-risk-of-poverty rates in EU-SILC and BE-Nowcasting (threshold: 60% of median)  
in % 
 

 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Next, we turn to Graph 12 which presents the observed and simulated poverty risks among the elderly 
(aged 65 or more) and non-elderly (aged less than 65).  

 

The agreement between Nowcasting and EU-SILC regarding the poverty risk of non-elderly is very 
good, but this is not the case for the elderly. The simulated poverty risk among the 65+ exceeds consid-
erably the actual poverty risk in 2015 and 2016. This is due to a constant increase in the simulated AROP 
between 2014 and 2016, while the actual AROP first decreases in 2015 and then increases in 2016. After 

Graph 11 At-risk-of-poverty rates in EU-SILC and BE-Nowcasting, by gender (threshold: 60% of median) 
in % 
 

 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Graph 12 At-risk-of-poverty rates in EU-SILC and BE-Nowcasting, by age (threshold: 60% of median) 
in % 
 

 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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2016 the simulated AROP for the 65+ displays a downward trend, first dropping considerably to reach 
a level slightly below the observed one in 2017 and then keeping a steadier pace until 2020. The differ-
ence in the simulated and observed trends might be due to the fluctuations in the at-risk-of-poverty 
threshold across observation years, that may be partly due to sampling error. Graph 13 shows what 
happens if we maintain a constant poverty threshold set at 60% of the median equivalised income ob-
served in 2014. In that case, there is still a sharp increase in the simulated AROP for the 65+ in 2015, 
while the observed AROP decreases. However, starting in 2016, the difference between simulated and 
observed AROP remains more or less constant. Note that with a constant poverty threshold, the drop 
in the simulated AROP observed in Graph 12 happens one year earlier, i.e. in the first simulation year. 
In light of this evidence, it seems that the differences between the observed and simulated data for 65+ 
originate from the transition from 2014 to 2015. 

 

Graph 14 analyses the distribution of gross household income and taxes paid by the households for the 
65+ in 2014 and 2015 in the simulation data. The distribution is described by income deciles that are 
formed based on the gross household income divided by the household size. Each household member 
thus has the same per capita gross income. After the income deciles are formed, we compute the average 
gross per capita income and per capita taxes (total taxes paid by a household divided by household size) 
within each decile. The left panel of the graph shows that, except for the first (lowest) and second deciles, 
the average gross per capita income changes little between 2014 and 2015. In contrast, the average per 
capita taxes (left axis of the right panel) are higher in 2015 for the first five deciles where the poverty 
risk is the highest (right axis of the right panel). The right panel also shows that persons in the richest 
deciles (9th and 10th) see their taxes decrease in 2015. It seems that Nowcasting overestimates taxes of the 
poorest and underestimates those of the richest as compared to the observed data, which results in an 
increase in the simulated AROP rate in 2015. After this initial adjustment between 2014 and 2015, the 
situation stabilises. 

Graph 13 At-risk-of-poverty rates in EU-SILC and BE-Nowcasting for 65 years or over (threshold: 60% of median in 
2014) 
in % 
 

 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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The decrease in the gross equivalent income between 2014 and 2015 in the first two deciles is due to two 
particularities of the Nowcasting model: the presence of new surviving partners without income and 
the removal of secondary incomes. In reality as well as in the Nowcasting model, those who become a 
surviving partner in any year receive a surviving partner pension benefit. However, since the Nowcast-
ing model follows the EU-SILC structure, this benefit only becomes visible one year later. Inversely 
stated, assume a married woman who has no income of her own but who is not poor because of the 
income of her partner. Furthermore, assume that her partner dies near the beginning of 2015, and that 
she starts to receive a survivor’s pension benefit. In 2015 her deceased husband’s income received dur-
ing 2014 will not be included in her household income (as he is no longer there), and the survivor’s 
benefit will only appear in 2016, resulting in zero household income in 2015 for the survivor. Hence, she 
will be in the first decile depicted in the left panel of Graph 14, which will result in lower average gross 
equivalent income. Furthermore, as said earlier in this report, all secondary incomes have been removed 
in the model starting 2015, which is not the case in 2014 as it is mostly based on the observed data. 
Hence, for example, those pensioners that have additional incomes will see those removed and their 
gross equivalent income will be driven down.  

The decrease of the poverty risk among the 65+ from 2016 on is by itself not unexpected and is in line 
with earlier projections over the longer run using MIDAS (see Dekkers et al., 2015). 

Graph 15 and Graph 16 display the poverty risks by household type. This is interesting because the 
household type is not directly related to income, labour market state or poverty rate in the Nowcasting 
model. Any relation between the two is therefore indirect, for example via labour market participation, 
via earnings differentials or selective mating. The Graph 15 shows the poverty risk among single adults 
without (left panel) and with (right panel) dependent children. A significant proportion in the group 
without children are single pensioners. Starting off somewhat too high in 2014 – a result which is ex-
plained in the beginning of the section – the simulated poverty risk quickly converges to the observed 
one and then follows a comparable development with a good fit. According to the simulations, the pov-
erty risk would gradually decline over time. The right panel shows a remarkable difference between the 
development of the actual and simulated at-risk-of-poverty rates for single adults that live with 

Graph 14 Gross household income (left panel, in Euro) and taxes (left axis of right panel, in Euro) and AROP rate 
(right axis of right panel, in %) by income decile in 2014 and 2015, 65 years or over (BE-Nowcasting) 
 

   
 
Note:  Income deciles are determined based on the gross household income per household member (i.e. gross household income divided by household size, 

no equivalence scale used). 
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dependent children. Starting at a similar level, the simulated poverty risk of single parents declines, 
whereas the observed poverty risk increases. It requires a more detailed analysis to assess the cause of 
this divergence. 

 

The results presented in Graph 16 show that the fit of the poverty risk among adults living in a house-
hold with at least one other adult, but without children (left panel), is good in level as well as in devel-
opment. Finally, the right panel of the same graph shows that the poverty risk of adults who live in a 
household with at least one other adult and one or more dependent children is somewhat underesti-
mated by the model. 

 

 

 

Graph 15 AROP among adults living in single-adult households without and with dependent children 
 

  
 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Graph 16 AROP among adults living in multiple-adult households without and with dependent children 
 

  
 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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5.3. Inequality  

The indicator used here, as well as in the EU system of social indicators, to measure inequality is the 
Gini coefficient. A Gini coefficient of zero expresses perfect equality, where everyone has the same in-
come. A Gini coefficient of 1 represents maximum inequality, where one person in the population has 
all income. We also consider the distribution of equivalent disposable income by percentiles, to explain 
differences between the simulated and observed trends in the Gini coefficient.  

Graph 17 shows that the model underestimates somewhat the overall inequality reflected by the Gini. 
Graph 18 indicates that this is the case for both men and women. Clearly the model underestimates the 
variation of incomes, which could be the result of the (omitted) secondary incomes and their relation-
ship with observed incomes. However, in both graphs the overall trends seem reasonable and in line 
with the observed data. 

 

 

Graph 17 Gini coefficients 
 

 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Disaggregating the income distribution by percentiles, as is done in Graph 19, makes a more detailed 
comparison possible. This comparison reveals a mixed picture. The nowcasting model appears to dis-
play the same patterns as the observed EU-SILC data does in the middle and upper percentiles. The 
average equivalent income of the 95 percentile increases both in the model and in the EU-SILC until 
2016. The results for 2016 stand out in both cases, which is also the case for the lower deciles from the 
30th decile on. However, the Nowcasting model shows a decline in the equivalent income of the 5 and 
10 percentiles between 2014 and 2017, while it increases in the observed SILC data. The 5 percentile 
continues to decline until 2020 in Nowcasting. It appears that Nowcasting underestimates the incomes 
of the lowest-income households and that this underestimation increases with time. This comes mostly 
from younger generations as shown in Graph 20 and Graph 21.  

Like in the previous graphs, the comparison between Nowcasting and EU-SILC in Graph 21 shows that 
the Nowcasting model captures the broad trends in inequality among 65+ fairly well. The average equiv-
alent income of most percentiles increases, but this trend is less outspoken for the higher percentile (95 
and more).  

Graph 18 Gini coefficients, by gender 
 

 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 

0.22

0.23

0.24

0.25

0.26

0.27

0.28

2014 2015 2016 2017 2018 2019 2020

EU-SILC - men BE-Nowcasting - men
EU-SILC - women BE-Nowcasting - women



WORKING PAPER 3-19 

38 

 

 

 

Graph 19 Equivalised disposable income in BE-Nowcasting and EU-SILC by percentiles  
in Euro 
 

   
 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Graph 20 Equivalised disposable income in BE-Nowcasting and EU-SILC for less than 65 years, by percentiles  
in Euro 
 

    
 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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Graph 21 Equivalised disposable income in BE-Nowcasting and EU-SILC for 65 years or over, by percentiles  
in Euro 
 

   
 
Source: Own calculations based on EU-SILC microdata (2014-2017 waves). 
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5.4. Very low work intensity 

We turn now to the very low work intensity indicator (henceforth VLWI), which is defined as “People 
aged 0-59, living in households, where working-age adults (ages 18-59, excluding students aged 18-24) 
work less than 20% of their total work potential during the past year” (Eurostat, 2018). Whether some-
one works depends on an alignment process in combination with an estimated behavioural equation 
while the hours worked are simulated without alignment and based on a reduced form estimated 
model. Furthermore, the VLWI status depends on the household composition. Results are therefore 
sensitive to possible mismatches in the simulation of household formation and dissolution in the demo-
graphic module.  

Graph 22 shows that the difference between the actual and simulated VLWI is limited and fairly con-
stant over time, so that the simulated VLWI shows the same development as its observed counterpart. 

 

Graph 22 People living in a household with very low work intensity  
in % 
 

 
Notes:  EU-SILC numbers are derived following Stata do-file by Goedemé and Montaigne, 2010. Similar strategy is used to obtain nowcasted numbers. 
Source:  Own calculations based on EU-SILC microdata (2014-2017 waves). 
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As mentioned, the VLWI depends on the proportion of people who work as well as the hours that they 
work compared to their work potential. The above Graph 23 compares the development of the VLWI of 
men and women to the employment rate of men and women of working age, respectively19. As ex-
pected, this graph suggests that the VLWI is heavily affected by the employment rate, and therefore by 
the MALTESE alignment tables that the Nowcasting model uses. If the employment rate among the 
working-age population increases, then this is accompanied with a decrease of the VLWI.  

5.5. The severe material deprivation rate and the at-risk-of-poverty-and-social-
exclusion rate  

To simulate the severe material deprivation rate (SMD) in the Nowcasting model, we use the estimated 
parameters presented in section 4.2.6 and the simulated AROP and VLWI indicators and other relevant 
simulated household variables. The resulting household indicator for SMD is then brought to the level 
of the individual in the production of output. The results are presented in Graph 24. 

                                                           
19  Note that the employment rates in Graph 5 and this Graph 23 differ in the group that they pertain to. The former pertains to 

the entire group aged between 15 and 65 whereas the latter pertains to the same category that is used for the calculation of 
the VLWI. These “working age adults” are those aged 18-24 (excluding students) and 25-59. Note that the fit of the simulated 
employment rates in Graph 23 is considerably better than those in Graph 5 – for men, but especially for women. This suggests 
that the problems in the fit of the former are concentrated in the 60-64 age group. This is hardly surprising, as the Nowcasting 
model does not have a retirement decision module as such. Rather, it is a function of the alignment tables of the other states: 
if an individual is potentially eligible to retirement (i.e. if he or she meets the age and career requirements for early retirement) 
and if one ceases to be in work and one does not go into unemployment, disability or unemployment with company allow-
ance, then one goes into retirement. Thus, possible simulation errors in the other states together have their inverse in the 
simulation of those who are in work (or not) between 60 and 65.  

Graph 23 People living in a household with very low work intensity (VLWI, left axis) and employment rate for work-
ing age adults (Emp. rate, right axis), by gender  
in % 
 

     
 
Notes:  EU-SILC numbers are derived following Stata do-file by Goedemé and Montaigne, 2010. A Similar strategy is used to obtain nowcasted numbers. 
Source:  Own calculations based on EU-SILC microdata (2014-2017 waves). 
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The fit of the simulated SMD is quite good; the difference between the official and simulated indicator 
for the years 2014-2017 is, on average 0.33 percentage-points, ranging between 0.22 in 2014 and 0.44 in 
2015. Both simulated and observed (Eurostat) indicators indicate a downward trend of SMD between 
2014 and 2017. This is comparable to the difference between the actual and simulated results for the 
group younger than 65, which is 0.33 percentage-points on average and ranges between 0.2 percentage-
points in 2014 and 0.5 percentage-points in 2016. For the group aged 65 and older, the fit is even better: 
on average 0.2 percentage-points, ranging between virtually no difference in 2014 and -0.34 percentage-
points in 2017. There is a slight difference in the trends, where the stabilisation and minor increase of 
the SMD rate for the elderly population between 2015 and 2017 is less visible in the simulation results. 
Overall, the conclusion would be that the current declining trends in the SMD rate would continue for 
the younger population, whereas the apparent stabilisation for the elderly would come to an end and a 
further decrease would set in. 

Now, we turn to the overarching at-risk-of-poverty-or-social-exclusion (AROPE) indicator (Graph 25). 
As explained earlier, this is a composite of the other three social indicators: a person is AROPE if he or 
she is in at least one of the following situations: being at-risk-of-poverty (AROP), living in a household 
with very low work intensity (VLWI) or severe material deprivation (SMD). The difference between the 
simulated and observed AROPE rates is higher than that of the SMD, when measured in percentage 
points. It is 1.1 percentage-points on average, and ranges between 0.3 in 2014 and 1.5 in 2017. Further-
more, the observed AROPE shows a slight decrease from 2014 on, while the simulated version rises 
throughout 2014 and 2015 and starts to decrease only from 2016 on. Considering the simulation results 
for AROP (Graph 10), the VLWI (Graph 22) and the SMD (Graph 24), it seems that the overestimation 
of the AROPE proportion is mainly the results of the fact that the simulated VLWI is in all years higher 
than the observed VLWI.  

Graph 24 Severe Material Deprivation (SMD) rate for total population and by age group: Eurostat data (Eurostat 
2018c; 2018d - 2014-2017) and Nowcasting simulation results (2014-2020) 
in % 
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The fit of the AROPE simulation for the population younger than 65 is comparable to that of the popu-
lation as a whole (1.2 percentage-points on average, ranging between 0.5 percentage-points in 2014 and 
2.1 percentage-points in 2017). The fit of the AROPE projection for the population of 65 and older is 
clearly affected by the simulation error in the AROP of that group. The fit is on average good (0.8 per-
centage-points; ranging between -0.4 percentage-points in 2014 and 2.3 percentage-points in 2016), but 
there is an obvious issue in the projection of the trend in AROPE of this group: the observed AROPE 
declines from 17.3 in 2014 to 16.2 in 2015, then remains stable and increases back to 17.1 in 2017. This is 
not the case for the simulated AROPE for the elderly population, which would increase up to 18.7 per-
cent in 2016, followed by a rather strong decrease in 2017. From 2018 on, there would be a more gradual 
decline.  

 

Overall, the conclusion of the comparison between the simulated and observed AROPE indicators is 
that the level of the simulated AROPE is somewhat too high, while the decrease over time of latter is 
smaller than that of the observed AROPE. The main reason for the difference in the level is the overes-
timation of the VLWI by the Nowcasting model (see section 5.4). It is less clear why the trend in AROPE 
deviates, since the Nowcasting projections of the underlying indicators AROP, VLWI and SMD coin-
cided with, or were parallel to, the observed trends. A possible reason is a decreasing degree of overlap 
between the underlying indicators: everything else equal, less overlap would still result in a higher 
AROPE rate. Below we look in some detail at the extent of overlap of the observed and projected indi-
cators.   

Graph 26 shows the percentages among the respondents less than 60 years of age in AROPE who score 
only on VLWI, AROP or SMD, on combinations of two indicators (AROP and VLWI; SMD and VLWI; 
and AROP and SMD) and, finally, on all three indicators (AROP, VLWI and SMD). We start by discuss-
ing the actual overlaps, as observed in the SILC data and shown in the left panel of Graph 26. The degree 
of overlap is determined, on the one hand, by the rates for the three indicators separately and their 
evolution (for AROP and VLWI these are around two-thirds of the population in AROPE; for SMD it is 
around 30%), and on the other hand by the correlations between the indicators. The correlation between 
AROP and VLWI is increasing somewhat over time from 0.53 in 2014 to 0.58 in 2017; the correlations 

Graph 25 At Risk of Poverty or Social Exclusion (AROPE) rate: Eurostat data (Eurostat 2018d - 2014-2017) and  
Nowcasting simulation results (2014-2020) 
in % 
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between SMD and both AROP and VLWI are smaller and constant over time in the range 0.35-0.4020. 
The proportion with only AROP increases slightly over time, from 25% in 2014 to 28% in 2017; the over-
lap between AROP and VLWI follows a similar trajectory. As a consequence of the increase in that 
overlap, the proportion with only VLWI declines after 2015. Remarkably, the decline in the proportion 
in SMD among the population below 60 is accompanied by a drop in the proportions who combine 
SMD with AROP or VLWI, while the proportion with only SMD remains fairly constant. A virtually 
constant percentage of people below 60 has an arrear on all three indicators (around 15% of those in 
AROPE; around 3.5% of the complete population below 60).    

 

The Nowcasting simulation results shown in the right panel of Graph 26 are quite similar to the ob-
served proportions, especially in the first years. The trends are somewhat different, though. The pro-
portion with only AROP increases more strongly in the simulation than in observation, while the pro-
portion with only VLWI declines less, and the overlap between the simulations of AROP and VLWI 
does not increase like it does for the observed indicators. Perhaps most strikingly, the simulated pro-
portion with arrears on all three indicators declines by 5.8 percentage-points (of all people below 60 in 
AROPE). At the same time, the percentage with an arrear on only one indicator increases from 51% in 
2014 to 60% in 2020; such an increase is not observed in the EU-SILC results. The decline in the degree 
of overlap is part of the reason for the smaller decrease in the simulated AROPE rate, relative to the 
observed one. Clearly, the Nowcasting model is not able to replicate the correlations between the indi-
cators completely. Such correlations are notoriously difficult to model correctly; they may even be due 
to variables that are unobserved in the starting data (e.g. parental background).  

An important policy conclusion follows from the Nowcasting simulations. Even if the observed AROPE 
would continue to decline at the simulated speed (though starting from the lower observed level), this 
decrease would not be strong enough to reach the EU2020 target. This conclusion was also drawn by 
SPF SS (2018, 15) and Frère (2016, 22), namely that the EU2020 target on the Belgian level for the reduc-
tion of the number of people in poverty or social exclusion is unlikely to be met. 

                                                           
20  Correlations calculated within the whole sample, not just within the group with AROPE.  

Graph 26 Overlap between AROP, VLWI and SMD among persons aged < 60 in AROPE: EU-SILC and BE-Nowcasting 
results 
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5.6. Comparison with Eurostat flash estimates, EUROMOD results and a FPB pro-
jection 

Eurostat publishes (experimental) flash estimates for AROP and a few other income-based indicators, 
but not for VLWI, nor SMD, and so also not for AROPE (see Chapter 2). In order to emphasize the 
uncertainty surrounding these estimates, Eurostat communicates these estimates in a peculiar way, us-
ing what it calls the Rounded Uncertainty Interval (RUI) (European Commission, 2018a). This gives an 
indication of the magnitude and the direction of the expected change. It is emphasized that the centre 
of the RUI does not coincide with the point estimate, though it is close. For Belgium in 2017, the RUI for 
the change (with respect to 2016) runs from -1.5 to 1.0 percentage-points, and the RUI for the level is 
14.4% to 16.9% The midpoints of these intervals are respectively -0.2 and 15.7%. (Note that these figures 
refer to income year 2017, so the actual observations corresponding to these estimates will be derived 
from EU-SILC 2018.) The corresponding estimates from Nowcasting are +0.1 and 16.0%21. These now-
casting estimates are of course quite close; both indicate stability in the overall AROP.   

A more interesting comparison is with the EUROMOD nowcasting results published by the EUROMOD 
team. Unfortunately, early nowcasting papers did not include estimates for Belgium; the earliest (and 
also latest) results for Belgium can be found in Gasior and Rastrigina (2017). These nowcasting estimates 
have the advantage, though, that they are broken down by gender and age category. For Belgium their 
nowcasting model uses EU-SILC 2012 as base data. Belgium is one of the countries for which nowcasted 
AROP rates are considered to be relatively accurate by the authors, based on a comparison of 
EUROMOD nowcasting estimates with EU-SILC observations for the years 2011-2014. Table 1 presents 
these results and compares them with the ones obtained with our Nowcasting model and with the EU-
SILC observations.  

Both our model (referred in the table as BE-Nowcasting) and EUROMOD underestimate the increase in 
median household equivalent income during the period 2014-2016, though EUROMOD more so than 
Nowcasting22. The at-risk-of-poverty threshold of course rises at the same rate as median equivalent 
income, and this may be the reason why the actual change in the AROP rate for the total population 
between these years is about twice as large as the nowcasted rates. By contrast to the EUROMOD esti-
mates, Nowcasting is correct in predicting that the poverty risk would increase more for women than 
for men. An important difference appears with respect to the 65+, compared with the population aged 
0-64. For the latter group, the Nowcasting estimates are virtually spot-on, while EUROMOD nowcasts 
of the increase in AROP are too low. By contrast, the EUROMOD estimate of the rise in the poverty risk 
of the elderly is somewhat too high, while Nowcasting predicts incorrectly a strong decrease for this 
group. 

                                                           
21   Cf. Graph 8. Note that in that graph, data-points are labelled by EU-SILC year, not by income year. So 16.0 is the Nowcasting 

estimate for EU-SILC 2018, income year 2017.  
22  For these years, the macro-economic figures which are used both by EUROMOD and Nowcasting are observations, not pro-

jections. Therefore, the discrepancy between the nowcasting estimates and the EU-SILC observations may well be due to 
sampling error. The 95% reliability interval for median income in the Belgian EU-SILC varies across years between 2 percent 
and 4 percent of the point estimate.  
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Table 1 Comparison of Nowcasting results with EUROMOD nowcasting estimates, 2015-2017 (1) 
  Estimated change Actual change 2015-17 Observed level 2017
  EUROMOD BE-Nowcasting  
Median income (2)  1.9 2.8 5.2 22,783
    

AROP rates (3) Total population 0.5 0.6 1.0 15.9
 Men 0.5 0.5 0.8 14.9
 Women 0.5 0.7 1.3 16.9
 Age 0-17 0.4 1.3 15.0
 Age 18-64 0.4 0.6 18.6
 Age 0-64 1.0 1.1 15.9
 Age 65+ 1.1 -1.2 0.8 16.0
(1)  The years refer to the EU-SILC data collection years (as in the rest of this report). So, the estimates are in fact for the previous year.  

By contrast, in EUROMOD publications, the years refer to the income year. 
(2) Median household equivalent income; percentage change, in current prices. 
(3) Percentage-point change.  

EUROMOD has also made nowcasting estimates of the very low work intensity for a total of 12 EU 
countries, unfortunately not including Belgium, for the period 2009-2013 (Rastrigina et al., 2015). The 
EUROMOD team concluded that the nowcasted very low work intensity estimates seem to align well 
with the Eurostat values in most cases.  

An earlier study published by the Federal Planning Bureau (Frère, 2016) projected the population at risk 
of poverty and social exclusion in Belgium until 2030y. The projections were realised using aggregate-
level information available up to July 2016 and under the assumption of no change in policy. This study 
projected a decrease in the AROP rate from 14.9 percent in 2015 to about 13 percent in 2020, which 
contrasts with the slight increase observed in EU-SILC (and nowcasted by our model) for the period 
2015-2017, and the virtually stable AROP rate projected by our model for the years 2017-2020. In addi-
tion, Frère (2016) expects a slight drop in the percentage of the population not at risk of poverty but 
with a low work intensity. As a result, the projected AROPE rate drops from 21 percent in 2015 to about 
20 percent in 2017, continuing to about 18 percent in 2020. For the period 2015-2017 this agrees with the 
EU-SILC observations, while our model projects a smaller decrease23.  

5.7. Policy simulations 

In this section we illustrate the possibilities that Nowcasting offers by simulating a simple variant. This 
is not to be interpreted as real policy proposal, but rather as illustrations. 

The scenario concerns a simple increase of the progressivity of the fiscal system. We maintain the in-
come tax brackets, but the marginal tax rates of the lower brackets decrease whereas those of the highest 
brackets increase. These marginal tax rates are shown in Table 2. 

                                                           
23  The projection of AROPE in fact implies projections of the VLWI and the SMD, but these are not shown in Frère (2016).  
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Table 2 Marginal tax rates 
Income tax bracket Base scenario Tax scenario (2015 and later)
1st bracket 25% 20% 
2nd bracket 30% 25% 
3rd bracket 40% 40% 
4th bracket 45% 48% 
5th bracket 50% 50% 

The marginal tax rates to the lowest two brackets decrease by 5%-points. The next marginal tax rate 
remains the same whereas the one-but highest marginal tax rate increases by 3%-point. The tax rate that 
pertains to the highest tax bracket remains unchanged. Hence, we here have a redistribution from the 
higher (but not highest) incomes to the lowest incomes, and we can therefore expect the poverty risks 
to go down. The tax rates in this technical variant have been chosen in such a way that total tax receipts 
do not change relative to the base scenario. 

The results in Graph 27 confirm our expectations. The increasing progressivity of taxes causes the pov-
erty rate of the population as a whole to decrease. Note that, due to the EU-SILC-structure of the simu-
lation results, the impact of this measure implemented in 2015 reveals itself only from 2016 onwards 
(i.e. 2015 incomes). The impact of this measure is small, yet one should realise that it is the combination 
of a direct and an indirect effect. Because of the higher net incomes and the low end of the income 
distribution, the poverty risk increases because fewer people will be in a household where equivalent 
income is lower than the poverty threshold. However, the variant causes median income and therefore 
the poverty threshold itself, to go up. This cet. par. increases the poverty risk again, while however 
increasing the average income of the poor. Hence, the direct effect causes the poverty risk to decrease 
while the indirect causes it to increase again. The former still outweighs the latter, but the difference is 
small. 

 

Graph 27 At-risk-of-poverty rate (left panel; threshold: 60% of median, in %) and poverty threshold (right panel; €): 
impact of change of the marginal tax rates 
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6. Challenges, limitations and updates of the model 

6.1. Challenges 

A first challenge to this project was, and remains, that some of the results of any dynamic microsimula-
tion model are quite vulnerable to assumptions, modelling approaches and the sensitivity of the indi-
cators to small changes. For example, the AROP of the elderly population is very sensitive, because any 
change can have both direct and indirect effects, combined with a relatively large group of individuals 
are clustered around the poverty threshold. Another example is the relation of the risk of unemploy-
ment of one household member to whether the other household members are, or are not, working. A 
small change in this correlation, or in the size and composition of households can have very strong 
impacts on the VLWI. The simulation of indicators or relations that are inherently nonlinear is a strong 
point of microsimulation, but also a challenge. 

A second challenge pertains to the nature of the data. On the one hand, Nowcasting, like most microsim-
ulation models, assumes a somewhat standard framework where for example a married person is al-
ways observed with his or her spouse or people who are retired cannot receive unemployment benefits. 
In contrast, EU-SILC is not bound by such rules and therefore may contain information that is not al-
ways consistent with the model (or even with actual benefit rules), for example respondents that report 
retirement as their main activity status, while also reporting receiving unemployment benefits. It is thus 
difficult for a model to replicate such data. Consequently, the model was continually adapted to take 
into account the uncovered particularities of the data. A series of tests and evaluations were conducted 
at each step of the model development process to assess the accuracy of the simulated results. 

Moreover, during the development of the model and following the discussions with and suggestions of 
the Steering Group, many changes and additions were implemented within the model. For example, it 
was necessary to allow for changes in household composition and dissolution in the demographic mod-
ule, as well as a net income correction (“adjustment component” and “proxy of tax settlement”) within 
the taxation module, which was not anticipated at the beginning of the project. Also, the short- and 
medium-term-nature of the model sometimes required different choices from those taken and defensi-
ble for the long-term model MIDAS. Thus, a multi-states module was added to Nowcasting that allows 
the transition between labour market states to take place at any month of the year, and not just at the 
start of the year. 

6.2. Limitations 

The current project also has its limitations, some of which are fundamental to the methodology applied, 
while others point to parts of the model that could be improved. 

First of all, in some ways the model is not finished and will require some additional work to improve 
the fit between the observed trends and produced simulations. The most obvious example of this is the 
AROP of the elderly population. 
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Second, we would have liked to proceed with the inclusion of the structural labour model RURO (Ran-
dom Utility – Random Opportunity, see Capéau et al., 2016) in the Nowcasting model.  This would have 
had the advantage that intensive and/or extensive labour market decisions would have become endog-
enous. So a typical policy measure would have had an impact on labour market participation and could 
have higher-order effects on the VLWI and the AROP. We however stand behind our decision to give 
priority to methodological issues that were deemed more useful in creating the model. These included 
the simulation of the “multi-states module”. It also included the simulation of the “adjustment compo-
nent” as well as the “proxy of tax supplement” in the taxation module. Finally, it included the handling 
of missing values and the proportional calibration of the alignment tables to the observed incidence 
rates. 

Third, some sources of income where kept constant, because we lack the information or theoretical un-
derpinning to simulate them. Although not all of these incomes are necessarily equally important in 
terms of sample-wide averages, they surely have a profound impact on the poverty risks of specific 
groups in society and it therefore would have been interesting to simulate them in the model. 

Finally, the model, operating in a somehow standard framework as other microsimulation models, can-
not fully reproduce the observed data and relies on a certain number of assumptions. Among these 
assumptions is the way missing information in the input dataset is treated (i.e. imputing values or keep-
ing them missing). It is yet unclear whether the choices made in this respect are the optimal ones. 

6.3. Updating the Nowcasting model 

The updating of the Nowcasting model to a new EU-SILC dataset is done in four steps. First, the EU-
SILC data must undergo a treatment process to prepare an input dataset for the Nowcasting. The pro-
cedure is already coded in Stata. If the variables and their values in the survey did not change since 2014 
wave (same data coding), it is simply matter of running the existing Stata programmes on the new wave. 
Some checks are however warranted to validate the resulting input dataset for the Nowcasting. Once 
the input data is created, it must be transferred into the format used for the Liam II software in which 
Nowcasting is run, and expanded using the frequency weights available in EU-SILC. 

Second, all the external alignment parameters and parameters underlying policy rules must be updated. 
The latter parameters describe the policy rules in effect, while the former are provided by FPB macro 
models MODTRIM, HERMES and MALTESE at regular intervals (see section 4.3). The Nowcasting 
model also relies on the internal alignment with parameters obtained using the input data itself. This is 
the case, for example, for the share of beneficiaries of social assistance. The model limits the number of 
beneficiaries within each of the simulation years based on the observed figures in the input data. With-
out this procedure, the simulated number will be too high. The parameters for this internal alignment 
are obtained using the same Stata programmes as those used to create the input dataset.  

Third, the model itself must be updated to take into account recent changes in policy rules that go be-
yond a simple adjustment of the parameters (e.g. a unique replacement rate for unemployment benefits 
regardless the duration of unemployment), the current year of the input data, the change in input/out-
put file names, paths and number of simulated periods. Moreover, we would recommend updating the 
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inference-based parameters used in the model, e.g. those used in behavioural equations. The current 
parameters may no longer accurately represent the individuals’ behaviour in the future. It is especially 
relevant in times of a changing institutional or economic context or important structural changes. Fi-
nally, a series of tests and evaluations should be conducted to validate the simulated data.  
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7. Conclusions 

The model developed in this exercise is a fully dynamic longitudinal-ageing microsimulation model (Li 
et al., 2014), where the characteristics of individuals change following probabilistic or deterministic pro-
cesses.  

Compared to already existing nowcasting estimates for Belgium from the static EUROMOD model, the 
Nowcasting model presented in this report has the added value that it produces estimates for the very 
low work intensity rate (VLWI) and the severe deprivation rate (SMD), in addition to the at-risk-of-
poverty rate (AROP), so the overarching indicator at-risk-of-poverty-and-social-exclusion rate (AROPE) 
is also projected. Moreover, the Nowcasting projections extend to the near future (currently to 2020), 
while the last year in the EUROMOD nowcasts is in fact the previous year. Methodologically, Nowcast-
ing is distinguished from EUROMOD nowcasting in the development of a fully dynamic model to pro-
ject demographic and labour-market changes. Theoretically, dynamic modelling has a number of ad-
vantages over static ageing techniques and may produce more realistic results in some circumstances. 
In practice, however, the application of dynamic models requires a number of simplifications (e.g. not 
simulating secondary incomes) that – for the short-term perspective of nowcasting – may cancel out 
those advantages.  

While the Nowcasting results turn out to be – for years for which we have EU-SILC data – in general 
reasonably close to the observations, they are not clearly superior to those of EUROMOD, and for some 
categories, in particular the 65+, they are obviously in need of improvement before the model can be 
used for policy-oriented purposes. The model should better replicate observed data, and future im-
provements should focus on reducing differences between observed and simulated data. In order to 
achieve this, fundamental choices, such as dynamic or static ageing, may be less important than seem-
ingly more mundane issues, e.g. to project secondary incomes, and to correctly simulate taxes. It might 
also be helpful to consider some of the techniques used in nowcasting with EUROMOD. Also, the model 
should be updated to the latest available wave of EU-SILC data.  

The achievements of this project are, first, that it has been demonstrated that short-term simulations 
(nowcasting and forecasting) of the EU-SILC are possible, using a full-dynamic microsimulation model 
developed in LIAM2. In this, the methodology developed might be an alternative for current nowcast-
ing techniques, that allows for detailed policy analysis and the production of detailed simulated EU-
SILC datasets. From these datasets, estimates of the main social indicators used in the EU2020 pro-
gramme (the at-risk-of-poverty rate, the very low work intensity rate, the severe material deprivation 
rate, and the overarching indicator at-risk-of-poverty rate-and-social exclusion rate) for Belgium have 
been calculated. Projections of many other indicators in the portfolio of EU social indicators (European 
Commission, 2015) that are based on EU-SILC could also be derived from the simulated data. 

Secondly, some innovative approaches and methodological advancements were made in the develop-
ment of the Nowcasting model. These are possibly relevant to the developers of microsimulation mod-
els elsewhere, and we will therefore search for ways to communicate these to them. Third, provided 
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conditions for data-protection are met, the simulated micro-data could be made available to others, to 
perform additional analyses. 

Fourth and finally, the model itself, when adapted and finalized, might be put at the disposal of other 
federal agencies or international partners. Indeed, since the Nowcasting model is based largely (but not 
entirely) on the Belgian EU-SILC, it should be possible to transfer it to other European Member states 
within a reasonable time frame. We will consider the possibility to put the code of the model at the 
disposal of research teams in other EU member states that already are participating in the “MIDAS 
network”24. We will also search actively for other possibilities to find new member states that might be 
interested in collaborating with us to adopt the Nowcasting model. This will allow a more comprehen-
sive use of the EU-SILC in the context of the Europe 2020 strategy (and beyond), through comparative 
research in various member states. The work done on long-term projections in the context of the SPC 
WG AGE has clearly demonstrated this value added, and we are convinced that it will also prove useful 
for nowcasting issues and short-term projections. 

                                                           
24  The “MIDAS network” is an informal network of researchers or research teams that have in the past joined forces in adapting 

the dynamic microsimulation model MIDAS to other member states. This includes LISER (Luxembourg), a research team led 
by professor Amilcar Moreira (University of Lisbon, Portugal), and the National Treasury in Hungary. 
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9. Appendices 

9.1. Appendix 1: Equivalised disposable income 

𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑖𝑠𝑒𝑑 𝑑𝑖𝑠𝑝𝑜𝑠𝑎𝑏𝑙𝑒 𝑖𝑛𝑐𝑜𝑚𝑒 =  𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑑𝑖𝑠𝑝𝑜𝑠𝑎𝑏𝑙𝑒 𝑖𝑛𝑐𝑜𝑚𝑒𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑖𝑠𝑒𝑑 𝑠𝑐𝑎𝑙𝑒  

With 

𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑑𝑖𝑠𝑝𝑜𝑠𝑎𝑏𝑙𝑒 𝑖𝑛𝑐𝑜𝑚𝑒= 𝐺𝑟𝑜𝑠𝑠 𝑖𝑛𝑐𝑜𝑚𝑒 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 𝑎𝑡 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑙𝑒𝑣𝑒𝑙+ (𝐺𝑟𝑜𝑠𝑠 𝑖𝑛𝑐𝑜𝑚𝑒 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 𝑎𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑙𝑒𝑣𝑒𝑙)− 𝑇𝑎𝑥𝑒𝑠 𝑎𝑛𝑑 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝑠 𝑝𝑎𝑖𝑑 𝑎𝑡 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑙𝑒𝑣𝑒𝑙− (𝑇𝑎𝑥𝑒𝑠 𝑎𝑛𝑑 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝑠 𝑝𝑎𝑖𝑑 𝑎𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑙𝑒𝑣𝑒𝑙)  
𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑖𝑠𝑒𝑑 𝑠𝑐𝑎𝑙𝑒 = 1 + (𝑛𝑎𝑑𝑢𝑙𝑡14 −  1)  ∗  0.5 +  𝑛𝑐ℎ𝑖𝑙𝑑14 ∗  0.3 

Where h equals the total number of persons within the household, nadult14 represents the number of 
persons aged +14 within the household and nchild14 represents the number of persons aged 0-13 within 
the household. 
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9.2. Appendix 2: List of simulated and projected income components in the 
nowcasting model that are part of the equivalised disposable 
income 

Variable description Variable name 
in EU-SILC

Variable used in 
BE-Nowcasting

Simulated/projected 
in BE-Nowcasting

Gross income components at individual level 
Gross employee cash or near cash income py010g py010g Simulated
Company car py021g py021g Projected
Income from self-employment py050g py050g Simulated

Retirement pension 
py100g 

i102b_b * i102b_m + i102d_b * 
i102d_m + i102e_b * i102e_m Simulated 

Income guaranty for elderly i102c_b * i102c_m Simulated
Survival pension py110g i102a_b * i102a_m Simulated
Pension from private plans (2nd and 3rd pillars) py080g i110 + i113 + i104 + i107 Projected

Unemployment benefits 
py090g 

i98a_b * i98a_m + i98b_b * 
i98b_m + i98c_b * i98c_m + 
i98d_b * i98d_m + i98e_b * 
i98e_m + i98h_b * i98h_m + 
i98f_b * i98f_m + i98g_b * 

i98g_m

Simulated 

Unemployment with company suppl. i99 * i101 Simulated

Sickness and disability benefits py120g + 
py130g    

i115a_b * i115a_m + i115c_b * 
i115c_m + i115b_b * i115b_m + 
i115d_b * i115d_m + i115e_b * 
i115e_m + i115f_b * i115f_m + 
i115g_b * i115g_m + i115h_b * 
i115h_m + i115i_b * i115i_m + 

i115j_b * i115j_m

Simulated 

Education-related allowances py140g py140g Projected
Social assistance allowances i184b * i186 Simulated

Gross income components at household level 
Income from rental of a property or land hy040g hy040g Projected
Family/children related allowances hy050g hy050g Simulated
Social assistance allowances hy060g
Housing allowances hy070g hy070g Projected
Regular inter-household cash transfers received hy080g hy080g Projected
Interests, dividends, profit from capital  
investments in unincorporated business hy090g hy090g Projected 

Income received by people aged under 16 hy110g hy110g No (observed in 3 
households in 2014)

Taxes and transfers paid at individual level 
Tax on income and social insurance contributions Gross* – Net** Simulated
Tax supplement for incomes received in t-3 i130 – i132 Simulated

Taxes and transfers paid at household level 
Regular taxes on wealth hy120g hy120g Projected
Regular inter-household cash transfer paid hy130g hy130g Projected
Tax on income and social insurance contributions 
(including tax supplement) hy140g   

Note:  Gross* represents the sum of the variables listed in the column “Variable used in BE-Nowcasting” for gross income components at the 
individual and household level.  

 Net** is the net equivalent of Gross**, using net amounts.   
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9.3. Appendix 3: Alignment in the first channel of consistency 

The below list shows the information used in the alignment in the first channel of consistency of the 
Nowcasting model. 

– Immigrating individuals, Belgian nationality, to age and gender (numbers25) 

– Immigrating individuals, Other nationality, to age and gender (numbers24) 

– Emigrating individuals, Belgian nationality, to age and gender (numbers24) 

– Emigrating individuals, Other nationality, to age and gender (numbers24) 

– Fertility rate to age (probability25) 

– Mortality rate to age and gender (probability25) 

– Living with a partner, to 5-year age group and gender (probability26) 

– Living with a partner, to 5-year age group and gender (probability25) 

– Registered cohabitation, to 5-year age group and gender (probability25) 

– Divorce rate, to 5-year age group and gender (probability25) 

– Separation rate, to 5-year age group and gender (probability25) 

Labour market states (idem) 

– Total population, 5-year age group and gender (numbers24) 

– Active population, 5-year age group and gender (numbers24) 

– Unemployed population, to 5-year age group and gender (numbers24) 

– Self-employed population, to 5-year age group and gender (numbers24) 

– Unemployed population, to 5-year age group and gender (numbers24) 

– Public sector employee, to 5-year age group and gender (numbers24) 

– Civil servant, to 5-year age group and gender (numbers24) 

– Unemployment with Company Allowance, to 5-year age group and gender (numbers24) 

– Disabled, to 5-year age group and gender (numbers24) 

Note that the above alignment tables for the labour market states are expressed in numbers of individ-
uals, but are transformed in proportions through the confrontation with the population numbers. Other 
relevant labour market states are derived from them, and in the same order as the decision tree for the 
simulation of the various labour market states. For example, the proportion of people in work is derived 
by (active population - unemployed population) / total population, and the proportion of employees 
among the working population is then 1 - (self-employed / (active population - unemployed popula-
tion)).  

                                                           
25  These actual or projected numbers are downscaled to correct for the difference between the Belgian population and the size 

of the expanded EU-SILC sample. 
26  Proportionally uprated to the incidence rates observed in the starting dataset. 
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9.4. Appendix 4:  The estimation of labour market transitions and other equa-
tions for the Nowcasting model  

The estimations of the labour market transitions (probability to be in a particular labour market state in 
t given the labour market state in t-1), wages, working hours and pensions are based on the longitudinal 
SILC data. The estimations used in taxation module are based on the cross-sectional SILC data of 2014. 
Stata do-files used: 

– Treatment of the data: ‘Nowcasting_4_createlongitudinal_SILC.do’ 

– Labour market transitions: ‘Nowcasting_5_estimate_transitions.do’ 

– Income from work, working hours and pensions: ‘Nowcasting_6_estimate_earnings_hours.do’  

– Estimates used in the taxation module: ‘Nowcasting_9_estimate_tax_difference.do’ 

This note first describes the treatment of the longitudinal SILC data and the final sample selection. We 
then describe four methodological approaches that are used to estimate 1) labour market transitions; 
2) income from work and working hours; 3) pensions and 4) tax adjustment and tax supplement. 

9.4.1. Preparing longitudinal data 

– Input datasets: all individual and household files from longitudinal EU-SILC as well as cross-sec-
tional datasets that were generated in ‘Nowcasting_3_startdata_SILC.do’. 

– Program: ‘Nowcasting_4_createlongitudinal_SILC.do’ 

– Output dataset: ‘…\nowcasting\SILC\results\long_estim_2years.dta’ 

We need a sufficiently large panel of individuals observed for at least 2 consecutive years. Currently, 
we have 2007-2014 longitudinal waves with individual and household information for the period 2004-
2014. This subsection provides a description of how the data is treated. 

9.4.1.1. Linking Longitudinal data across waves 

a. Successive waves 

Each successive wave contains information on t till t-3 and is updated compared to the previous wave. 
For instance, the wave 2007 contains information on years 2004-2007, the wave 2008 contains infor-
mation on 2005-2008 that is updated (for 2005-2007) compared to the wave 2007, etc. This means that 
some variables for a particular year can change from one wave to another (e.g. the date of birth of an 
individual for 2007 can be different if he is observed in the wave 2007 or 2008). The updated information 
is verified and validated and thus should be more reliable. Keep in mind that the update is done for 
each new longitudinal wave and does not go backwards. Thus, if several waves are linked together, it 
is better to keep the information from the most recent wave. Once the redundant observations are 
dropped, it could still happen that for the same wave and same year, an individual is observed twice. 
This is due to the change of the household (e.g. children leaving their parents) in which case the person 
appears twice: once with the old household identifier and once with a new one. Keep the line with the 
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new identifier. If the above steps are followed, you end up with a panel of individuals observed 1 to 4 
years over a period that starts in 2004 and ends with the most recent year available (currently 2014). 

Citizenship and country of birth 

The variables indicating the citizenship and country of birth are only available since 2014 wave. 

b. Weights 

There are 4 individual weight variables: RB060, RB062, RB063 and RB064. RB060 is the base weight. 
RB062 is used to compare the year of the wave to the previous year. That is, the wave 2008 can be used 
to compare the year 2008 to 2007 but not 2007 to 2006. To compare 2007 to 2006 you need the wave 2007. 
RB063 is used to compare the year of the wave to the year t-2 (e.g. for the wave 2007, compare 2007 to 
2005). RB064 is used to compare the year of the wave to the year t-3 (e.g. for the wave 2007, compare 
2007 to 2004). The choice of the weight variable depends on the analysis. If the aim is to analyse the 
transitions from one labour market state to another within 1-year interval when all the waves are com-
bined, then one should choose RB062. Be aware that you can do that only for the years 2006 and the 
following. That is, the first wave is 2007 that can be used to only compare year 2006 to 2007 but not 2005 
to 2006 (and neither 2004 to 2005). To compare year 2007 to 2008 take RB062 from the wave 2008. To 
compare 2008 to 2009 take RB062 from the wave 2009, etc.  

9.4.1.2. Linking cross-sectional data across years 

To estimate various equations, we need some variables that are only available in the cross-sectional files 
(e.g. workstate, citizenship, country of birth, etc) that we created in ‘Nowcasting_3_startdata_SILC.do’ 
(the data file is ‘…\nowcasting\SILC\results\midas_silc.dta’). Until 2014, the two types of data, longi-
tudinal and cross-sectional, were produced independently with their own identifiers and could not be 
linked directly. Starting 2014, the individual and household identifiers are the same in both types of 
data. However, for the waves up to 2014, Statistics Belgium (FPS Economy) provided us with a file that 
contains the cross-sectional identifiers for each wave linked to the longitudinal identifier. These allow 
to link the observations from several cross-sectional years for the same individual. But these links are 
not always perfect and could result in linking wrong individuals from one year to another or changing 
the identifier for the same individual. To correct this, there is no other way as to consider each individual 
separately. Given that this is a very time-consuming procedure (and we are not sure to correct all the 
anomalies), we did not do it. However, some small corrections have been done: 

– The file with links may contain 2 observations (rows) for the same longitudinal identifier for the 
same wave. There are 2 possibilities. First, an individual may change the household in which case a 
new household identifier is created. In that case, just drop the row with the old household identifier. 
Second, the same longitudinal identifier appears for 2 different people (for one of the cross-sectional 
waves). There are 6 observations in that case (3 longitudinal identifiers repeated twice). You can look 
at the cross-sectional waves to determine which observation should be dropped. 

– When the links are applied to the cross-sectional waves, some observations remain unlinked (waves 
2009-2011). Moreover, several tests show that gender and date of birth vary for the same individual 
across the years. The change in the date of birth can be explained, at least partly, by the updating of 
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the data (see subsection 9.4.1.1). While the change in the gender is probably due to the incorrect links 
provided in the links file. 

9.4.1.3. Linking longitudinal with cross-sectional files  

The variables transferred from linked cross-sectional waves to longitudinal waves are: workstate (la-
bour market state), collar (blue-/white-collar status), parttime (indicator for working part-time), citizen 
(citizenship) and cofbirth (country of birth). Some observations from the linked cross-sectional waves 
(panel A) are missing in the panel of longitudinal waves (panel B) and vice-versa. In the first case (indi-
viduals from panel A are missing in the panel B), some individuals are observed up to 3 years. I do not 
know why it is the case yet (imperfect links for cross-sectional waves? But the number of observations 
in that case is too large compared to the missing observations in the panel A but present in the panel B). 
The second case (individuals from the panel B are missing in the panel A) is probably due to the imper-
fect links. Given that we need the information from both panels, we keep only the observations that are 
present in both panels (panel C). 

Some additional variables are created that are equivalent to the variables generated for the input file for 
the Nowcasting model (i.e. based on the last cross-sectional wave). 

Remarks:  

– Some missing values for workstate were completed: if the individual has an income from work and 
workstate(t-1) = 1,2,3 or 4 then workstate = workstate(t-1). 

– Some missing values for education (educ) were completed: if a person is observed for several periods 
but his education is missing for the 2nd, 3rd or 4th period then replace the missing with the value of 
the previous period. The command also replaces the value of education in period t with that of pe-
riod t-1 if the individual had higher level of education in t-1 (only for 2nd, 3rd or 4th period). 

bys rb030_long (rb010): replace educ = educ[_n-1] if _n > 1 & educ < educ[_n-1] 

The missings are replaced with 0 before this code is applied and reverted to missings after the code. 

Incomes are expressed in constant prices (of year 2015) using the CPI index. Unlike all the other varia-
bles that reflect current situation of a person (labour market state, working hours, family situation, etc.), 
reported incomes pertain to the previous year. The index takes that into account (see ‘Price_index.xls”). 
For example, the index applied to the incomes reported in wave 2014 is that from 2013, given that those 
incomes were received in 2013. These incomes are then expressed in prices of 2015. The transformed 
variables are employees’ earnings (earny) and self-employment income (selfearny).   

9.4.1.4. Selection of the common sample for estimations based on longitudinal data 

Once the additional information from the cross-sectional data was added to the panel of longitudinal 
waves (panel C), we can proceed to select the desired sample of individuals whose labour market tran-
sitions will be analysed. The sample consists of individuals with non-missing socio-economic state and 
who are observed for at least 2 consecutive years. More precisely: 
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a) Drop observations with missing workstate 

keep if workstate ~= -999 & !missing(workstate) 

b) Keep individuals with at least 2 consecutive years 

tsset rb030_long rb010 
tsspell, f(L.rb010 == .) 
bys rb030_long _spell: keep if _N > 1  

9.4.2. Labour market transitions 

– Input dataset: ‘…\nowcasting\SILC\results\long_estim_2years.dta’ generated in ‘Nowcast-
ing_4_createlongitudinal_SILC.do’. 

– Program: ‘Nowcasting_5_estimate_transitions.do’ 

– Output results: ‘Nowcasting_LMequations_allstatesLogit_noweights_final.log’ 

9.4.2.1. Estimation sample 

The general condition for the estimations is being aged 15-60 with non-missing education (we use edu-
cation as explanatory variable). We create a new variable workstate_1 that represents the lag of the 
variable workstate. This variable is used to estimate labour market transitions conditional on the previ-
ous labour market state. By construction, workstate_1 is missing for the first observed period. We then 
keep the observations with non-missing workstate_1. Thus, a person who was observed for 2 consecu-
tive periods appears only once, but we keep the information on her labour market state for both periods. 

9.4.2.2. Methodology 

The aim is to estimate the probability of being in a particular state conditional on the state in the previ-
ous period. The model takes the following form: 𝑃𝑟𝑜𝑏 𝑦 , = 1 𝑦 , , 𝑋 , = 𝐺 𝑋 , 𝛽         𝑖 = 1, … , 𝑁 𝑎𝑛𝑑 𝑡 = 2004, … , 2014, 
where 𝐺 𝑋 , 𝛽  is a logistic function27. The model is estimated separately in each of the 9 cases described 
below:  

A) Probability of being in work in t conditional on: 

1) being in the absorbing states28 in t-1 

2) being in education in t-1 and not being in education in t 

                                                           
27  𝐺 𝑋 , 𝛽 =  , ,  
28  The absorbing states include unemployment (workstate = 6), disability (workstate = 7), unemployment with company sup-

plement (workstate = 8), retirement (workstate = 9) and other inactive (workstate = 10). 
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B) Probability of being employee in t29 conditional on being in work in t and: 

3) being employee in t-1 

4) being self-employed in t-1 

5) not being in work in t-1 

C) Probability of being employee in public sector in t conditional on being employee in t and: 

6) being wage earner in public sector in t-1 

7) not being employee in public sector in t-1 -> i.e. being wage earner in private 
sector or self-employed 

8) not being in work in t-1  

D) Probability of being unemployed in t conditional on:  

9) being wage earner in t-1 and not in work in t and not receiving conventional 
early leave benefits in t and not being disabled in t 

The conditioning is explained by a step-by-step alignment. We first determine the number of people 
who work (step A). Second, among the people who work, we determine who works as employee 
(step B). The remaining part works as self-employed. Third, among the employees, we determine who 
works in the public sector (step C). The remaining part of the employees work in the private sector (i.e. 
wage earners in the private sector). Finally, among those who were selected as employees in the public 
sector, we determine who is civil servant. The final number of civil servants is adjusted randomly 
through the alignment, with a priority given to those who were civil servants in t-1. Furthermore, the 
number of unemployed is determined through alignment, using the estimated probability of being un-
employed (step D). 

Depending on the estimated equation, 𝑋 , 𝛽 includes all or a subset of the following explicative variables: 
dummies for the observation year, dummies for 1, 2 or +3 children aged 0-17 within the household 
(0 children is defined as reference category), level of education, dummies for being born in a foreign 
country and having foreign citizenship and their cross-product, dummies for blue-collar wage earners 
and white-collar wage earners (civil servants are defined as reference category), dummy for partner, 
dummy for partner in work in t-1, second degree polynomial in age and in person’s and her partner’s 
earnings in t-1. All the equations include year dummies. For the estimation purposes, all the partner’s 
characteristics are put to 0 if there is no partner (i.e. partner’s identifier is missing or the person has no 
partner). If the partner is present but his characteristics are missing, we leave them as missings. The 
earnings used in the estimations are divided by 1000. 

                                                           
29  Employees are working people except the self-employed (i.e. wage earners from private and public sectors, as well as civil 

servants). 
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The model is estimated with clustered standard errors at the individual level.30 The estimation results 
are in line with Pooled Ordinary Least Squares (POLS) in terms of the sign and statistical significance. 
The final estimation results are reported in ‘Nowcasting_LMequations_allstatesLogit_noweights_fi-
nal.log’. We tried various specifications (including/excluding some explanatory variables, performing 
joint F-test on excluded variables). Only final estimations are reported in the program and log file. If 
certain reported variables appear not statistically significant at the individual level, the F-test rejects 
their joint significance. Thus, there is multicollinearity issue.  

9.4.3. Earnings, self-employment income and working hours 

9.4.3.1. Analysis of the income from work and working hours for employees and self-employed 

In general, regardless of the income source, the Nowcasting model simulates ‘new’ incomes for individ-
uals whose labour market state changed with respect to the previous year. As for the individuals whose 
labour market state did not change, they mainly keep the income from the previous year. Usually, this 
makes sense for all incomes except the income from self-employment which is more unstable. In this 
section we analyse the income of self-employed and compare its “behaviour” to the income of employ-
ees. This analysis should help deciding whether we should use the same strategy that is used for em-
ployees or take a different approach. The first approach consists in the same idea as for employees, 
which is to estimate a model that will be used to predict working hours and wages for new employees 
(those who remain employees mainly keep the same working hours and wages). The second approach 
would be to choose randomly an income/working hours pair in the observed distribution. This second 
approach does not guarantee the same level of income/hours from self-employment as in the previous 
year for individuals who remain self-employed. If the income distribution is more or less random from 
one year to another, the second approach is a better choice. But if the level of income remains equivalent 
from one year to another, the first approach is more suitable. 

Graphs A1 and A2 show positive relation between the previous period’s income and current income for 
both employees and self-employed. However, the dispersion for self-employed is more important. As 
Graph A3 shows, the relation between the previous and current income for self-employed is not 1 to 1 
and is more unpredictable. Graph A4 shows strong relationship between hours from the previous and 
current year for both employees and self-employed. The part-time indicator also remains the same be-
tween two consecutive years in 93% of the cases for both employees and self-employed. 

 

 

 

 

                                                           
30  There is serial correlation in the error term because the same individual can be observed during several time periods. This 

means that the residuals are not independent for the same individual. Clustered standard errors take into account this corre-
lation (as well as heteroscedasticity). 
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Graph A1  Comparison of the current annual income to the previous period’s annual income for all current employ-
ees and self-employed 
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Graph A2  Comparison of the current hourly income to the previous period’s hourly income for all current employ-
ees and self-employed 
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Graph A3  Comparison of the current hourly income to the previous period’s hourly income for current employees 
and self-employed with non-zero previous period’s income 
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Graph A4  Comparison of the current weekly working hours to the previous period’s weekly working hours for  
current employees and self-employed 
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9.4.3.2. Estimating earnings and working hours for employees 

– Input dataset: ‘…\nowcasting\SILC\results\long_estim_2years.dta’ generated in ‘Nowcast-
ing_4_createlongitudinal_SILC.do’  

– Program: ‘Nowcasting_6_estimate_earnings_hours.do’ 

– Output results: ‘Nowcasting_Long_wages_hours.log’ 

a. Estimation sample 

As already mentioned, each SILC wave t reports information on year t (e.g. self-defined current eco-
nomic status, family situation, household composition, working hours…) and year t-1 (e.g. incomes, 
number of months in unemployment…). Logically, we should regress working hours on earnings from 
the same year. Therefore, we add the earnings from wave t+1 to the wave t. Which means that the last 
wave is dropped from the estimations.31 The remaining sample selection is as follows: 

– Being wage earner or civil servant (workstate = 1, 2 or 3) 

– Working hours should be strictly positive and non-missing 

– Earnings should be strictly positive and non-missing 

– Part-time indicator should be non-missing 

– Being aged 15-5932 

– Education should be non-missing 

b. Methodology 

The methodology consists of two steps. First, we estimate the probability of working part-time that is 
used to simulate who works part-/full-time. In a second step, we estimate earning and working hours 
simultaneously for 4 subgroups of individuals: men working full-time, men working part-time, women 
working full-time and women working part-time. 

Step 1: Estimating the probability of working part-time 

The probability of working part-time is estimated through the following model (where individual i and 
time t subscripts are omitted for simplicity) 

𝑃𝑟𝑜𝑏(𝑦 = 1 |𝑋) = 𝐺(𝑋𝛽) 

where 𝐺(𝑋𝛽) is a logistic function. The model is estimated separately for men and women, with stand-
ard errors clustered at the individual level. 𝑋𝛽  represents a set of exogenous covariates (excluding 
working hours and earnings) such as year dummies, dummies for blue-collars in public sector, white-
collars in public sector, blue-collars in private sector, white-collars in private sector (civil servants are 
                                                           
31  We could have added the hours from wave t to earnings in wave t-1. However, in that case we need to transfer all the other 

characteristics from the wave t to t-1 or assume that these characteristics did not change between the two waves, which is a 
too strong assumption. 

32  The compulsory education ends at age 18 (or as soon as a pupil obtains the diploma of secondary education) but as of age 15, 
pupils can do part-time learning and working.  
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defined as reference category), (second degree) polynomial in age and experience, dummies for 1, 2 or 
+3 children aged 0-17 within the household (0 children is defined as reference category), level of educa-
tion, dummies for being born in a foreign country and having foreign citizenship and their cross-prod-
uct and dummy for partner.  

The estimation results are used in simulations to predict the work intensity of individuals (part- or full-
time). This latter procedure is directly implemented in LIAM2 and consists in selecting the workers with 
the highest predicted probability of working part-time. The final number of part-time workers depends 
on the alignment figures obtained from the last cross-sectional wave. 

Step 2: Estimating earnings and working hours 

Earnings and working hours are estimated through Simultaneous Equations Model (SEM) where both 
earnings and working hours are considered endogenous (earnings in function of working hours and 
vice-versa). A SEM is a structural model that takes the following form (where individual i and time t 
subscripts are omitted for simplicity): 

 𝑦 = 𝑋𝛽 + 𝑍 𝛾 + 𝑦 𝛼 + 𝑢          (1)𝑦 = 𝑋𝛽 + 𝑍 𝛾 + 𝑦 𝛼 + 𝑢          (2) 

Where 𝑋 is a vector of exogeneous variables common to 𝑦  and 𝑦 , 𝑍 is a vector of exogenous variables 
appearing only in (1) and 𝑍  is a vector of exogenous variables appearing only in (2). The identification 
requirement for a 2-equations SEM is that each equation must contain at least one exogenous variable 
that does not appear in the other equation. We use two-stage least squares (2SLS) to estimate each equa-
tion, with all the exogenous variables from both equations as instruments in the first stage. More pre-
cisely, for equation (1) we first regress 𝑦  on all the exogenous variables that appear in both equations 
(1) and (2) (i.e. 𝑋, 𝑍  and 𝑍 ) and predict 𝑦  (first stage). Then, equation (1) is estimated with 𝑦  instead 
of 𝑦  (second stage). The same principle applies to equation (2).  

If one is not interested in the parameters of equations (1) and (2) but rather in the prediction of 𝑦  and 𝑦 , which is our case, then estimating the reduced form of both equations by OLS is sufficient. The 
predicted values are the same as through the estimation of equations (1) and (2) by 2SLS or even the 
first stage from the 2SLS. That is, the reduced form for 𝑦  is a linear function of 𝑋, 𝑍  and 𝑍 . The re-
duced form for 𝑦  is also a linear function of 𝑋, 𝑍  and 𝑍 . This is exactly the same as estimating the first 
stage in 2SLS. Or if, in equation (1) in the second stage of 2SLS, we replace 𝑦  by [𝑦 − residuals from 
the first stage of 2SLS], with 𝑦  expressed as a linear function of 𝑋, 𝑍  and 𝑍 , we end up regressing 𝑦  
on 𝑋, 𝑍  and 𝑍 . Which is again equivalent to estimating the reduced form of equation (1).  

Given that it is simpler to use OLS estimates in LIAM2 and we are not interested in the parameters of 
the structural model but rather the predictions, we proceed as follows:  

a) Estimate the reduced form for earnings by regressing 𝑦  on all the exogenous variables that 
appear in both equations (1) and (2) (i.e. 𝑋, 𝑍  and 𝑍 ) and predict 𝑦 .  



WORKING PAPER 3-19 

68 

b) Estimate equation (1) with 𝑦  instead of 𝑦 . Both estimations are done by OLS and can be di-
rectly used in LIAM2. 

In simulations we proceed as follows: 

c) Predict earnings and residuals using estimated parameters from the reduced form equation for 
earnings in a). Simulated earnings = predicted earnings + earnings residuals. Basically, in the 
base year simulated earnings are the same as observed ones for individuals with reported pos-
itive values. Individuals with missing earnings will be given simulated earnings equal to pre-
dicted value based on individual characteristics, plus a residual randomly drawn from the dis-
tribution of estimated earnings residuals. 

d) Predict hours using estimated parameters in b), with simulated earnings as control variable that 
replaces 𝑦  and obtain residuals. Simulated hours = predicted hours + hours residuals. Similar 
to earnings, in the base year simulated hours are the same as observed ones for individuals with 
reported positive values. Individuals with missing hours will be given simulated hours equal 
to predicted value based on individual characteristics, plus a residual randomly drawn from 
the distribution of estimated hours residuals. Note that this step is equivalent, in terms of the 
expected value, to predicting hours using estimated parameters in b), with predicted earnings 
as control variable instead of simulated ones. 

We estimated several equations using various combinations of instruments and exogenous variables. 
The common and instrument variables reported in the log files seem to be the best choice given the 
endogeneity and overidentification tests results (the tips on the implementation of these tests in Stata 
can be found in the Appendix 5 of this document). All the tests were performed on the 2SLS estimates. 
We also tried various specifications, including/excluding some explanatory variables. A joint F-test was 
performed each time on excluded variables. As a result, earnings and working hours are expressed in 
logarithms. The common variables included in 𝑋 are year dummies, dummies for blue-collars in public 
sector, white-collars in public sector, blue-collars in private sector, white-collars in private sector (civil 
servants are defined as reference category), dummy for partner, dummy for partner in work, dummies 
for 1, 2 and +3 children aged 0-17 within the household (0 children is defined as reference category), 
dummies for being born in a foreign country and having foreign citizenship and their cross-product, 
level of education. The common list of variables may be shorter for some of the 4 subgroups of individ-
uals (men working full-time, men working part-time, women working full-time, women working part-
time) as we exclude non-relevant exogenous variables. There are also some problems of multicollinear-
ity. Thus, if the remaining variables appear non-significant at the individual level, they are jointly sig-
nificant, which explains their presence in the final equations. The instruments for log(hours) are (second 
degree) polynomial in age and dummies for 1, 2 or +3 children aged 0-17 within the household. The 
instruments for log(earnings) include (second degree) polynomial in number of years of experience. All 
the estimations are done with standard errors clustered at the individual level. 
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9.4.3.3. Determining income and working hours for self-employed 

– Input dataset: ‘…\nowcasting\SILC\results\long_estim_2years.dta’ generated in ‘Nowcast-
ing_4_createlongitudinal_SILC.do’.  

– Program: ‘Nowcasting_6_estimate_earnings_hours.do’ 

– Output results: ‘Nowcasting_Long_wages_hours.log’ 

a. Estimation sample 

As for employees, self-employment incomes are transferred from wave t+1 to the wave t, which results 
in a removal of the last wave. The remaining sample selection is as follows: 

– Being self-employed (workstate = 4) 

– Working hours should be strictly positive and non-missing 

– Earnings should be non-missing (but can be null) 

– Part-time indicator should be non-missing 

– Being aged 18-59 

– 17 observations with extreme hourly income are excluded (they represent 0.6% of the remaining 
sample) 

b. Methodology 

The methodology for self-employed also consists of two steps. First, similarly to employees, we estimate 
the probability of working part-time that is used to simulate who works part-/full-time. The specifica-
tion is similar to that for employees, except that men and women share the same equation and gender 
dummy is added as explanatory variable. The final number of self-employed working part-time is ob-
tained using the predicted probabilities and alignment figures (those are the observed frequencies in 
the last cross-sectional wave).  

In a second step, we choose income and working hours from the observed distributions of four sub-
populations of individuals distinguished by gender and work intensity (part-/full-time). More specifi-
cally, we separate each the observed working hours and incomes in different classes and compute the 
fraction of individuals observed in each class. Although the principle is similar for both variables, the 
procedure itself is slightly different. We start with working hours which is a discontinuous variable 
with some values observed more frequently than others (e.g. 38, 40, 45, 50). Thus, first, we determine 
who works exactly 10, 15, 20, 30, 35, 38, 40, 45, 50, 55, 60, 65, 70, 80 or 90 hours. These represent different 
classes, each including the observed fraction of individuals. Individuals whose working hours are out-
side of these main classes are split between classes 0 and. The class 0 includes those with less than 40 
working hours, while the class 1 has individuals with more than 40 working hours1 (hours distribution 
within these two classes is more uniform, see “remaining working hours” in Graph A5). All the classes 
are determined by gender and work intensity. In the Nowcasting model, working hours are simulated 
only for new self-employed and those who were already self-employed, keep the same working hours 
as in the previous period. The number of working hours for new self-employed is simulated according 
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to the observed fractions in each class (given the distribution of working hours reported from the pre-
vious period for those who remain self-employed). Individuals with simulated class 0 (or 1) are assigned 
a random number of working hours between 1 and 39 (41 and 99).  

 

Regarding self-employment income, we first compute hourly income and determine the observed frac-
tions of individuals with positive, negative and zero hourly income by gender. Those with positive and 
negative hourly incomes are then divided into classes of €5. The observed hourly income distribution 
is displayed in Graph A6, by gender and year. Around 20% of women have €0 hourly income, while 
this percentage is much lower for men, less than 7%. The observed fractions in each class are then used 
in the Nowcasting model to simulate hourly income. More precisely, we first choose randomly who will 
have negative, zero and positive income using the observed fractions. Individuals with non-zero income 
are then attributed a €5-class randomly according to the observed fractions in each class. The resulting 
simulated income is then increased by a random number from a uniform distribution on ]0;5[. Unlike 
working hours, self-employment income is simulated for all the self-employed (new and those who 
were already self-employed in the previous period) because of its more unpredictable nature. 

 

 

 

 

 

Graph A5  Weekly working hours distribution by gender and part-time indicator (whole period 2004-2013) 
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Graph A6  Hourly income distribution by gender and year
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9.4.4. Pensions 

– Input dataset: ‘…\nowcasting\SILC\results\long_estim_2years.dta’ generated in ‘Nowcasting 
_4_createlongitudinal_SILC.do’ 

– Program: ‘Nowcasting_6_estimate_earnings_hours.do’ 

– Output results: ‘Nowcasting_Long_income_pensions.log’ 

a. Estimation sample 

Here again incomes are transferred from wave t+1 to the wave t, which results in a removal of the last 
wave. The remaining sample selection is as follows: 

– Being retired (workstate = 9) or other inactive aged at least 65 (workstate = 10 and age >= 65) 

– Retirement pensions should be non-missing (but can be null) 

– Being aged 60-69 

– Education and experience should be non-missing 

– Keep only observations with known pension scheme (wage earner, civil servant or self-employed) 

– Drop married persons whose spouse is present but spouse’s income is missing 

b. Methodology 

Many retired couples in wage earners or self-employed schemes benefit from the household pension 
supplement which is paid to the spouse with the highest pension (if the supplement is more generous 
than the lowest pension). If the spouse with the lowest pension is in civil servants’ scheme, then the 
supplement is reduced by the amount of this pension. Otherwise, the spouse with the lowest pension 
gets 0. Women are generally the ones with lowest accumulated pension benefits and are more frequently 
observed to give up their pension in favour of more generous household pension supplement. Therefore, 
the methodology consists in two steps: we first determine whose pension will be simulated and then 
the amount of pension. 

Thus, first we estimate the probability to have zero retirement pension, for married women not in civil 
servant scheme. As compared to women, almost all married men have positive retirement pension. We 
thus assume that for men the probability of having zero amount of pension benefits is 0. The estimated 
probability for women is used in the Nowcasting model to select, through alignment, married women 
whose pension benefits will be set to 0 (women with highest estimated probability are selected).33 The 
probability of having zero retirement pension is estimated through the following model (where indi-
vidual i and time t subscripts are omitted for simplicity) 

𝑃𝑟𝑜𝑏(𝑦 = 1 |𝑋) = 𝐺(𝑋𝛽) 

where 𝐺(𝑋𝛽) is a logistic function. The model is estimated with standard errors clustered at the indi-
vidual level. 𝑋𝛽  represents a set of exogenous covariates that are year dummies, (second degree) 

                                                           
33  Alignment represents the fraction observed in the cross-sectional wave 2014 
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polynomial in woman’s and her husband’s age and experience, dummy for retired husband and dum-
mies for husband being in wage earners and self-employed schemes (civil servants’ scheme is defined 
as reference category). 

In a second step, we estimate retirement pension for 5 different groups of individuals (all with strictly 
positive pensions): 

– Civil servants 

– Non-married wage earners and self-employed 

– Married wage earners and self-employed whose spouse receives pension in civil servants’ scheme 

– Married wage earners and self-employed whose spouse has no income (we assume that those per-
sons receive pension at the household rate) 

– Married wage earners and self-employed whose spouse either receives pension but not in civil serv-
ants’ scheme or does not receive pension but has other income (we assume that those persons receive 
pension at the single rate). 

The equations are estimated by OLS with retirement pensions expressed in logarithm. One of the key 
factors that explains the amount of retirement pension is the number of years on employment or on 
replacement income. SILC data contains 2 variables that could approximate this indicator and be taken 
as explicative variable: work experience and the age at which a person began his first regular job. The 
latter can be used to compute the total number of years on employment or on replacement income, 
assuming that the person was in work or received a replacement income since he began his first regular 
job. In that case, we just take the difference between the current age (limited to 65 for those aged +65) 
and the age of the first regular job. However, (the polynomial of) this variable appears not statistically 
significant in most of the equations. If instead we take work experience, it is highly significant. We keep 
the latter as proxy to the number of years that determine the pension amount. Overall, the estimated 
equations include all or a subset of the following explicative variables: year dummies, level of education, 
dummies for being born in a foreign country and having foreign citizenship, (second degree polynomial 
in) experience, gender, marital status, husband’s level of education and experience, dummy for self-
employed, dummy for being aged at least 65 and age. The equations may also include cross-products 
of some of the listed variables. 

9.4.5. Estimates used in the taxation module 

– Input dataset: ‘…\nowcasting\SILC\results\Inputdata_Nowcasting.dta’ generated in ‘Nowcasting 
_3_startdata_SILC.do’ 

– Program: ‘Nowcasting_9_estimate_tax_difference.do’ 

– Output results: ‘Nowcasting_Cross_net_correction.log’ 

The estimations are used for two purposes. First, the taxation module implemented in the Nowcasting 
model generates simulated net incomes that are in average substantially lower than the observed net 
incomes. This results in overestimation of the simulated average income tax and social security contri-
butions. To address this issue, we estimate the difference between the observed and simulated net 
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amounts for the same period. This allows to adjust net incomes simulated for the next periods so that 
they are close to the incomes that would be observed in the future SILC waves. Second, the observed 
data includes information on tax supplement that individuals paid or received the same year for the 
incomes from t-2. This tax supplement is included in the computation of the equivalised disposable 
income and thus, needs to be simulated. Therefore, we estimate a regression model where the amount 
of tax supplement is taken as dependent variable. 

a. Estimation sample 

The sample is drawn from 2014 cross-sectional wave which is merged with net incomes simulated by 
the Nowcasting model for the same year. Before we proceed with sample selection, we compute gross 
total observed, as well as net total observed and simulated individual incomes that include all individ-
ual sources of income except social assistance.34  

Estimating the adjustment of net incomes 

The sample is limited to individuals who have positive amounts for the three computed incomes. We 
also exclude individuals with missing labour market state as it will be used as one of the explicative 
variables in the estimations. 

Estimating tax supplement 

Here we take individuals aged at least 18 and remove those with missing labour market state. 

b. Methodology 

Estimating the adjustment of net incomes 

Many individuals are observed with gross incomes equal to their net counterparts. Those are mostly 
(but not always) low incomes. Thus, in a first step we estimate the probability of having gross income 
higher than net income for men and women separately (individual i subscript is omitted for simplicity):  

𝑃𝑟𝑜𝑏(𝑦 = 1 |𝑋) = 𝐺(𝑋𝛽) 

where 𝐺(𝑋𝛽) is a logistic function and 𝑦 takes value of 1 if gross income is higher than net income. 𝑋𝛽 
represents a set of covariates that include all or subset of variables (depending on the subsample of men 
or women): (second degree) polynomial in age, dummy for married or legally cohabiting, dummies for 
labour market states, logarithm of gross income, cross-product of labour market state dummies with 
logarithm of gross income, dummy for partner with positive gross income, logarithm of partner’s gross 
income, level of education, dummies for being born in a foreign country and having foreign citizenship 
and dummies for 1, 2 or +3 children aged 0-17 within the household. In the Nowcasting model, individ-
uals with highest predicted probability are selected through alignment (using proportions that are ob-
served in the 2014 cross-sectional wave). 

                                                           
34  Social assistance is exempt from income tax and social contributions. 
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In a second step, we estimate the difference between the observed and simulated net incomes (expressed 
in thousands) using OLS method. The estimates are obtained for men and women separately, with the 
following explicative variables specified for both subsamples: (third degree) polynomial for age, 
dummy for married or legally cohabiting, dummies for labour market states, logarithm of gross income, 
cross-product of labour market state dummies with logarithm of gross income, dummy for partner with 
positive gross income, logarithm of partner’s gross income, dummies for being born in a foreign country 
and having foreign citizenship and dummies for 1, 2 or +3 children aged 0-17 within the household. 

Estimating tax supplement 

Tax supplement is reported in 60% of the cases. Thus, we first need to determine who will get simulated 
tax supplement. We do this by estimating the following model for men and women separately (individ-
ual i subscript is omitted for simplicity):  

𝑃𝑟𝑜𝑏(𝑦 = 1 |𝑋) = 𝐺(𝑋𝛽) 

where 𝐺(𝑋𝛽) is a logistic function and 𝑦 takes value of 1 for non-zero reported tax supplement. 𝑋𝛽 rep-
resents a set of covariates that are: (third degree) polynomial for age, dummy for married or legally 
cohabiting, dummies for labour market states, dummy for partner with positive gross income, (second 
degree) polynomial for person’s and her partner’s incomes (expressed in thousands), level of education, 
dummies for being born in a foreign country and having foreign citizenship and dummies for 1, 2 or +3 
children aged 0-17 within the household. In the Nowcasting model we use again the predicted proba-
bilities and alignment (using proportions that are observed in the 2014 cross-sectional wave) to select 
those who will get simulated tax supplement. 

Second, we estimate tax supplement through OLS method, by gender, with tax supplement expressed 
in thousands. The specified covariates are the same as in the logistic function that predicts the probabil-
ity of having non-zero tax supplement.  

9.5. Appendix 5: Exogeneity test 

Use ivreg2 command with endog(specify variable to test) to perform the endogeneity test. The hypothesis 
we test is (i.e. under the null) whether the specified variable can be treated as exogenous. A rejection of 
the null means that the variables should be treated as endogenous. Example: in a regression of hours on 
earnings (+ other exogenous variables) we would like to test whether earnings can be treated as exoge-
nous. We thus add the option endog(earnings) to the hours equation estimated using ivreg2. A statisti-
cally significant statistic tells us that we should treat earnings as exogenous. 

 Example: ivreg2 hours exogvars (lnearny = instruments), endog(lnearny) 

Overidentification test:  

ivreg2 reports this test automatically (see Hansen J statistic reported after the regression). ‘The joint null 
hypothesis is that the instruments are valid instruments, i.e., uncorrelated with the error term, and that 
the excluded instruments are correctly excluded from the estimated equation… A rejection casts doubt 
on the validity of the instruments’ (from help for ivreg2 in Stata). 
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9.6. Appendix 6: Results of logistic regression of severe material deprivation 
EU-SILC 2004-2014, Belgium 

 Head aged < 60 Head aged ≥60
Head age 0.0846 -0.0822
Head age square -0.0012 0.0003
AROP (base: No)  

Yes 1.1361 0.5572
Gender head (base: Female)  

Male -0.2009 -0.0510
AROP and Head Male 0.2234 0.2455
Basic Activity Status Head (base: Working)  

Unemployed 1.4847 1.3450
(Early) retired -0.5199 0.6869
Other inactive 1.1929 1.3897

Region (base: Brussels)  
Flanders -1.2697 -2.4937
Wallonia -0.4053 -0.9975

Unemployed and Flanders 0.2146 1.4196
Unemployed and Wallonia 0.0512 0.3875
(Early) retired and Flanders 0.4013 0.6580
(Early) retired and Wallonia 0.8959 0.3567
Other inactive and Flanders 0.0657 1.0082
Other inactive and Wallonia 0.2493 -0.0543
Unemployed and AROP -0.1775 -0.3231
(Early) retired and AROP 0.3591 0.2988
Other inactive and AROP -0.0137 0.1692
Very Low Work Intensity (VLWI) (Base: No)  

Yes 1.2295  
Unemployed and VLWI -0.7661  
(Early) retired and VLWI -0.3269  
Other inactive and VLWI -0.3725  
Male and LWI 0.0614  
Number of Children in the household (base: None)  

One -0.1312  
Two -0.2557  
Three 0.0656  
At least four 0.0447  

Adults other than head or spouse present in the household (base: No)  
Yes 0.2327 0.5469

One child and other adult 0.2602  
Two children and other adult 0.6815  
Three children and other adult 0.5184  
At least four children and other adult 0.3887  
Other adult and VLWI -0.5781  
Other adult and AROP 0.1534 -0.2081
Flanders and AROP 0.1804 0.1437
Wallonie and AROP -0.0196 0.2270
AROP and VLWI -0.4569  
Head of household has a partner (base: No)  

Yes -0.2472 -1.4333
Head has a partner and AROP 0.1040 0.4488
Head has a partner and VLWI 0.0862  
At least one person other than the head of the household works (base: No)  

Yes -0.5598 -1.0345
One person works and VLWI 0.5319  
One person works and head has a partner -0.4967 0.4513
Other adult and head has a partner -0.0974 0.5529
Flanders and head has a partner -0.3025 -0.5382
Wallonia and head has a partner -0.3243 -0.5237
Trend -0.0717 -0.0131
Trend square  0.0085 -0.0028
Trend cube -0.0004  
Intercept -3.4471 1.8969
Observations 36992 22635
LR Χ2(degrees of freedom) 5151130.50 (50) 1114466.87 (32)
Pseudo R2 0.3146 0.1885
All covariates are statistically significant at the 1% level. Trend is expressed as 2005 ≤ year ≤ 2014. Trend is expressed as 2005 ≤ year ≤ 2014. 


