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Summary

This dissertation reviews the evolving landscape regarding poverty and the tools to address
it in Italy during the period of deep economic crisis following the global Great Recession
of 2007/2008. The three core chapters of this dissertation investigate how pre-existing ge-
ographical inequalities shape the evolution of poverty-related aspects, affect the policy re-
sponses enacted to contrast them and impact the political consequences of such policies.
The novelty of this work lies in providing an account of these recent developments at an
unprecedented level of geographical detail. Each chapter looks at a different regional and
local aspect related to poverty and social exclusion, through the application of statistical
and econometrics models to a mix of survey and administrative data. Chapter 1 introduces
the topic by briefly reviewing the evolution of poverty studies in Italy and putting recent
macroeconomic dynamics into context. It highlights the relevance of local-level analyses in
a global setting of rising regional inequalities as well as discusses some of the challenges this
type of approach faces in relation to the sources of data available. Through the lenses of
economic geography and industrial change, Chapter 2 analyzes how the phenomenon of in-
work poverty has evolved in Italy in the period between 2008 and 2017 and explores the links
between the rise of low-pay work and processes of de-industrialisation and local shifts in sec-
toral employment. From there, we move towards an analysis of the political economy with
a focus on policy and politics. Chapter 3 provides, to the best of our knowledge, the first
targeting assessment at the small-area level of the most extensive anti-poverty program ever
introduced in the country, the Citizen Income (RdC). Chapter 4 looks at the political con-
sequences of the introduction of the RdC by assessing its impact on the electoral outcomes
of the Five Star Movement (M5S), the political party which introduced the program.

The chapters provide the following key insights. First, while the incidence of low pay
and in-work poverty increased significantly across the whole country, a local area analysis
highlights how a decade characterised by deep economic recession and slow recovery has
contributed to widening the country’s north-south dualism in relation to the phenomenon
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CHAPTER 0. SUMMARY 14

of low pay. Second, we show that this process is linked to specific shifts in the local in-
dustrial composition and in particular to the process of de-industrialisation. Third, such
regional and local disparities are reflected in the strong geographical heterogeneity of the
targeting performance of the RdC, the anti-poverty policy rolled out across the country in
2019. Fourth, in a context of increasing political polarization on the issue of poverty, features
(and flaws) inherent to the design and implementation of the RdC policy directly affected
the political consequences of the measure. Initially, the measure was met with widespread
disappointment by its beneficiaries, who gradually rallied behind the incumbent under the
threat that the main opposition party might suspend the program.

These findings have implications for both academic literature and policy-making. We
provide novel evidence of the geographical distribution of in-work poverty across non-administrative
small area boundaries and explore its link with sectoral employment dynamics amidst a con-
text of de-industrialisation. Moreover, in providing the very first assessment of the targeting
of the most ambitious social welfare program yet to be introduced in Italy, the analysis pro-
vides tangible suggestions on how the policy could be improved to ensure it reaches a wider
cohort of households living in poverty. Lastly, this work represents a one-of-a-kind case study
to understand the political consequences of government cash transfers in the context of a
highly partisan measure implemented by a populist government. Together, these findings
contribute robust quantitative evidence to the expanding body of literature concerned with
studying how poverty became a persistent scourge in Italian society.

Keywords: Poverty, social statistics, small area analysis, in-work poverty, targeting, political
economy.



Chapter 1

Introduction

The very first attempt at measuring the phenomenon of poverty dates back to 1893 when
the British merchant Charles Booth published the 17-volumes Life and Labour of the people
in London. More broadly, the field of poverty studies emerged in the late 19th century in
response to the vast and increasingly visible disparities of industrial capitalism in Western
Europe and the United States (O’Connor, 2016). In Italy, however, the issue has long re-
mained neglected from both the public discourse and academic focus. With the exception
of a short-lived parliamentary commission established in 1951, the phenomenon of poverty
was essentially ignored for the following 30 years(Saraceno and Benassi, 2020). The field
of poverty studies gradually developed in the late 1980s, driven by two factors. On the one
hand, slower economic growth, which later became prolonged stagnation, made evident the
structural social problems left unresolved by the post-World War II economic development.
On the other hand, the remarkable progress in theoretical elaboration and the availability
of new sources of microeconomic data have greatly stimulated research in the social sciences
(Brandolini, 2021).

It is within this context that the research work presented herewith is situated. Indeed,
the trend of slow economic growth which emerged in Italy in the early 1990s consolidated
further at the turn of the new millennium, where Italy took the role of the “new sick man of
Europe” (The Economist, 2005). In the years that followed, the country’s economy was one
of the hardest hit by the 2007/2008 financial crisis and subsequent sovereign debt crisis, and
one of the slowest in recovering from it before entering the Covid-19 pandemic phase. Dur-
ing the same period, national indicators pointing to poverty have steadily increased with no
signs of a reversal in trend at the point of writing. In this context, the issue not only became
the subject of interest of an increasing number of research publications, but it also rose to the
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forefront of public debate. In 2017 and 2019, for the first time in the country’s history, two
successive governments introduced large national programs aimed at tackling and reducing
poverty. In the context of political instability, characterising Italian politics, such interven-
tions soon became the subject of political polarization to the extent that poverty and the tools
to contrast it featured as some of the most salient issues in the country’s two latest general
elections. At the same time, (1) the increasing availability of rich and detailed data sources,
(2) the development of increasingly robust statistical and econometrics methods and (3) ma-
ture conceptualisations of poverty and its nuances allow for the investigation of these phe-
nomena at unprecedented levels of detail. Among such conceptualisations, Saraceno et al.
(2022) provide a useful definition of a poverty regime as the specific combination of labour
market conditions, the balance between public and private (family) responsibility in offering
social protection and social and cultural norms around the labour division in households.
This work does not have the ambition of providing an exhaustive compendium of the phe-
nomenon of poverty in Italy and no overarching definition of poverty is adopted in this
work. Instead, various indicators related to socio-economic deprivation are presented and
discussed separately in each chapter. Building on the vast literature on labour economics,
regional industrial policy, poverty targeting and political economy, the research presented in
the following chapters touches upon most of the pillars of the poverty regime that charac-
terised the Italian context in the years between 2008 and 2019. In doing so, it focuses on how
dynamics related to poverty and social exclusion reflect some of the country’s characteristics
in relation to its socio-economic geographical tissue.

The remainder of Chapter 1 will provide a background of the main socio-economic
trends that characterised the period between 2008 and 2019, while discussing the relevance
of local-level analysis in the context of increasing regional inequalities and presenting the
state-of-the-art with regard to data availability in the context of poverty studies. Chapter 2
presents a small area-level analysis of the distribution of in-work poverty at the level of Local
Labour Systems. It then combines administrative data on local industrial composition to ex-
plore how the phenomenon of low-pay is linked with trends of de-industrialisation. Chapter
3 focuses on the recent introduction of Italy’s largest anti-poverty program, the Citizen’s In-
come or in Italian Reddito di Cittadinanza (RdC). By applying small area estimation models
to map the distribution of relative and absolute poverty at the level of the three degrees of
urbanisation in each of Italy’s 20 regions, it provides an assessment of the RdC targeting in
relation to the cohort of households in poverty. Chapter 4 focuses on the political accept-
ability of the same measure. Building on a panel data set of municipality-level election data,
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it studies the extent to which the introduction of the RdC impacted the electoral outcomes
of the Five Star Movement (M5S), the party that designed and introduced this exact policy.

1.1 Setting the scene - Italy’s economic decline

Italy’s economy has no doubt been one of the hardest hit by the financial and sovereign
debt crisis of the years 2008 and 2011 and to date, many of its macroeconomic indicators still
have to recover to the pre-crisis levels (DIPE, 2022). The reasons for such a severe down-
turn and slow recovery are likely to be found in the period of sluggish economic growth
the country experienced in the two decades predating the Great Recession. Since the 1990s,
the country entered a phase of creeping crises of stagnation and inflation, with a progressive
loss of ground in terms of competitiveness and per-capita income compared to other Euro-
pean economies (Manasse, 2013). At the turn of the new millennium, economists and com-
mentators referred to the country as the new “sick man of Europe” (The Economist, 2005).
Low productivity has been identified as the key driver for Italy’s stagnating economic per-
formance (Daveri et al., 2005) with total factor productivity (TFP) growth already stalling
starting as early as the 1970s. For years, however, the country’s economy, heavily relying
on manufacturing and particularly on labour-intense sectors such as textiles, furniture, ma-
chine tools, food-processing and white goods, leveraged monetary policy and currency de-
valuation as tools to maintain economic competitiveness. With the turn to the 1990s, two
main drivers seem to have accelerated the process of economic stagnation the country had
undertaken (D’ippoliti and Roncaglia, 2011). First, Italy’s adoption of the Euro meant mon-
etary policy and currency devaluation was no longer a policy option in the quest to main-
tain economic competitiveness. This was reflected in a generalised loss of competitiveness in
many industrial sectors further aggravated by increasing competition from Eastern Europe
and China. Second, with the aim of reducing historically higher than-regional-average un-
employment rates, the country pursued a series of reforms aimed at liberalising the labour
market. While the share of employment increased consistently throughout the 1990s and
the first years of the 2000s, especially among the female workforce, econometric evidence
suggests how the introduction of more flexibility in the labour market, especially in relation
to the ability of firms to hire workers on atypical work contracts, is linked to lower rates of
labour productivity growth (Lucidi and Kleinknecht, 2010). As a result of this period of
modest employment and productivity growth, Italy had in fact already entered a recession
before the global crisis of 2008. In seasonally adjusted terms, the decline in investment began
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in the last quarter of 2006 and that of exports in the first quarter of 2007, soon followed by
imports. Consumption (public and private) remained relatively constant throughout the
period. As a result, in the fourth quarter of 2007, Italy suffered a drop in seasonally adjusted
real GDP by 0.4% on a quarterly basis (corresponding to -1.6% on an annual basis) while the
Eurozone recorded the first drop in production only in the second trimester of 2008 (EU-
ROSTAT, 2022b), as shown in Figure 1.1, depicting GDP per capita and GDP growth over
time in Italy.

Figure 1.1: GDP per capita at 2010 constant prices (left panel) and GDP growth (right).
Source: own elaboration based on EUROSTAT and World Bank data.
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While Italian banks were less exposed to the global financial contagion of the 2008 sub-
prime mortgage crisis, the country nevertheless entered a period of recession as the result
of the overall global downturn. The Great Recession of 2008 was quickly followed by the
sovereign debt crisis which put Italy right in the eye of the storm. To quell investors’ fears and
financial turmoil, the country committed to a roadmap of tight fiscal policy measures aimed
at reducing the deficit to GDP ratio and overall public debt. As a result, public and private
investment fell from 3.2 to 2.3% and from 10 to 8% of GDP, respectively. In 2019, the index
of industrial production was 20 points lower than the 2000 benchmark year and showed
only slight trends of recovery from the 2008 slump (DIPE, 2022). The effect of such a severe
downturn and subsequent sluggish economic recovery is reflected in multiple other socio-
economic indicators. During the same period of observation, the share of Italian households
living in absolute poverty as measured by ISTAT reached the 6.4% of the total population in
the year 2019 from 4% in 2008 (ISTAT, 2022a). Similarly, unemployment close to doubled
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from 6.7% in 2008 to 10.5% in 2017 (EUROSTAT, 2021), while the share of workers hired
through temporary employment contracts rose from 13.3 to 15.4%. Both the unemployment
and the absolute poverty rate are shown below in Figure 1.2, showing national averages over
time as well as averages for the South, North and Center of Italy. Finally, average real wages
in Italy have actually decreased by approximately more than 1% since 2007, after accounting
for inflation (OECD.Stat, 2022).

Figure 1.2: Unemployment rate (left panel) and absolute poverty rate (right panel). Black
refers to the national average, purple refers to South, blue to North and red to Center.
Source: own elaboration based on ISTAT.
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It is important to notice how this first period of economic stagnation, and the subse-
quent downturn did not impact the country homogeneously. In a context of strong eco-
nomic dualism tracing back to the very formation of the modern Italian state, with North-
ern and Southern areas on different paths of industrial development, the economic setbacks
experienced in the last two decades affected the country’s macro areas differently. Given a
historically undersized private sector, the public sector always carried more economic weight
and relevance in the South than in the rest of the country. The Southern economy has thus
found itself particularly exposed over the past decade to the austerity measures imposed by
the sovereign debt crisis, which has resulted in declining employment in public administra-
tion and reduced public investment, on which many private sector activities also indirectly
depended (Torrini et al., 2022). As a result, the ratio between the per capita GDP of the
South with that of the Center-North dropped from 58% in 2008 to 55% in 2019 (De Philip-
pis et al., 2022), while the rate of unemployment in the South raised from 11 to 15% in the



CHAPTER 1. INTRODUCTION 20

period 2008-2019, with a peak of 21% in 2014. The impact of these macro-economics trends
has been reflected in the living standards of households. The gap in the share of households
living in absolute poverty between the country’s macro areas went from only 1.5 p.p. in 2007
(4.5% in the South via-à-vis 3% in the North and Centre) to 4.5 p.p. in 2018, with an over-
all incidence in the South almost twice as large as in the other areas of the country (ISTAT,
2022a).

1.2 Local level analysis and geographical inequalities

Amidst a backdrop of increasing geographical inequality and the presence of strong eco-
nomic dualism, the regional and local analyses assume important relevance. This not only
applies to the Italian context but is extendable, as a minimum, to most industrialised soci-
eties in which processes of de-industrialisation set forth a trend of widening regional divides.
The diffusive processes of economic development which characterised the post-World War
II period have in fact weakened in the last three to four decades and the gap between pe-
ripheral regions and areas boasting urban centres capable of developing strong agglomer-
ation economies widened (Barca et al., 2012; Gräbner and Hafele, 2020). This is a process
driven by structural economic changes and by the development of advanced service activities,
most frequently located in urban areas, which have replaced industrial production, affected
by pervasive automation processes or relocated to countries characterized by lower labour
costs, with lower knowledge content (Benito and Ezcurra, 2005). In this context of rising
regional inequality, to capture and describe this trend at an ever-more granular level of geo-
graphical details is not only necessary to establish a nuanced and accurate description of the
socio-economic reality, but it provides the evidence basis for targeted public policy interven-
tions. Without pragmatic ‘place-sensitive development approaches’ (Iammarino et al., 2019),
indeed, dynamics of geographical inequalities have proven to lead to increasing divergence
and so-called ‘spatial traps’. In a study of 283 regions across 32 European countries, Pinheiro
et al. (2022) unveil how the process of economic diversification and complexity spurred by
innovation leads only the most economically advanced regions to diversify into highly com-
plex activities while lagging regions focus on low value-added activities, creating a spatial
inequality feedback loop. The implications of these dynamics extend well beyond economic
indicators to encompass all aspects of society. In particular, the recent rise of populist po-
litical forces and leaders across Western democracies, including Italy, and events such as the
Brexit referendum shifted public attention over the ‘geography of discontent’ (see, e.g., Mc-
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Cann, 2020; Dijkstra et al., 2020; Rodríguez-Pose, 2018). This paradigm highlighted how
voters from ‘left behind’ areas expressed their discontent through the support of candidates
explicitly running on anti-establishment platforms (see, for instance, Colantone et al., 2021,
on the impact of trade exposure). Such discontent reflects voters’ experiences of relative eco-
nomic decline, reinforced by stagnating real wages and austerity policies introduced since
the global financial crisis of 2008 (MacKinnon et al., 2022). In this context, social science
research focusing on the geospatial dynamics of socio-economic phenomena assumes fur-
ther relevance. A distributional approach at the regional and local level not only provides
evidence for how interventions should be targeted but can also lay the ground for assessing
the public acceptability of such interventions, a crucial aspect in the attempt of reducing ge-
ographical inequalities. In doing so, it is important to consider how the dynamics described
so far often unravel well beyond traditional administrative boundaries, making the choice
of the unit of analysis a crucial aspect (Isserman et al., 1987). Administrative boundaries,
indeed, are typically established via a top-down approach, with the primary aim to establish
the perimeters within which sub-national institutions exercise their remit. Though in some
cases this process typically takes into account the structure of the social and economic real-
ities, it is slow to adapt to how such realities evolve (Casado-Díaz et al., 2011). Relying on
administrative boundaries to capture the geographical distribution of socio-economic phe-
nomena, therefore, can result in misrepresentation, especially when such boundaries con-
tain highly heterogeneous realities (ISTAT, 2014). The availability of detailed geo-spatial
information has, in recent years, given rise to the production of non-administrative bound-
aries and typologies or so-called functional regions (Karlsson and Olsson, 2006). Contrary
to the notion of administrative geographies, these units result from the spontaneous organi-
sation of the actions of socio-economic subjects and thus better approximate the perimeters
of networks, exchanges and flows that characterize place (Farmer and Fotheringham, 2011).
In the context of this research, for example, metrics of poverty and social exclusions will be
produced at geographical units capturing the local degree of urbanization (thus based on
population density) or the local labour market structure, based on commuter flows. This
approach to human geography has the potential to portray a picture that is often different
from that described by traditional administrative subdivisions.
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1.3 Poverty analysis in the era of big data

The granular geospatial analysis of poverty and social phenomena hinges upon the availabil-
ity of accurate and vast data on the living conditions of the local population. In the era of the
“data revolution” (Einav and Levin, 2014a), this aspect can often be taken for granted, but
in the quantitative study of social phenomena, it continues to represent a key hurdle, with
this research being no exception. As previously discussed, the availability of new sources
of microdata played a critical role in the development of the field of poverty analysis in the
Italian context (Brandolini, 2021). While the Italian National Statistics Office (ISTAT) and
the Central Bank had been collecting household surveys on consumption and income since
the 1960s, it is under the initiative of the European Commission in the 1990s and 2000s that
the production of large-scale micro-economic data for poverty analysis took a different turn
(Jenkins, 2020). In 1995, the third European Community Poverty Action Program set, as
its third main objective, the development of a statistical monitoring system (CEE (Com-
mission of the European Communities), 1995). Under the aegis of EUROSTAT, a stan-
dardised “at risk of poverty measure” was introduced and, for the first time, individual- and
household-level data, instead of tabulations by expenditure classes, formed the basis for its
estimation (Hagenaars et al., 1994). This was possible following the launch of a harmonised
European survey, the European Community Household Panel (ECHP), in 2004 replaced
by the European Statistics on Income and Living Conditions (EU-SILC). The ECHP, con-
ducted from 1994 to 2001, was the first detailed household income survey carried out by
ISTAT and together with the Household Budget Survey, which replaced the Household
Consumption Survey in 2009, has formed the basis for research on poverty studies over the
last three decades. While maintaining a key role in the research and production of poverty
statistics, these data sources present some inherent drawbacks. Firstly the complexity of the
process of data collection and quality assurance means the reference period captured by the
data pre-dates the publication schedule by almost two years, meaning the surveys become
available with an inherent lag. Secondly, due to time constraints and financial limitations,
the survey samples are designed to be representative at the national or macro area levels at
best.

We are therefore some way off the promise of granular and near real-time household data
that some thought the expansion of big data - here intended as the large amount of infor-
mation generated by all sorts of digital human interactions - would make available. Overall,
the use of big data in social science and public policy research remains limited (El-Taliawi
et al., 2021) and some of the main concerns raised in the past about the application of these
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data sources in this field (White and Breckenridge, 2014) are still valid today. While provid-
ing information on many aspects of human interactions which was previously uncodified,
indeed, there remain concerns about the quality of big data, which often results difficult to
verify (Pratesi, 2017). Furthermore, big data are often collected from a self-selected group of
individuals who are more likely to engage with technology or participate in online activities
and can therefore lead to selection bias, undermining the generalizability of findings. This
concern is especially valid in the field of poverty studies, where the population of interest
is more likely to be systematically excluded from this type of digital interaction due to their
socio-economic conditions. As a result, big data may not be representative of the entire pop-
ulation, and may only capture a limited scope of behaviours or experiences. However, if we
expand the definition of big data beyond the type of information generated in the context
of human interaction with digital services typically provided by private sectors actors, such
as social media platforms, e-commerce or geo-localisation services, and we include, for exam-
ple, publicly owned administrative data, then the disruptive potential of this data source in
the social science research field remains vast (Connelly et al., 2016).

Administrative data refer to data that are collected and used for administrative purposes,
such as by government agencies or other organizations, e.g., tax records, health care claims,
educational records, and criminal justice data. Unlike traditional surveys, administrative
data are usually based on larger samples allowing for analysis at more granular geograph-
ical levels, and, depending on the purpose for which is collected, it can be considered as
representative of the entire population of interest (Meyer et al., 2015). Administrative data
are often available in longitudinal format, making it particularly useful for studying changes
over time, tracking the effects of public interventions, and making causal claims. The infor-
mation collected is often verified by public officials with standardised procedures in order to
minimize fraud and error in public service provision and this reduces the likelihood of er-
rors or biases in the data. Finally, administrative data are often already collected and stored by
government agencies or other organizations, which can reduce the costs of data collection
and processing for researchers. In the last decade, National Statistics Offices and Govern-
ment Agencies have increasingly relied on the use of administrative records for both research
and operational purposes. In particular, great emphasis has been given to the integration of
different administrative data sources as well as traditional surveys (Einav and Levin, 2014b).
This approach not only augments the granularity of the data, but it improves their quality
and allows to measure it. It also expands the information capacity of the data obtained by
integrating different subject areas (individuals, households, economic units, and territory)
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through an integration that is not only physical but also conceptual.
In the Italian context, for example, in 2017, the first prototype of the Integrated Sys-

tem of Registers (SIR) was launched by ISTAT, as the basic infrastructure underpinning
the new statistical information production model. The system aims to integrate data derived
from administrative records, statistical surveys and new sources and ensure unified manage-
ment of different themes (e.g., social, environmental or economic statistics) on the basis of
a conceptual and physical integration between different statistical units (ISTAT, 2022b). In
this framework, ISTAT reported that the direct collection of data from households, eco-
nomic units and institutions within the National Statistical System between 2013 and 2019
decreased by 17.6% while the use of administrative sources increased by 33.5% (Alleva, 2018).
Yet, despite this trend, access to administrative microdata for social science researchers re-
mains limited due to confidentiality concerns, technical barriers and, in certain cases, bu-
reaucratic hurdles. Frequently, as in the case of the research presented herewith, administra-
tive records are made available exclusively at the aggregate level limiting the potential of the
analysis. The finding of this work, for example, is based on the combination of traditional
household surveys and administrative records. In particular, EUSILC and HBS surveys are
the main sources of information to derive poverty indicators, complemented by a set of ad-
ministrative registers related to tax returns, companies and enterprises registers, data on ben-
eficiaries of public welfare programs, and voting data. The availability of these sources at the
aggregate level dictated the choices of the estimation models employed in the analysis and
determined the insight of the findings. Access to administrative microdata would have no
doubt increased the relevance of the analysis. To conclude, therefore, as statistical systems
are adapting to integrate administrative data as the main source of official statistics, so should
new frameworks for granting secure access to this information to researchers in its microdata
format.



Chapter 2

In-work poverty and sectoral
employment. An analysis of local
dynamics

Abstract: In-work poverty has risen to become a key feature of European societies over the
course of the last decades. In 2017, the percentage of the working population at risk of low
pay in Italy reached an estimated 25%. Yet, due to data limitations, few studies have analysed
the local distribution of this phenomenon at the sub-regional level and have attempted to
study the macro-determinant factors associated with its rise. By applying Small Area Esti-
mates (SAE) to EU-SILC data we obtain a novel map of the geographical distribution of
in-work poverty in Italy, defined as the share of workers at risk of low pay (AROLP), for
the period between 2008 and 2017. The unit of analysis of Local Labour System areas, a
non-administrative geographical unit based on commuter flows, highlights the deepening
of Italian dualism between Northern and Southern areas, which overwhelmingly reported
the largest increases in AROLP rates, as well as rising within-region wage inequality. By
matching the small area estimates for AROLP with data on local sectoral employment com-
position and other employment indicators, we study how dynamics of growth and decline in
specific sectors are associated with trends of in-work poverty, in relation to the process of de-
industrialisation. By means of a panel fixed effect regression model, we observe that growth
in low-skill and low-productivity sectors such as agriculture and commerce are associated
with increases in AROLP incidence. On the contrary trends of low pay are negatively as-
sociated with the growth of manufacturing jobs, admin and support services to enterprises,
and technical and scientific professions. In addition, variations in overall employment rep-

25



CHAPTER 2. IN-WORK POVERTY 26

resent the strongest predictor for dynamics of low-pay incidence. The analysis reveals trends
at odds with the literature on sectoral employment and wages in relation to the sectors of
hospitality and health and social care. Driven by areas in southern regions, the growth of
these sectors in Italy is associated with lower levels of low-pay incidence.

2.1 Introduction

A key feature of modern poverty regimes across industrialised economies is the increasing
presence of individuals in employment among those identified as poor (Edmiston, 2022;
Saraceno and Benassi, 2020). The combination of structural changes related to processes of
de-industrialization as described in Section 1.2 and the shift towards workfare paradigms of
social security is commonly seen as the drivers behind this trend (Snel et al., 2008; Sawicky,
2002; Lohmann, 2008). As a result, over the course of the last decades, developed economies
witnessed a rise in in-work poverty, with Italy being no exception. An independent report
commissioned by the Italian Ministry of Labour has estimated that, in 2017, the percentage
of households considered at risk of low pay reached 25% of the working population, rising
from 18% in 2008 (Garnero et al., 2021). The reduction in unemployment that has taken
place in many European countries during the same period, following the economic crash of
2008, indeed, has not meant a substantial reduction in the phenomenon of poverty. This
is related, in part, to the emergence of a segment of the population that, while working, re-
ceives an income below the poverty line: the so-called working poor. The growth of in-work
poverty demonstrates that while employment can be an important route out of poverty, the
quality of jobs is critical in providing a sustainable exit from poverty (Tomlinson and Walker,
2010). Despite the rising prominence of the phenomenon and the increasing attention by
social scientists in the analysis of these trends, work poverty is a relatively recent emerging
topic in the literature on social policy and labour economics. As a result, studies focusing on
the issue have devoted little focus to the sub-national distribution of in-work poverty. The
origin of this gap in the literature is directly related to data availability, as most studies on in-
work poverty are based on national surveys. This type of survey is designed to provide reliable
indicators at the national or, at the most, regional level, but due to the limited samples, can
not be employed for more granular geographical analysis. Furthermore, detailed administra-
tive data not easily accessible is often required to obtain such local estimates. By capturing
the geographical heterogeneity, sub-national analyses not only may provide a more accurate
description of the phenomenon, but they would also allow us to explore its association with
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local determinants.
Furthermore, most studies to date have focused on evidence related to the microdeter-

minants of in-work poverty, identifying individual characteristics that negatively affect the
probability of accessing favourable labour market arrangements (e.g., young age and low
level of education) or characteristics and structure of the household (e.g., having a small
number of earners and a high number of dependent children)(Barbieri et al., 2018). Filan-
dri and Struffolino (2019) provides an important assessment of the macrodeterimants of in-
work poverty related to job market characteristics, but focuses exclusively on female work-
ers. Sissons et al. (2018) investigate the probability of households living in poverty based
on the employment sectors of household earners. They find that working in so-called low-
productivity sectors, such as hospitality and transportation increases the probability of living
in poverty. Their study, however, provides only a static picture of the link between sectoral
employment and low pay thus falling short of describing how the dynamics related to the
growth and decline of specific sectors are associated with the rise of in-work poverty. This
chapter tries to address these gaps in two ways. First, it applies Small Area Estimation meth-
ods to provide a reliable geographic breakdown of the phenomenon of in-work poverty in
Italy at a finer geographical level than provinces (NUTS3) and without access to administra-
tive micro-data on employment, describing how the phenomenon evolved over the period
between 2008 and 2017. Secondly, it explores how variations of in-work poverty at the local
level are associated with shifts in sectoral employment based on administrative registers of
economic activities. Sectors are a common way of dividing types of employment and are
characterised by very different conditions and average skill levels, aspects strictly related to
dynamics of low pay. In addition, they represent a useful unit of analysis for interpreting
results in light of sector-level projections about those parts of the economy set to grow and
those set to decline.

The units of analysis adopted hereby are the so-called Local Labour Systems (LLS) ar-
eas, 610 non-administrative geographical units whose boundaries are drawn by ISTAT based
on commuter flows. The very nature of this unit of observation, defined on the basis of lo-
cal employment characteristics and not on administrative boundaries, aptly fits the focus
of the analysis. As discussed in Section 1.2, non-administrative spatial units can help reveal
geographical trends often concealed by mapping based on traditional administrative bound-
aries. The first contribution of this research is to provide, to the best of our knowledge, the
first account of in-work poverty at the sub-regional level in Italy and beyond. Secondly, by
focusing on the growth and decline of economic sectors and their association with trends
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of low-pay incidence, it provides fresh evidence to the literature on the geography of de-
industrialisation and its impact on society. The results and conclusions drawn by our re-
search, therefore, provide novel evidence for researchers and policymakers alike on the ge-
ographical composition of the phenomenon of in-work poverty, while casting light on the
dynamics that link it with macroeconomic trends related to employment. The structure of
the paper is the following. Section 2.2 presents the key definitions for our analysis and back-
ground of the context and literature related to the phenomenon under study, Section 4.4
presents data used and some descriptive statistics. Section 4.4 hosts SAE models and results,
before discussing findings related to the sectoral employment correlation analysis in Section
2.5 and concluding in Section 4.7.

2.2 Definitions and background

2.2.1 At-risk-of-low pay

The literature provides two definitions of the working poor, which are analytically distinct
but empirically strictly related. The first definition, employed by EUROSTAT, considers the
working poor as those individuals who are in work and live in a household with income be-
low the poverty line. This definition thus combines the employment status of the individual
and the household (equivalent) income, which identifies the worker’s poverty status. The fo-
cus is not on individuals’ remunerations in the labour market but rather on total household
income, departing from the assumption of perfect pooling of resources within the house-
hold. While this assumption is usually adopted in distributional analyses to measure indi-
vidual economic well-being, a number of empirical studies have shown how theories of non-
unitary household behaviour more accurately reflect the decision-making dynamics over the
allocation of resources within a household (Duflo, 2003; Bennett, 2013). In these models,
decisions over the allocation of consumption are taken by negotiating partners whose bar-
gaining power depends on the resources they command when the relationship breaks down
(Lundberg and Pollak, 1996).

The second definition, and the one utilised in this research, considers working poor
those individuals whose earnings are below the 60% of median earnings. Also referred to
as at-risk-of-low-pay (AROLP), it is solely centred on the individual dimension with no ref-
erence to the household, and it identifies the working poor as low-paid workers. As a result,
earnings are the key mechanism behind workers’ economic circumstances. This definition
establishes a direct link between labour market characteristics and the phenomenon of in-



CHAPTER 2. IN-WORK POVERTY 29

work poverty, and better serves the purpose of the study exploring the link with shifts in
local sectoral employment. Such an approach, however, often overlooks the impact played
by low work intensity and by discontinuous employment on low wages (Filandri and Struf-
folino, 2019). For the purpose of this research, we expand this definition by considering
three different indicators of at-risk-of-low pay, based on hourly, weekly and annual earnings.
These indicators, combined together, incrementally capture those factors related to salary
structures and labour market dynamics which determine the incidence of low pay. A low-
pay indicator based exclusively on hourly earnings describes the phenomenon of low pay as
solely the result of low unit wages. The weekly earnings indicators add to the unitary wage
dimension the one related to work intensity. Finally, the annual wage definition adds the
dimension of discontinuous employment as the result of short-term temporary work con-
tracts and seasonality.

2.2.2 Background

As discussed in Chapter 1.1, the period of observation considered in this study, spanning
from the year 2008 to 2017, marked a phase of deep economic transformation for the Italian
economy. The effect of the Great Recession and subsequent sovereign debt crisis had severe
repercussions on the country’s employment levels, while at the same time accelerating the
process of de-industrialization and contraction of the Italian manufacturing sector which
had started a decade earlier. In this context, as previously mentioned, average real wages in
2017 were 1% lower than in 2020, a trend largely driven by lower nominal pay increases at the
bottom of the wage distribution resulting in increasing wage inequality.

No agreement exists among economists on the drivers behind the trend of wage stagna-
tion and rising wage inequality as recorded by industrialised economies over the course of
the last decades. While classic economic models were built on the assumption of a strong
link between labour productivity and compensations, a growing number of authors point
to the gap between growth in productivity and wages observed in the last four decades as ev-
idence of other factors determining wage levels (Bivens and Mishel, 2015; Schwellnus et al.,
2017). In particular, the decline in the share of the workforce represented by trade unions
(Lawrence, 2016; Machin, 2016) and public policy decisions around employment law and
the setting of a minimum wage are seen as the primary factors behind the wage-productivity
gap (Bivens et al., 2014). On the contrary, supporters of market solutions continue to argue
that the link between wages and productivity remains strong (Strain, 2019). Stansbury and
Summers (2018) provide substantial evidence of the linkage between productivity and com-
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pensation, whether this is measured as workers’ median and average wage or as compensation
among production workers. Lawrence (2016) demonstrates how the argument of the wage-
productivity gap is heavily sensitive to the way the two indicators are measured, with his
proposed approach showing similar trends in compensation and productivity. Whether the
result of sluggish productivity or low employment protection and trade union representa-
tion, empirical evidence highlights how the process of de-industrialisation, described as the
decline of the labour force employed in the manufacturing sector, is associated with stag-
nating wages at the bottom of the income distribution, wage inequality (David and Dorn,
2013) and in-work poverty (Cormier and Craypo, 2000). There is indeed increasing evidence
that the wage-productivity gap is higher in the service sector as compared to manufacturing
(Berlingieri et al., 2017), where the gains from productivity growth are transferred into wages
with a higher elasticity (Hirschman, 1958; Szirmai, 2012). The main drivers behind this trend
are identified in the lower presence of trade union members among service service sectors
workers (Coveri and Pianta, 2022) and the diffuse practice of atypical employment types
within these industries (Kaduk et al., 2019). Reduced wage-setting bargaining power and
higher recourse to outsourcing and discontinuous employment are indeed associated with
lower wages (Dube and Kaplan, 2010). As a results, a study of cross sector wage differential
in the United States found that manufacturing workers earn 13.0% more in hourly compen-
sation (wages and benefits) than comparable workers earn in the rest of the private sector
(Mishel, 2018). On the contrary, in the UK context, Sissons et al. (2018) finds a positive and
significant correlation between being employed in so-called low-productivity service sectors,
such as hospitality and transportation, and the probability of living in poverty.

2.3 Data and descriptive statistics

2.3.1 EU-SILC survey

Estimates for the at-risk-of-low pay indicator (AROLP) across all 610 local labour systems
(LLSs) are based on European Union Statistics on Income and Living Conditions (EU-
SILC) survey data collected in the years 2008, 2015, 2016 and 2017. The choice of the period
of observation is motivated by the unique macroeconomic conditions described in Section
2.2. Due to data availability limitations, however, it was not possible to obtain survey data
containing the required level of geographical detail for all the years between 2008 and 2017.
EU-SILC aims at collecting timely and comparable cross-sectional and longitudinal multidi-
mensional microdata on income, poverty, social exclusion and living conditions in Europe.
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In addition, it reports detailed information on respondents’ employment status, the num-
ber of weekly hours worked, the number of months worked within the reference year as well
as hourly, monthly and yearly wages. While it does not constitute an administrative data
source from tax returns or social security payments, it is routinely utilised by national statis-
tics offices (EUROSTAT, 2022a) for analyses related to low work intensity and by researchers
likewise for analysis on in-work poverty (Filandri and Struffolino, 2019).

For the sake of clarity, we present the findings of the analysis of EU-SILC data for the
years 2008 and 2017 only. The results for the 2015 and 2016 waves are part of the panel data
employed to explore the correlation with sectoral employment dynamics. Findings of the
SAE models for these years are reported in Appendix 2.B. The 2008 and 2017 waves of the
survey contain information on self-reported income for the years 2007 and 2016 with a total
of 18,0000 and 22,200 observations respectively. As reported in Table 2.1 and in line with the
findings of a recent study commissioned by the Italian Ministry of Labour (Garnero et al.,
2021), EU-SILC data show a significant increase in the overall phenomenon of low-pay at
the national level, which, if we consider the most expansive of definitions, reached almost a
quarter of all workers in the year 2017.

Table 2.1: National percentages of AROLP based on annual, weekly and hourly earnings.

Annual earnings Weekly earnings Hourly Earnings

EUSILC 2008 18.4% 16.6% 14.4%
EUSILC 2017 23.3% 22.6% 20.9%

EU-SILC has a two-stage sample design where strata are regions by type of municipal-
ity. The sampling structure of the EU-SILC survey, however, is constructed in a way that
estimates at lower-geographical levels than regions (NUTS2) can not rely on large enough
samples to be considered reliable. LLSs are unplanned domains that cut across sampling
strata and provincial (NUTS3) areas. LLSs are sub-regional geographical areas where the
bulk of the local labour force lives and works, and where employers can draw from in order
to fill in the majority of vacancies. In Italy, there are 610 distinct and functional areas defined
as clusters of municipalities through an allocation process based on commuting patterns col-
lected by the 2011 Population Census. Table 3.3.1 reports the distribution of the sample sizes
of the EU-SILC for the 610 LLSs considered in this analysis. As we can see, in both years the
minimum number of sampled households is equal to only one respondent household. As
a result ‘direct’ estimates - that is, estimates computed using only survey data and sampling
weights - at this level of analysis are likely to be accompanied by high level of uncertainty.
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Table 2.2: Sample size distribution of EU-SILC surveys across the 610 LLSs.

Min 1st Qu. Median 3rd Qu. Max Out of Samp

EU-SILC 2008 1.00 19.00 32.00 64.25 716.00 250
EU-SILC 2017 1.0 19.0 31.50 59.25 914.0 290

In this context, Statistics Canada (Wannell and Usalcas, 2012) provides guidelines for
publication related to the uncertainty of estimates: estimates with a Coefficient of Variation
(CV) less than 16.6% are considered reliable for general use; estimates with CVs between
16.6% and 33.3% should be accompanied by warnings to users; and estimates with coefficients
of variation larger than 33.3% are considered unreliable. Table 2.3 shows the number of areas
classified according to these three thresholds of the CV on the basis of the ‘direct’ estimates
for the years 2008 and 2017. As we can see, out of the 610 total areas of interest, the number
of areas with a CV in the second or third class of CV values is rather high for all indicators,
suggesting the need to resort to appropriate modelling techniques to reduce the estimates’
CVs.

Table 2.3: Coefficients of variation, out of sample units of ARLOP direct estimates based
on hourly, weekly and annual earnings for the EUSILC waves 2008 and 2017.

2008 <16.5% 16.5-33.3% >33.3% NA Out of sample
AROLPhourly 2 65 271 22 250
AROLPweekly 5 82 250 23 250
AROLPannual 5 89 246 20 250

2017
AROLPhourly 9 87 209 15 290
AROLPweekly 10 92 204 14 290
AROLPannual 10 99 198 13 290

The basic idea of Small Area Estimation (SAE) techniques is to introduce a statistical
model to exploit the relationship between the variable of interest and some covariates for
which population information is available in order to improve the precision of direct esti-
mates. We consider as auxiliary variables, a set of administrative covariates coming from the
Italian Ministry of Treasure Tax returns data referred to years 2008, 2015, 2016 and 2017 at the
municipality level. The variables employed in the models as auxiliary information are (i) the
percentage of taxpayers, (ii) the percentage of the population with estates (iii) the percent-
age of the population with yearly income below €10,000, (iv) the percentage of the popula-
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tion with yearly income between €10,000 and €15,000 (v) the percentage of the population
with yearly income between €15,000 and €26,000, (vi) the percentage of the population
with yearly income between €26,000 and €55,000 (vii) the average estate and the business
income.

2.3.2 ASIA registry and Cambridge Econometrics data

Finally, we rely on the ASIA registry collected by ISTAT to study the association between
sectoral employment dynamics and variations in low-pay incidence at the local level. The
registry consists of information on the nature and structure of economic units aggregated
by the NACE 1-digit taxonomy at LLS level. The register does not include economic ac-
tivities related to agriculture, forestry and fishing (NACE code “A”) and public sector and
non-market activities (NACE codes “O-U”). For these sectors, we rely on data from Cam-
bridge Econometrics collected at the NUTS3 level and subsequently assigned to each LLS
based on its population share within each NUTS3 area. To obtain a measure of the intensity
of local sectoral employment we divide the total number of workers in each NACE 1-digit
sector by the active population within each LLS. We then focus only on those sectors with
an average share of the employed active population of 2.5% or above, as reported in Table
2.4. As illustrated in Figure 2.1, Figure 2.2 and Figure 2.3, we observed considerable varia-
tions in the local employment make-up across sectors during the reference years 2007 and
2008. Sectors such as manufacturing and construction, for example, display a significant de-
crease in the overall share of employment of the local active population across all three main
geographical areas of the country. Other sectors, such as commerce, transport and logistics,
hospitality professions and technical activities, and rentals and support services display a less
clear trend with significant heterogeneity at the local level. Health care and social service and
non-market services are the only sector clearly displaying an increase. Employment, as previ-
ously described in Section 2.2, presents an overall decrease, with areas in the South showing
the sharpest drop. These findings are closely aligned with evidence on sectoral employment
trends during the same period in other European economies (Foster-McGregor et al., 2012).
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Table 2.4: Employment variables descriptive statistics

Mean SD Min Max

Manufacturing 0.175 0.103 .018 0.641
Constructions 0.081 0.018 0.021 0.184
Wholesale and retail trade 0.144 .025 .061 0.377
Transporting and storage 0.046 .020 .007 0.139
Hospitality 0.048 0.033 .008 0.889
Professional and technical activities 0.049 0.019 0.012 0.098
Administrative and support activities 0.043 0.023 0.001 0.109
Health and social care 0.026 0.009 0.004 0.078
Agriculture 0.042 0.037 0.004 0.173
Public sector 0.284 0.063 0.128 0.415
Payroll 0.507 0.038 0.280 0.687
Selfemployed 0.019 0.006 0.002 0.033

Notes: Number of observations 610, all variables expressed as share of active
population.
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Figure 2.1: Variations in the proportion of the workforce employed by sector at LLS level.
Sectors with >2% of local workforce only. In red are represented LLSs in the north of Italy,
in black LLSs in the centre of Italy, in green LLSs in the south of Italy. Black line represents
the 45° bisector.
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Figure 2.2: Variations in the proportion of the workforce employed by sector at LLS level.
Sectors with >2% of local workforce only. In red are represented LLSs in the north of Italy,
in black LLSs in the centre of Italy, in green LLSs in the south of Italy. Black line represents
the 45° bisector.
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Figure 2.3: Variations in the proportion of the workforce employed by sector at LLS level.
Sectors with >2% of local workforce only. In red are represented LLSs in the north of Italy,
in black LLSs in the centre of Italy, in green LLSs in the south of Italy. Black line represents
the 45° bisector.
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2.4 Small Area Estimates

2.4.1 Small Area Estimation models

In this section, we describe the methods employed for obtaining estimates at the LLS level
for the three indicators of at-risk-of-low pay described hitherto. For all three definitions,
our target indicators are the small area proportions. The application of SAE models aims
at increasing the precision of direct survey estimates through the use of the administrative
covariates at LLS level. In this application, we make use of the Fay and Herriot (FH) model
(Fay III and Herriot, 1979) with an arcsine-transformation of the direct estimates Casas-
Cordero Valencia et al. (2016), Burgard et al. (2015), and Schmid et al. (2017). The FH model
and its transformations are area-level models that link direct estimates to area-level covari-
ates, for the estimation of the ARLOP indicator. They are especially useful when access to
individual-level data is not available, as the auxiliary variables and the direct estimators only
need to be available on an aggregated level.

Arc-sine transformed Fay-Harriot model

The area level model proposed by Fay and Herriot (1979) (the FH model) links the direct
estimates obtained from survey observations with synthetic area level estimates obtained
through error-free covariates. The FH model is based on two stages. Let us assume that
there are m small areas of interest and that θi represents the population characteristic of in-
terest in area i, such as a mean, with i = 1, . . . ,m. The sampling model (first stage), links
the θi to their direct estimates θ̂directi provided by a survey as follows:

θ̂directi = θi + ei (2.1)

where ei ∼ N(0, σ2
ei), i = 1, . . . ,m are the independent design errors. The second

stage model relies on a set of known covariates xi for each area i as such:

θi = xt
iβ + zivi (2.2)

where β is the vector of model parameters, zi are known positive constants and vi ∼
N(0, σ2

u) are independent and identically distributed random area effects, with uj indepen-
dent from ei for all i and j. The combination of both models leads to an area-level linear
mixed model given by:
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θ̂directi = xT
i β + zivi + ei (2.3)

This model relates direct estimates to specific domain covariates, considering the random
area effects as independent. The target parameter is referred to as a composite estimate. Indi-
cators, such as the ARLOP considered in this paper, are expressed within an interval range of
[0,1]. FH models however offer no guarantee to provide estimates within such range. Trans-
forming the target parameter to approximate a normal distribution of the error terms for
a better fit of the model covariates has been done in multiple studies. Here we consider an
inverse sine transformation h(x) = sin−1(

√
x) as in Casas-Cordero Valencia et al. (2016),

Burgard et al. (2015), and Schmid et al. (2017). Hadam et al. (2020) propose a bias-corrected
back transformation which allows for the analytical solution for the estimates of MSE and
confidence intervals through parametric bootstrap. Following Jiang et al. (2001), the model

considers the variance for the transformed direct estimates (sin−1(

√
θ̂directi )) using the ef-

fective sample size ni, thus obtaining σ2
ei = 1/4ni.

Assuming the independence and normality of error terms and area random effects, the
model is specified as follows.

(sin−1(

√
θ̂directi )) = xT

i β + vi + ei, (2.4)

As described above, the parameters β and ui can be estimated, leading to the FH estima-
tor at the transformed level.

θFH
i = γi(sin

−1(

√
θ̂directi )) + (1− γi)x

T
i β̂, (2.5)

where γ̂i = σ̂2
v

σ̂2
v+σ2

ei
is defined as the shrinkage factor, assuming values in range [0, 1]. It,

therefore, assigns a weight to the indirect estimate θi and by definition assumes valuesγi = 0

for any out-of-sample area. The predictor θ̂FH
i is therefore a convex combination of a trans-

formation of the direct estimator θ̂Direct
i and the predicted value xT

i β̂ from the regression
model.
In order to obtain the target parameter, is, therefore, necessary to operate a back-transformation
of the FH estimates. Jensen et al. (1906) have demonstrated how the naive back-transformation
suffers from bias due to the nonlinearity of the transformation. Hadam et al. (2020) propose
a solution for correcting for this bias, using numeric integration and evaluating their results
against official administrative estimates of the target parameter.
While previous applications of this transformed FH model provided an analytical solution
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to the estimation of confidence intervals only (Casas-Cordero Valencia et al., 2016; Schmid
et al., 2017), Hadam et al. (2020) propose a novel approach for the estimation of the MSE.
The approach follows González-Manteiga et al. (2008) bootstrap procedure, by including
the bias-corrected back-transformed FH estimates.

Benchmarked Fay-Herriot estimators

The model presented above provides estimates for all 610 LLS on the Italian territory. How-
ever, the aggregated estimates at the national level can differ from the corresponding direct
estimator. According to the theory of small area estimation, the parameters β and σ2

v are
unknown and must be estimated while the σ2

ei are assumed to be known. The estimators of
the σ2

ei are often smoothed, and the smoothed estimators are treated as if they were the true
sampling variances (Rao and Molina, 2015).

Following Datta et al. (2011) we apply a benchmark approach to achieve internal consis-
tency with the direct estimator both at the nationa and regional level (regional benchmark
are obtained via direct estimates, as reported in Appendix 2.A) so that:

D∑
i=1

ξiθ̂
FH,bench
i = τ,

where ξi represents the share of the population size of each area over the total population
size (Ni/N). In our application, the EBLUP estimators are aggregated at the regional level
and then at the national level. The benchmarked FH estimator is defined by Datta et al.
(2011) as:

θ̂FH,bench
i = θ̂FH

i + (
D∑
i=1

ξ2i
ϕi

)−1(τ −
D∑
i=1

ξiθ̂
FH
i )

ξi
ϕi

There are several ways to define the weight ϕi. For both FH estimators proposed in the
previous sections, we use a naive approach where the weights are given by ϕi = ξi.

2.4.2 Results: SAE estimates at LLS level

Small area models are employed to improve the precision of direct estimates of the three
AROLP indicators from the EU-SILC waves considered in this study. To facilitate the read-
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ing of the paper, we report the results for the waves 2008 and 2017, which define our ob-
servation period. The maps and the CVs of the estimates for the other years are reported in
Figure 2.B.1, Figure 2.B.2 and Table 2.B.1 in Appendix 2.B. To assess gains in the accuracy
of our estimates we compare the coefficient of variations of arcsine transformed FH model
with those of the respective direct estimates.

In this analysis, the application of SAE methods brings considerable gains to the preci-
sion of estimates as illustrated in Table 3.5.1 compared to Table 2.3. The arcsine transformed
FH model brings almost all CV estimates below the 33.3% threshold for all indicators across
both years, with only three and four local LLS areas with a precision of estimates too low to
be considered reliable for estimates from the EUSILC 2017 wave. In addition, the p-values
of the Brown test for all six models reject the null hypothesis that FH and Direct estimates
are statistically different, evidence of the goodness of fit of the models.

The findings of the analysis at the LLS area level highlight a stark widening in the gap
between the North and the rest of the country with respect to the incidence of the phe-
nomenon of AROLP, as presented in Figure 2.4, Figure 2.5 and Figure 2.6. Areas in the re-
gions of Sardinia, Abruzzo, Sicily and Calabria show the highest increase in incidence with
increases of up to 31% as illustrated in Figure 2.7. On the contrary, 102 out of 123 areas which
recorded a decrease in AROLP incidence as per one of the three definitions considered so
far are located in Northern regions. A comparison of the estimates across the three defini-
tions of AROLP incidence highlights how once hourly earnings are considered, the regional
divide is somehow smaller. An analysis of variations by macro areas, indeed, indicates how
the hourly wage indicator follows a more homogeneous trend, with regions in the North
recording on average an increase of 4.1pp. against an 8.0pp increase among Southern re-
gions. This gap between North and South is significantly smaller than those recorded for
the annual and weekly earnings indicators, where we observe an increase of 2.0pp and 2.7pp
respectively in Northern regions and 9.1pp and 10.9pp in the South. These findings suggest
how low work intensity and discontinuous employment, as opposed to unit-wage disparity,
seem to be more strongly associated with the increasing geographical wage inequality across
Italy’s main geographical areas.

Considering the LLS as the main unit of analysis allows us to uncover important het-
erogeneity within bordering areas and areas located within the same regional borders. The
country’s central area displays the strongest heterogeneity with LLSs in regions such as Tus-
cany, Umbria and Marche displaying values of AROLP incidence raging across three quar-
tiles of the overall distribution (see panel b in Figure 2.4, Figure 2.5 and Figure 2.6). When we
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shift our focus onto the variations in AROLP incidence we notice how such heterogeneity
expands to other areas and regions too, especially in the South, where clusters of areas with
high increases in AROLP are dotted by units recording much more moderate variations.
Figure 2.7, furthermore, reveals the presence of clusters of areas displaying similar trends
across different regions.

Table 2.5: Coefficients of variation, Brown test p values and correlation of at-risk-of low pay
estimates (annual earnings), obtained with FH arcsine models. The estimates were bench-
marked at the regional level using the direct estimates for the region as benchmark.

2008 <16.5% 16.5-33.3% >33.3% Brown test Corr. Direct
AROLPannual 593 17 0 p=0.991 0.673
AROLPweekly 522 88 0 p=0.999 0.673
AROLPhourly 210 400 0 p=0.999 0626

2017
AROLPannual 532 75 3 p=0.06 0.681
AROLPweekly 544 63 3 p=0.13 0.685
AROLPhourly 339 267 4 p=0.979 0.721

Figure 2.4: Arc-sin transformed FH estimates for AROLP based on hourly income by LLS
for the year 2008 (left panel) and year 2017 (right panel)
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Figure 2.5: Arc-sin transformed FH estimates for AROLP based on weekly income by LLS
for the year 2008 (left panel) and year 2017 (right panel)

Figure 2.6: Arc-sin transformed FH estimates for AROLP based on annual income by LLS
for the year 2008 (left panel) and year 2017 (right panel)
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Figure 2.7: Changes in at-risk-of low pay rates by LLS between 2008 and 2017 based on
annual income (panel a), weekly income (panel b) and hourly income (panel c)
An analysis of the LLS estimates by region confirms the strong trend in the geographical
distribution of the phenomenon of low pay, marking a net difference between northern,
central and southern areas. As reported in Figure 2.8, 2.9 and 2.10, no region has witnessed
a decrease in the AROLP incidence, regardless of which indicator we consider. However,
the overall increase recorded at the national level appears to be driven by the centre and
southern regions. Across all three definitions of AROLP indicators, the five regions record-
ing the highest increase in the phenomenon of low pay, indeed, are all located in the centre
and southern part of the country, with Abruzzo, Calabria and Sicily consistently featuring
within this group. Interestingly, the analysis at the LLS level allows us to unmask important
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heterogeneity within the same region. As illustrated in Figure 2.8, 2.9 and 2.10 the variabil-
ity within regions increases significantly in 2017, across the majority of regions, irrespective
of the broad macro areas, indicating a trend of increasing geographical inequality with re-
spect to wage dynamics also from a within-region perspective. The range of ARLOP in-
cidence values is wider where the median and average incidence is the highest, namely in
Southern regions, with Sardinia and Sicily reporting a difference of over 100% between LLS
areas with minimum and maximum incidence across all three definitions of AROLP. In-
terestingly, however, we observe an increase in inequality among LLS areas and also within
northern regions, especially in the cases of Trentino Alto Adige, Emilia Romagna, Veneto
and Liguria.
Overall our analysis shows how, over the course of a decade, the dualism which already char-
acterised many aspects of the Italian economy has widened further with regard to the phe-
nomenon of in-work poverty and low pay. Southern areas, where the incidence of low wages
was already the highest, overwhelmingly reported the largest increases in AROLP rates. This
trend emerges even clearer when we consider the incidence of low wages as the result of low
work intensity and discontinuous employment, suggesting how the lack of stable employ-
ment offers presents a strong regional characterisation. In addition to an increasing wage
inequality across the country’s main regions, the analysis also highlighted a widening of
within-region inequality, affecting Northern, Central and Southern regions alike.
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Figure 2.8: AROLP estimates based on hourly income at LLS level by region for the years
2008 (left panel) and 2017 (right panel)
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Figure 2.9: AROLP estimates based on weekly income at LLS level by region for the years
2008 (left panel) and 2017 (right panel)
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Figure 2.10: AROLP estimates based on annual income at LLS level by region for the years
2008 (left panel) and 2017 (right panel)

2.5 Sectoral employment correlation analysis

2.5.1 Panel fixed effect model

In order to explore the link between shifts in local sectoral employment and low-pay dy-
namics we construct a panel dataset at the LLS level. We consider the small area estimates
for AROLP indicators for the years 2008, 2015, 2016 and 2017 as our dependent variables,
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obtained by applying the SAE method described in Subsection 2.4.1 to EU-SILC data. For
each LLS we use the ASIA register data on sectoral employment as covariates. We thus ex-
ploit the longitudinal nature of our data to estimate the correlation between the employ-
ment variables and the three proposed ARLOP indicators by means of the following model
specification for each definition of the ARLOP indicator (Annual, Weekly and Hourly)

Yd,m,t = β × SectEmplm,t + Emplm,t + γm + ϵm, (2.6)

Where t=2008,2015, 2016, 2017, Ym,t is the AROLP rate for each of the three definitions d
in area m at time t, SectEmplm,t is an m × n matrix describing employment rate across
8 industrial sectors in each area m at time t. Emplm,t is an m × n matrix describing the
overall level of employment, the proportion of payroll employees and self-employed in area
m at time t, γp is a dummy variable equal to 1 when a region is equal top. In this specification,
the regional dummies act as time-invariant fixed effects and are instrumental in estimating
the effect of intrinsic yet unobservable characteristics of individual regions. By including the
region-level fixed effects we are somehow addressing the problem of omitted variable bias,
even though the estimates of our model can not be interpreted in a causal way. Yet, this
specification allows for exploring the potential link between them in a robust way.

2.5.2 Cross-section analysis

After having mapped the distribution of AROLP incidence across Italy’s 610 LLS, we ex-
plore how this phenomenon relates to the local sectoral employment composition. Building
on the results of the SAE models, we move to determine the cross-section correlation be-
tween the AROLP indicators and the employment-related variables contained in our data-
set, and how this changed over the period 2008-2017. Table 2.6 reports the result of the OLS
models for the years 2008 and 2017, where we regress the AROLP indicators for all three def-
initions of the employment-related variables. We observe how a positive and statistically sig-
nificant correlation between the risk of low pay and the share of active population employed
in agriculture and in non-market services persists throughout the period of observation. On
the contrary, a persistent negative and statistically significant association is observed in rela-
tion to the local presence of jobs in the manufacturing sector, in transport and logistics and
in areas where payroll employees and overall employment are greater. For other sectors, we
observe how the association with the incidence of AROLP measure varied either across the
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years or across the different definitions considered in the analysis. For the construction sec-
tors, for example, the association with AROLP incidence defined on annual income changed
from statistically significant and negative in 2008 to statistically significant and positive in
2017. The share of active population employed in commerce showed no significant asso-
ciation with any of the AROLP definitions in 2008 to display a positive correlation with
AROLP incidence based on hourly and annual income in 2017. A similar trend, but with
an inverse dynamic, is observed in relation to the local share of professions. Interestingly,
and somehow unexpectedly based on the literature on the topic, we observe how the hos-
pitality sector has become negatively and statistically significantly associated with AROLP
incidence across all three definitions at the end of the period of observation of this study.

Table 2.6: Cross-sectional analysis

(2008) (2017) (2008) (2017) (2008) (2017)
VARIABLES AROLP hourly AROLP hourly AROLP weekly AROLP weekly AROLP annual AROLP annual

Agriculture 0.345*** 0.297*** 0.294*** 0.302*** 0.271*** 0.267***
(0.0460) (0.0691) (0.0536) (0.0658) (0.0587) (0.0659)

Manufacturing -0.0489*** -0.109*** -0.0360 -0.0909*** -0.0433* -0.108***
(0.0188) (0.0323) (0.0220) (0.0308) (0.0240) (0.0308)

Constructions -0.0367 0.238* -0.192** 0.0742 -0.184** 0.242**
(0.0637) (0.123) (0.0742) (0.117) (0.0812) (0.117)

Commerce -0.00324 0.210** 0.0252 0.0987 0.000821 0.226***
(0.0600) (0.0862) (0.0699) (0.0822) (0.0766) (0.0822)

Trans. and Log. -0.366*** -0.341*** -0.389*** -0.257** -0.510*** -0.335***
(0.0928) (0.127) (0.108) (0.121) (0.118) (0.121)

Hospitality -0.0226 -0.112*** -0.00648 -0.110*** 0.00848 -0.153***
(0.0234) (0.0360) (0.0273) (0.0343) (0.0299) (0.0343)

Professions -0.119 -0.384 0.273 -0.742*** 0.215 -0.777***
(0.176) (0.247) (0.205) (0.235) (0.224) (0.236)

Admin and Support serivces -0.523*** -0.274* -0.523*** -0.293** -0.736*** -0.270*
(0.118) (0.146) (0.138) (0.139) (0.151) (0.139)

Health and Social Care -0.470*** -0.384** -0.528*** -0.198 -0.460** -0.409**
(0.152) (0.169) (0.178) (0.161) (0.194) (0.161)

Non-market services 0.102*** 0.225*** 0.176*** 0.221*** 0.309*** 0.225***
(0.0361) (0.0610) (0.0421) (0.0582) (0.0460) (0.0582)

Payroll -0.213*** -0.316*** -0.314*** -0.274*** -0.262*** -0.373***
(0.0302) (0.0472) (0.0352) (0.0449) (0.0385) (0.0450)

Employment -0.783*** -0.812*** -0.554*** -0.887*** -0.608*** -0.789***
(0.0563) (0.0521) (0.0656) (0.0496) (0.0719) (0.0497)

Constant 1.016*** 1.064*** 0.844*** 1.152*** 0.871*** 1.116***
(0.0575) (0.0560) (0.0671) (0.0534) (0.0734) (0.0534)

Observations 610 610 610 610 610 610
R-squared 0.750 0.750 0.637 0.790 0.661 0.776

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the AROLP indicator based on hourly earnings (1 and 2),
weekly earnings (3 and 4) and annual earnings (5 and 6). All independent variables are expressed as the share of the active population in each SLL.



CHAPTER 2. IN-WORK POVERTY 49

2.5.3 Panel data analysis

Pooling these data across multiple time observations allows moving beyond the static cross-
section correlation to estimate how the decline and growth of certain economic sectors at the
local level are associated with the observed trends of low pay. Table 2.7 reports the findings
of our panel data multivariate regression analysis. The findings portray a clear picture with
regard to the trends related to variations in the incidence of AROLP and shift in sectoral
employment. Over the years 2008 and 2017, the phenomenon of in-work poverty, defined as
the proportion of workers at risk of low pay, has increased where the share of workers in the
agriculture and commerce sectors has increased. Such correlation is observed regardless of
whether the AROLP indicator is defined based on hourly, weekly or annual earnings. On the
contrary, we observe a consistently negative and statistically significant correlation between
our dependent variables and a range of sectors and employment characteristics. These in-
clude the share of manufacturing jobs, the share of jobs in hospitality, the share of jobs in
professional and technical activities, and the share of jobs in administration and support
services. With the exceptions of the transport and logistic sector displaying a negative and
statistically significant coefficient only with the AROLP measure based on annual income,
and with the health and social care sector displaying a statistically significant coefficient with
the measure based on hourly and weekly income, our model shows overall consistency across
the three definitions of AROLP. These findings are robust to a more expansive model spec-
ification, including per-capita Gross value Added data as a proxy of sectoral productivity,
available at the province (NUTS 3 level). Table 2.C.1 in Appendix 2.C reports the findings
of this robustness check.
Further, we observe the highest (negative) correlation coefficient in relation to the share of
overall employment. In order to interpret these findings in light of the upward trend of
in-work poverty recorded at the national level, it is important to consider the aggregate vari-
ations observed between 2008 and 2017 in our independent variables. The share of the over-
all labour force in employment, for example, decreased from 93.5% to 87%, coinciding with
the doubling of the unemployment rate, meaning that such reduction is associated with a
1pp increase in AROLP incidence if annual earnings are considered. Our data shows that
such a decrease follows an uneven pattern across Italy’s main geographical areas, in line with
the trend observed in the discussion of the AROLP findings. While northern areas, indeed,
recorded on average a drop from 96.7% to 92.7% in the share of the overall workforce in em-
ployment (a 4.1% reduction), Central and Southern areas see this share drop from 95.4% to
89.9% (a 5.7% reduction) and from 90.1% to 81.0% (a 10% drop) respectively.
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Similarly, the share of the total workforce employed in the manufacturing sector decreased
significantly from 18.3% to 14.1%, with areas in the Centre and South regions recording the
highest drop (23.4 and 25.6% respectively). These findings highlight two important aspects
related to employment dynamics and wages. First, the strong negative association between
overall employment and AROLP incidence confirms the findings of recent empirical work
highlighting the stronger sensitivity of wages to unemployment at the bottom end of the
wage distribution (Gregg and Machin, 2012; Gregg et al., 2014). Those who lose their jobs,
indeed, are disproportionally represented by lower paid and lower educated workers (Faggio
and Nickell, 2005). As such, in the context of high unemployment, the downward pressure
on wages, resulting from increasing competition for fewer jobs, will affect predominantly
lower-skilled and lower-paid workers. Thus, the economic downturn and slow recovery ex-
perienced by Italy during the period considered in this analysis not only resulted in the dou-
bling rate of unemployment but is also reflected in record high rates of low-wage incidence.
Second, these findings partially confirm the evidence that the decline of specific economic
sectors is more strongly associated with the increase in low-wage incidence than others. The
literature on the polarization of labour markets points to the decline of the manufacturing
sectors and to the rise of low-skilled service jobs as the source of increase in low wage in-
cidence (David and Dorn, 2013; Cormier and Craypo, 2000). The findings of our analysis
in the context of Italy, where manufacturing jobs constituted both the largest share of the
workforce and the sector that recorded the largest decline in the period considered, provide
further evidence for this argument.
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Table 2.7: Panel-data fixed effects model

(1) (2) (3)
VARIABLES AROLP hourly income AROLP weekly income AROLP annual income

Agriculture 0.00882*** 0.00505*** 0.00712***
(0.00221) (0.00195) (0.00202)

Manufacturing -0.0106*** -0.0106*** -0.0121***
(0.00224) (0.00213) (0.00225)

Constructions -0.000454 -0.00363 -0.00268
(0.00355) (0.00337) (0.00374)

Commerce 0.0257*** 0.0257*** 0.0258***
(0.00647) (0.00540) (0.00664)

Trans. and Log. -0.00350* -0.00368* -0.00597**
(0.00210) (0.00215) (0.00234)

Hospitality -0.00454** -0.00665*** -0.00642***
(0.00221) (0.00205) (0.00224)

Professions -0.0147*** -0.0159*** -0.0170***
(0.00432) (0.00430) (0.00461)

Admin and Support serivces -0.00768*** -0.00796*** -0.00948***
(0.00160) (0.00168) (0.00172)

Health and Social Care -0.00843*** -0.00306 -0.00626**
(0.00241) (0.00236) (0.00255)

Non-market services -0.0261*** -0.0209*** -0.0132
(0.00833) (0.00800) (0.00834)

Employment -0.129*** -0.188*** -0.173***
(0.0303) (0.0314) (0.0343)

Payroll -0.272*** -0.262*** -0.245***
(0.0264) (0.0270) (0.0286)

Constant 0.126*** 0.129*** 0.127***
(0.0264) (0.0250) (0.0264)

Observations 2,440 2,440 2,440
Number of sll_2011 610 610 610
Region fixed-effects Yes Yes Yes
Year fixed-effects Yes Yes Yes

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the AROLP indicator
based on hourly earnings (1), weekly earnings (2) and annual earnings (3). All independent variables are expressed as the
share of the active population in each SLL and are log-transformed to obtain a better linear approximation.

When it comes to services, however, the picture emerging from the analysis is rather less clear.
While the growth of the commerce sector shows a positive association with the incidence of
AROLP across all three definitions considered, the findings for other service sectors, such
as health and social care and hospitality appear at odds with what the literature suggests,
presenting a negative correlation between their growth and that of low-pay incidence. These
sectors indeed are characterised by low union representation, low productivity and use of
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short-term employment contracts, all features typically associated with lower salaries and
the presence of in-work poverty (Dwyer, 2013; Vanselow et al., 2010). Additional regression
results obtained by applying the same fixed effect panel model to LLS areas located in the
South and in the Northern and Central regions separately provide interesting insights to
unpack the dynamics described here. Figure 2.11 displays how the negative coefficients in the
share of active population employed in hospitality and health and social care observed at the
national level are driven largely by southern areas, while no statically significant association is
found in the other areas of the country. Interestingly, both sectors represent the only ones to
record a slight increase in the share of active population employed within southern regions,
where the overall fall in employment has been the sharpest.
Based on the current data available it is difficult to establish whether we are witness-
ing a crowding-in effect into service sectors as the combined result of processes of de-
industrialisation and contraction of labour demand, or an over-representation of highly paid
jobs in these sectors, notoriously characterised by informal employment arrangements not
captured in the data. Access to worker’s microdata has the potential to shed new light on
wage dynamics related to processes of de-industrialisation coupled with economic contrac-
tion in depressed economic areas such as Italy’s southern regions.
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Figure 2.11: Regression coefficients of Hospitality and Health and Social Care by macro areas

Hospitality

Health and Social Care

Hospitality

Health and Social Care

-.02 -.01 0 .01 -.02 -.01 0 .01

-.02 -.01 0 .01

ARLOP Hourly Income ARLOP Weekly Income

ARLOP Annual Income

NorthCentre South

2.6 Conclusion

The study demonstrated the relevance and importance of the sub-regional analysis of in-
work poverty. From an overall significant increase in the AROLP incidence at the national
level between the years 2008 and 2017, the application of SAE methods unveils a strong geo-
graphical heterogeneity in the trends. Moreover, focusing on small areas such as LLS as the
main unit of analysis allows for uncovering important trends across administrative bound-
aries as well as within-region heterogeneity. The findings highlight how a decade charac-
terised by a deep economic recession and slow recovery has contributed to widening the
country’s north-south dualism in relation to the phenomenon of low pay. Southern ar-
eas, where the incidence of low wages was already the highest, overwhelmingly reported the
largest increases in AROLP rates. This trend emerges even clearer when we consider the
incidence of low wages as the result of low work intensity and discontinuous employment,
suggesting how the lack of stable employment presents a strong regional characterisation. In
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addition to an increasing wage inequality across the country’s main regions, the granularity
of the analysis also highlighted a widening of within-region inequality, affecting Northern,
Central and Southern regions alike.
The findings of the small area level geographical analysis allow us to associate the geographi-
cal heterogeneity in trends of ARLOP incidence with local sectoral employment characteris-
tics. The empirical findings of our panel regression analysis reveal how areas characterised by
growth in low-skill and low-productivity sectors such as agriculture and commerce are those
that recorded higher increases in AROLP incidence. On the contrary trends of low pay are
negatively associated with the growth of manufacturing jobs, admin and support services
to enterprises, and technical and scientific professions. In addition, variations in overall em-
ployment represent the strongest predictor for dynamics of low-pay incidence. Interestingly,
the panel correlation analysis unveiled trends at odds with the literature on sectoral employ-
ment and wages in relation to the sectors of hospitality and health and social care. Driven
by areas in southern regions, the growth of these sectors in Italy is associated with a lower
level of AROLP incidence. Access to geo-localised microdata on earnings and employment
would allow unpacking the mechanisms behind these findings, casting light on the role that
sectors traditionally associated with low productivity and low wages play against a backdrop
of de-industrialisation and economic contraction as present in the Southern Italian context.
The findings of this research constitute novel and important evidence of the local distri-
bution of low-pay and in-work poverty in Italy. National as well as local policymakers can
rely on this information to better comprehend the phenomenon and target interventions.
Moreover, while not establishing a clear causal link, the result of the correlation analysis lay
out the effect on wages associated with the local decline and growth of key specific sectors,
presenting useful evidence for the formulation of employment and industrial policies.
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Appendix

2.A Direct estimates at region-level

Table 2.A.1: 2008 direct estimates at region-level

Region Domain AROLP hourly CV Direct weekly CV AROLP annual CV

Piemonte ITC1 11.40% 9.75% 14.74% 8.99% 15.69% 8.66%
Valle d’Aosta ITC2 11.12% 18.91% 13.22% 17.45% 15.19% 16.10%
Lombardia ITC3 14.97% 11.65% 16.52% 11.02% 16.83% 10.88%
Trentino Alto Adige ITC4 10.87% 7.44% 13.65% 6.67% 14.89% 6.26%
Veneto ITD3 11.18% 7.86% 14.21% 6.99% 15.96% 6.70%
Friuli Venezia-Giulia ITD4 12.80% 11.50% 16.70% 9.87% 18.74% 9.36%
Liguria ITD5 10.56% 8.86% 14.21% 7.61% 15.82% 7.17%
Emilia Romagna ITDA 8.29% 12.09% 12.14% 10.48% 15.35% 9.19%
Toscana ITE1 10.47% 10.32% 13.84% 8.66% 15.39% 8.05%
Umbria ITE2 16.29% 10.18% 17.40% 9.48% 18.50% 9.18%
Marche ITE3 13.03% 9.17% 16.79% 8.14% 18.89% 7.78%
Lazio ITE4 12.03% 8.62% 15.59% 7.62% 17.24% 7.18%
Abruzzo ITF1 19.48% 13.47% 17.51% 13.76% 18.91% 13.27%
Molise ITF2 22.66% 13.38% 23.58% 13.22% 25.72% 12.59%
Campania ITF3 22.38% 8.38% 21.83% 8.42% 23.95% 8.15%
Puglia ITF4 24.78% 7.98% 24.17% 7.86% 26.00% 7.55%
Basilicata ITF5 25.37% 12.23% 24.76% 12.03% 26.68% 11.54%
Calabria ITF6 24.23% 11.12% 22.81% 10.69% 25.74% 10.20%
Sicilia ITG1 22.15% 9.40% 23.49% 9.03% 28.52% 8.01%
Sardegna ITG2 15.61% 14.12% 13.72% 14.50% 15.20% 13.71%
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Table 2.A.2: 2017 direct estimates at region-level

Region Domain AROLPhourly CV AROLPweekly CV AROLPannual CV

Piemonte ITC1 16.27% 8.08% 17.11% 8.11% 18.01% 7.88%
Valle d’Aosta ITC2 16.82% 14.38% 17.56% 14.59% 18.06% 14.64%
Lombardia ITC3 13.69% 6.60% 15.83% 6.23% 16.96% 5.99%
Trentino Alto Adige ITC4 13.13% 11.04% 14.36% 10.34% 15.87% 10.17%
Veneto ITD3 16.78% 6.80% 17.77% 6.60% 18.98% 6.41%
Friuli Venezia-Giulia ITD4 15.90% 8.91% 18.03% 8.39% 19.05% 8.22%
Liguria ITD5 16.88% 9.51% 20.98% 8.76% 20.88% 8.74%
Emilia Romagna ITDA 14.39% 7.74% 15.58% 7.34% 16.63% 7.12%
Toscana ITE1 21.70% 6.84% 22.54% 6.70% 22.87% 6.63%
Umbria ITE2 20.13% 10.52% 22.65% 9.49% 23.68% 9.24%
Marche ITE3 18.09% 9.00% 20.81% 8.26% 21.18% 8.14%
Lazio ITE4 22.44% 6.36% 24.08% 6.09% 24.65% 5.98%
Abruzzo ITF1 31.55% 10.90% 32.19% 10.74% 31.91% 10.70%
Molise ITF2 26.00% 12.65% 28.46% 12.03% 29.15% 11.89%
Campania ITF3 29.80% 7.87% 31.91% 7.60% 32.35% 7.60%
Puglia ITF4 30.98% 7.53% 32.26% 7.32% 32.93% 7.25%
Basilicata ITF5 30.15% 11.59% 33.51% 10.91% 35.93% 10.65%
Calabria ITF6 33.89% 9.41% 35.94% 9.35% 35.73% 9.29%
Sicilia ITG1 36.73% 7.40% 37.79% 7.35% 38.01% 7.28%
Sardegna ITG2 21.82% 11.34% 27.15% 10.46% 27.47% 10.27%

2.B SAE estimates result for EU-SILC waves of 2015 and
2016

Table 2.B.1: Coefficients of variation, Brown test p values and correlation of at-risk-of low
pay estimates (annual earnings), obtained with FH arcsine models on EUSILC 2015 AND
2016. The estimates were benchmarked at the regional level using the direct estimates for the
region as benchmark.

2015 <16.5% 16.5-33.3% >33.3% Brown test Corr. Direct
AROLPannual 600 10 0 p=0.252 0.56
AROLPweekly 603 7 0 p=0.293 0.55
AROLPhourly 334 273 4 p=0.999 0.62

2016
AROLPannual 532 75 3 p=0.597 0.61
AROLPweekly 544 63 3 p=0.707 0.685
AROLPhourly 339 267 4 p=0.373 0.60
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Figure 2.B.1: At-risk-of low pay rates based on EU-SILC 2015 for annual income (panel a),
weekly income (panel b) and hourly income (panel c)



CHAPTER 2. IN-WORK POVERTY 58

Figure 2.B.2: At-risk-of low pay rates based on EU-SILC 2016 for annual income (panel a),
weekly income (panel b) and hourly income (panel c)
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2.C Additional regression tables

Table 2.C.1: Panel regression with GVA pc controls

(1) (2) (3)
VARIABLES fh_hourly_benched fh_weekly_benched fh_annual_benched

Agriculture 0.00831*** 0.00523** 0.00677***
(0.00238) (0.00233) (0.00242)

Manufacturing -0.0139*** -0.0147*** -0.0174***
(0.00219) (0.00221) (0.00228)

Constructions 0.00213 0.000567 0.00177
(0.00367) (0.00362) (0.00408)

Commerce 0.0237*** 0.0205*** 0.0168***
(0.00649) (0.00566) (0.00647)

Trans. and Log. -0.00323 -0.00412* -0.00640***
(0.00224) (0.00237) (0.00248)

Hospitality -0.00446* -0.00662*** -0.00727***
(0.00235) (0.00230) (0.00246)

Professions -0.0166*** -0.0178*** -0.0187***
(0.00439) (0.00445) (0.00467)

Admin. and Support services -0.0104*** -0.0110*** -0.0122***
(0.00165) (0.00176) (0.00179)

Health and Social Care -0.00639*** -0.000853 -0.00467*
(0.00248) (0.00250) (0.00276)

Non-market services -0.0116 -0.0106 -0.00481
(0.00933) (0.00977) (0.0103)

Employment -0.0661** -0.137*** -0.123***
(0.0336) (0.0356) (0.0363)

Payroll -0.0853*** -0.0550*** -0.00598
(0.0125) (0.0134) (0.0142)

GVA pc Agriculture -0.000129* -5.55e-05 -7.65e-05
(6.68e-05) (7.02e-05) (7.91e-05)

GVA pc Industry -0.000385*** -0.000347*** -0.000384***
(0.000101) (0.000103) (0.000102)

GVA pc Construction 6.20e-05 0.000209 0.000561**
(0.000212) (0.000241) (0.000248)

GVA pc Retail, Transport, Hospitality -0.000636*** -0.000224 -0.000393**
(0.000184) (0.000180) (0.000190)

GVA pc Financial and Business Services -0.000238** -7.96e-05 -6.52e-05
(9.99e-05) (9.59e-05) (0.000100)

GVA pc Non-market services -0.000414 -0.000966** -0.00177***
(0.000414) (0.000394) (0.000431)

Constant 0.0951*** 0.0696** 0.0938***
(0.0327) (0.0329) (0.0330)

Observations 2,440 2,440 2,440
Number of sll_2011 610 610 610
Region fixed-effects Yes Yes Yes
Year fixed-effects Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the AROLP indicator
based on annual earnings (1), weekly earnings (2) and hourly earnings (3). All independent variables are expressed as the
share of the active population in each SLL and are log-transformed to obtain a better linear approximation.
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Table 2.C.2: Panel regression with SLL fixed effect

(1) (2) (3)
VARIABLES AROLP hourly income AROLP weekly income AROLP annual income

Agriculture 0.0120 -0.00776 -0.000607
(0.00820) (0.0103) (0.00925)

Manufacturing -0.00172 -0.0179* -0.0255***
(0.00741) (0.00965) (0.00831)

Constructions -0.0263*** -0.0389*** -0.0390***
(0.00855) (0.0105) (0.00869)

Commerce 0.00767 0.0100 0.00423
(0.0161) (0.0186) (0.0182)

Trans. and Log. 0.00751* 0.00809 0.00674
(0.00437) (0.00597) (0.00551)

Hospitality 0.00499 0.000924 0.00118
(0.00727) (0.0102) (0.00851)

Professions -0.000288 -0.0149 -0.0126
(0.00942) (0.0133) (0.0114)

Admin. and Support services -0.00513** -0.00533 -0.00439
(0.00258) (0.00359) (0.00322)

Health and Social Care -0.0125*** -0.00374 -0.00450
(0.00459) (0.00656) (0.00564)

Non-market services -0.0380** -0.0162 0.00694
(0.0159) (0.0173) (0.0145)

Employment -0.187*** -0.366*** -0.357***
(0.0412) (0.0518) (0.0442)

Payroll -0.127*** -0.0456 0.0187
(0.0275) (0.0297) (0.0260)

Constant 0.0541 -0.0492 0.0141
(0.0547) (0.0739) (0.0666)

Observations 2,440 2,440 2,440
R-squared 0.603 0.530 0.518
Number of sll_2011 610 610 610
LLS fixed-effects Yes Yes Yes
Year fixed-effects Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 2.C.3: Panel regression by macro areas

(1) (2) (3) (4) (5) (6)
VARIABLES North&Centre South North&Centre South North&Centre South

Agriculture 0.0139*** 0.00815** 0.00839*** 0.00806** 0.0115*** 0.00891**
(0.00241) (0.00391) (0.00209) (0.00349) (0.00214) (0.00401)

Manufacturing -0.0154*** -0.00123 -0.0165*** -0.000625 -0.0147*** -0.00437
(0.00318) (0.00392) (0.00349) (0.00342) (0.00320) (0.00394)

Constructions -0.00149 0.00737 -0.00473 0.00610 -0.00122 0.00869*
(0.00433) (0.00478) (0.00473) (0.00438) (0.00466) (0.00511)

Commerce 0.00309 0.0280*** 0.00902 0.0176** 0.00280 0.0211**
(0.00690) (0.00875) (0.00713) (0.00710) (0.00756) (0.00858)

Trans. and Log. -0.00141 -0.0136*** -0.00117 -0.0139*** -0.00168 -0.0182***
(0.00285) (0.00360) (0.00312) (0.00340) (0.00312) (0.00372)

Hospitality 0.00426 -0.0127*** 0.000454 -0.0139*** 0.00260 -0.0160***
(0.00330) (0.00335) (0.00336) (0.00313) (0.00323) (0.00348)

Professions -0.00744* -0.0243*** -0.00819* -0.0293*** -0.00629 -0.0329***
(0.00440) (0.00674) (0.00461) (0.00639) (0.00515) (0.00641)

Admin. and Support services -0.00544*** -0.00939*** -0.00599*** -0.00874*** -0.00589*** -0.0109***
(0.00195) (0.00212) (0.00210) (0.00224) (0.00209) (0.00214)

Health and Social Care -0.00321 -0.0141*** 0.00135 -0.00918** -0.00138 -0.0142***
(0.00251) (0.00411) (0.00255) (0.00393) (0.00276) (0.00415)

Non-market services -0.0125 -0.0191 -0.0219*** 0.0175 -0.0171** 0.0177
(0.0103) (0.0138) (0.00788) (0.0147) (0.00837) (0.0142)

Employment -0.271*** 0.0888** -0.241*** 0.00841 -0.261*** 0.0539
(0.0674) (0.0384) (0.0650) (0.0352) (0.0725) (0.0348)

Payroll -0.130*** -0.0560*** -0.108*** -0.0226 -0.0989*** 0.0292*
(0.0197) (0.0155) (0.0222) (0.0148) (0.0214) (0.0167)

Constant 0.0414 0.0394 0.0740***
(0.0294) (0.0286) (0.0269)

Observations 1,320 1,120 1,320 1,120 1,320 1,120
Number of sll_2011 330 280 330 280 330 280
Region fixed-effects Yes Yes Yes Yes Yes Yes
Year fixed-effects Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1



Chapter 3

Disaggregation of poverty indicators by
small area methods for assessing the
targeting of the “Reddito di
Cittadinanza”

Abstract: In Italy, a crucial anti-poverty policy “Reddito di Cittadinanza” (RdC), a mea-
sure of guaranteed minimum income, was introduced in April 2019. We aim to evaluate
the targeting of the RdC policy at the local level, as aggregated analyses could mask impor-
tant misalignments between the share of beneficiaries of the RdC and the share of poor
households. To measure the poverty share in the local areas of interest, two main indicators
to capture and monitor poverty are used in Europe: the At-Risk-of-Poverty Rate based on
the EU Statistics on Income and Living Conditions survey and the Absolute Poverty Index
based on consumption data collected through the Household and Budget Survey. To obtain
reliable estimates of these indicators at the local level, it is necessary to introduce small area
estimation models that allow the use of data from different sources. We apply a bivariate
Fay and Herriot model to provide reliable estimates of absolute and relative poverty for the
assessment of RdC policy targeting in the 59 areas represented by the region by degree of
urbanisation level in Italy. The degree of urbanisation is indeed a key geographical variable
in the study of the poverty phenomenon. Our results suggest that the RdC policy imple-
mented at the national level shows heterogeneous targeting performance at the local level,
excluding large shares of poor households from the program. These findings yield a set of
policy implications for improving the targeting of the measure.

62
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3.1 Introduction

In April 2019, the Italian government introduced a national measure of guaranteed mini-
mum income under the name of “Reddito di Cittadinanza” (RdC) or Citizens’ Income.
With regard to both the cohort of beneficiaries and the level of monetary support available,
the RdC represents the largest monetary transfer program for low-income families in the his-
tory of the Italian social security system (Baldini and Gori, 2019), which, as recently as 2017,
did not present any form of guaranteed minimum income scheme. For the year 2019 alone,
the total program expenditure was forecasted at€5.6bn, with an estimated cohort of benefi-
ciaries of 1.3m households. Amidst the background of economic stagnation and household
income contraction, the measure was introduced with the objectives of (i) tackling poverty
and reducing inequality, (ii) increasing labour market participation, and (iii) improving so-
cial inclusion. Official statistics by the Italian National Statistical Institute (ISTAT) show
how the number of households in absolute poverty in Italy has been on the rise over the
five years prior to the introduction of the policy. In 2018, the number of families in abso-
lute poverty reached 1.8m, with an absolute poverty incidence of 7% (ISTAT, 2019). Against
this backdrop, the government’s estimate indicated a total of 1.3m households as potential
beneficiaries of the RdC (DDL n.1018, 2019). This figure was later adjusted to 960,000 ben-
eficiary households as the policy reached its fifth month of implementation, highlighting
a gap between the overall cohort of RdC beneficiaries and the total number of families in
absolute poverty in Italy (compare INPS, 2019). Preliminary evaluation studies conducted
estimated the total number of beneficiary households to be between 1.1m and 1.4m (Mon-
ducci, 2019; Boeri, 2019a; Baldini et al., 2002; Curci et al., 2020), significantly below the latest
available estimates for absolute poverty of 1.8m. Scholars have identified specific aspects in
the design of the policy with the potential to hinder the effectiveness of the scheme in reduc-
ing poverty. In particular, analyses have pointed to the novel equivalence scale adopted by
the regulation and the 10-year residence eligibility criterion as features which might limit the
targeting performance of the RdC (Baldini and Gori, 2019; Boeri, 2019a; Curci et al., 2020;
Fierro, 2019).
Based on these considerations, on the government forecasts and official statistics, several
questions arise regarding the stated objectives of the policy. To what extent does the RdC
succeed in targeting support to families in poverty? How does the cohort of identified ben-
eficiaries of the RdC map against the distribution of families living in poverty in Italy at the
national, regional, and sub-regional levels? What are the policy’s redistributive effects on the
incidence of poverty in the country? Which factors related to local demographic and eco-
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nomic characteristics drive variations in targeted coverage and take-up rates among different
geographical areas?
Capturing geographical heterogeneity in the effects of anti-poverty interventions is a key re-
quirement for policymakers and researchers. In a country like Italy, characterised by strong
economic dualism between its northern and southern regions, the geographical distribu-
tion of poverty follows clear regional and sub-regional patterns (ISTAT, 2019), as discussed
in Section 1.1. As such, a comprehensive assessment of RdC targeting performance should
consider its heterogeneous performance across regional divides. In addition, a vast body of
literature considers the degree of urbanisation as a key geographical variable in the study of
poverty phenomena (Satterthwaite and Tacoli, 2002; Weziak-Bialowolska, 2016). Levels of
poverty in rural and urban areas not only differ (Visaria, 1980; Tanton et al., 2010) but they
stem from different causes and require different solutions (Wang et al., 2012; Atkinson et al.,
2010). Therefore, in this study, we consider the degree of urbanisation, as captured in the
DEGURBA classification by Eurostat (Union et al., 2021), as the geographical unit of our
analysis across each of Italy’s 20 regions.
When relying on data from national sample surveys, however, expanding the level of geo-
graphical detail of the estimates to the sub-regional level can be difficult, as at this level the
variances of the estimates are often too high due to the design of the survey. While admin-
istrative tax and revenues registers represent the ideal data source for this type of analysis,
their use by government agencies and researchers remains limited due to technical and legal
barriers still in place (Pratesi and Salvati, 2016). As discussed in Section 1.3, by and large, of-
ficial poverty indicators are estimated on the basis of surveys collected by national statistical
agencies at the national level, and often, due to their limited sample sizes, cannot provide
accurate estimates at lower sub-regional units of analysis (Tzavidis et al., 2018). Small Area
Estimation (SAE) methods offer the tools to overcome this gap.
The first contribution of this study is to provide a new application of SAE methods to assess
the targeting performance of an anti-poverty program. While SAE methods are commonly
used to study the geographic distribution of poverty, in this application, this methodology
is instrumental in providing baseline poverty estimates for each of the 59 areas of analysis
to successively estimate the targeting performance of the RdC across such areas. Second,
the research will provide the first assessment of RdC targeting based on administrative data.
All existing studies focusing on this topic have been conducted using micro-simulation ap-
proaches based on survey data, thus relying on a set of assumptions about take-up and in-
come reporting information (Baldini et al., 2002; Curci et al., 2020; Monducci, 2019). This
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has made them valuable for forecasting the impact of the policy ex-ante, but of limited use
in assessing the scheme ex-post. By contrast, our study provides the first assessment of the
actual targeting performance of the measure. The results and conclusions drawn by our re-
search, therefore, provide useful evidence for policymakers to improve the design of crucial
livelihood policies and to ensure the effective targeting of public funds toward contrasting
poverty across all territories. The remainder of this chapter is structured as follows. Sec-
tion 3.2 presents key provisions of the RdC scheme. Section 3.3 describes the data employed
and discusses the definitions of poverty considered in the analysis. Section 3.4 presents the
SAE models applied to the analysis, Section 3.5 discusses the main findings and Section 3.6
concludes the paper.

3.2 Institutional background

In this section, we provide the key elements of the RdC policy and present some of the
existing literature analysing its design and provisions.

3.2.1 RdC key provisions

The main RdC provision is the introduction of a monthly cash handout for low-income
households, whose eligibility requirements consist of a set of demographic and income-
based criteria. There are, first of all, constraints of demographic nature: the claimant must
have Italian or EU citizenship or hold an EU residence permit and reside in Italy for at least
10 years. With regard to income and capital requirements, the assessment is based on the
score of the ISEE, an indicator of household economic circumstances equivalent to house-
hold size and specific needs (e.g., the presence of disability), and on the possession of high-
value goods such as newly acquired motor vehicles and second homes. The RdC monetary
benefit consists of two elements: first, a monetary support to household income, up to the
threshold of€6,000 per year multiplied by the corresponding coefficient of equivalence, and
second, a rent subsidy, up to a maximum of€3,360 per year (or€280 per month). The maxi-
mum amount of RdC for a single-member household in a rented property with no income is
€9,360 per year (€780 per month). The amount of the benefit cannot be less than€480 per
year (€40 per month) or not more than €15,960 per year (€1,330 per month for a family liv-
ing in a rented property with no income and two or more adult dependants or four or more
children). The legislation establishes that all adult members of a beneficiary household, with
the exception of identified exemptions, must provide immediate availability to work and are
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called upon to sign an Employment Pact which consists of a personalised service pact for
job placement or training. The signatories of the Employment Pact are required to accept
at least one of three suitable job offers, where adequacy is defined with reference to previous
legislation. For those families whose needs are identified as “complex” (DLn.4/2019), the
measure requires the stipulation of a Social Inclusion Pact, a personalised program of social
and welfare support, training, and employment activation.

3.2.2 Main concerns

Authors identified two main issues in the design of the policy with the potential to mitigate
the effectiveness of the scheme in reducing poverty. The first issue refers to the choice of the
equivalence scale employed to adjust the amount of benefit to the different sizes and needs
of the households. The weights to be applied to any additional adult or child in the house-
hold, as established by the regulation, are indeed lower than the weights established by the
so-called modified OECD scale, an international measure used by Eurostat, and in place in
other income support schemes previously adopted in Italy (Monducci, 2019). As a result,
the scheme overwhelmingly benefits households composed of single adults over larger fami-
lies, especially when compared to the differences in benefit amounts under a counterfactual
scenario employing the OECD-modified scale (Baldini et al., 2019; Curci et al., 2020). This
contrasts with the demographic trends emerging from the official statistics on poverty pub-
lished by ISTAT. The report highlights how large families (i.e., couples with three or more
children) are more than twice as likely to live in absolute poverty compared to single adults,
with a poverty incidence of 16.4% in the former group compared to 6.4% in the latter group
(ISTAT, 2019). Building on this evidence, critics of the policy point at how the choice of the
“peculiar equivalence scale” (Boeri, 2019a) adopted in the RdC might lead to a mismatch
between the cohort of beneficiaries of the scheme and that of families living in poverty in
Italy.
Second, concerns have been raised over the 10-year residence eligibility criteria in place for
non-EU citizens. For pressure groups and commentators alike, this threshold is considered
too strict (Baldini and Gori, 2019; Fierro, 2019; Curci et al., 2020). This measure excludes
some of the most vulnerable demographic groups from a vital source of economic and social
support. According to the national statistics on poverty published by ISTAT, the incidence
of poverty among foreign residents is close to five times higher than that among Italian fam-
ilies (ISTAT, 2019). Essentially, current eligibility design leaves some of the demographic
groups at a higher risk of poverty and social exclusion from the support framework of the
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measure, thus undermining the scheme in achieving its objectives (Boeri, 2019b).

3.3 Data and definitions

3.3.1 Data

The analyses presented in this study are based on four main data sources. First, estimates for
absolute poverty (AP) were based on the Household Budget Survey (HBS) data for 2017.
The survey was collected yearly by ISTAT and provided information on household con-
sumption behaviour. The dataset provides a flag for households living in absolute poverty,
and comprises approximately 17,000 observations. The estimates produced by the HBS were
reliable at the regional level. Instead, estimates at the sub-regional level are characterised by
high variability, as the sample size can be too small to obtain reliable results. Table 1 reports
some statistics of the HBS sample size for the 59 areas identified by considering the Italian
regions and DEGURBA classification. As we can see, the minimum sample size is equal
to 40, while the first 25% of the areas have a sample size lower or equal to 134 households.
Estimates for the at-risk-of-poverty rate (AROP) across all 59 areas of analysis were based
on European Union Statistics on Income and Living Conditions (EU-SILC) survey data
collected in 2017. The EU-SILC aims to collect timely and comparable cross-sectional and
longitudinal multidimensional microdata on income, poverty, social exclusion, and living
conditions in Europe. The 2017 wave of the survey contained information on self-reported
income for 2016, with 22,200 observations. As for HBS, Table 3.3.1 reports some statistics of
the EU-SILC sample size for the 59 areas of interest. As we can see, in this case, the minimum
number of sampled households is equal to only 16 households.

Table 3.3.1: Descriptive statistics of the sample size of HBS and EU-SILC surveys across the
59 regions by DEGURBA areas.

Min 1st Qu. Median 3rd Qu. Max

HBS 40.0 134.0 218.0 377.0 1066.0
EU-SILC 16.0 211.0 337.0 477.5 1254.0

Statistics Canada (Wannell and Usalcas, 2012) provides guidelines for publication related to
the uncertainty of estimates; estimates with a coefficient of variation (CV) less than 16.6% are
considered reliable for general use, estimates with CVs between 16.6% and 33.3% should be
accompanied by warnings to users, and estimates with coefficients of variation greater than
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33.3% are considered unreliable. Table 3.3.2 shows the number of areas classified according
to these three thresholds of the CV on the basis of the ‘direct’ estimates - that is, estimates
computed using only survey data - of the AROP and AP. As we can see, out of the 59 total
areas of interest, the number of areas with a CV in the second or third class of CV values
is rather high for both indicators, suggesting the need to resort to appropriate modelling
techniques to reduce the estimated CVs.

Table 3.3.2: Coefficients of variation of AP and AROP direct estimates.

<16.5% 16.5-33.3% >33.3%
AP Direct 5 32 22

AROP Direct 33 24 2

The basic idea of the SAE methods is to introduce a statistical model to exploit the relation-
ship between the variable of interest and some covariates for which population information
is available to improve the precision of direct estimates. We consider as auxiliary variables for
both the HBS and EU-SILC data, a set of administrative covariates from the Italian Ministry
of Treasure Tax returns data referred to the year 2017 at the municipality level. The variables
employed in the models are (i) the percentage of taxpayers, (ii) the percentage of payroll em-
ployees, (iii) the percentage of the population with yearly income below €10,000, (iv) the
percentage of the population with yearly income between€15,000 and€26,000, and (v) the
average estate and business income.
Finally, information on the number of RdC beneficiaries and the monetary amount of ben-
efit received by the municipality was provided by the Italian Social Security Agency (INPS),
which oversees the implementation of the scheme. The dataset identifies the total number of
households and individuals receiving the scheme as of December 2019. Computing the share
of RdC beneficiaries over the total municipal population, we obtained a mean value of 2.8%.
However, this metric shows a very strong geographical distribution. As illustrated in Figure
3.3.1 below, municipalities in the southern regions have the highest share of RdC beneficia-
ries, reaching a maximum of 19.7%, while municipalities in the north and northeast present
much lower shares. Nevertheless, municipalities with higher shares of RdC beneficiaries
were observed even in the northern and central regions, suggesting that a disaggregated level
of analysis is essential to evaluate the targeting of the policy.
To apply the SAE methodologies presented in the next section to the data gathered from
the four sources mentioned above, all data-sets were aggregated across the three degrees of
urbanisation areas in each of the 20 regions using Eurostat taxonomy applied to each munici-
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pality. This classification clusters the European Local Administrative Units 2 (municipalities
in Italy) by their population density (cities, towns and suburbs, rural areas). This originates
a detailed grid of the European territory at the subregional level, disaggregating the regional
level (NUTS2 level according to the ‘Nomenclature of territorial units for statistics’ used by
Eurostat). This study considers each of the three DEGURBA categories across the 20 Italian
regions as the main unit of analysis, for a total of 59 areas.
It is worth noting that owing to data provision constraints, the four datasets do not have
the same exact temporal reference. HBS and Italian Ministry of Treasure data refer to 2017,
EU-SILC data on poverty refer to 2017 (income refers to 2016), and the and INPS data refer
to 2019. However, we believe that this slight temporal misalignment is irrelevant for two
main reasons. First, absolute and relative poverty measures referring to a given area tend to
be rather constant when considering a short run of one or two years (ISTAT, 2019). Second,
even if data on RdC beneficiaries refer to 2019, the data used by INPS for allocating the
benefit refer to the previous year, 2018, reducing the time lag reference of INPS data with
the AROP and AP estimates to just one and two years, respectively.

Figure 3.3.1: Share of RdC beneficiaries in December 2019 by municipality.
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3.3.2 Poverty definitions

The analysis builds on two definitions of poverty to estimate and define RdC’s targeting
performance. The first is absolute poverty. This indicator is based on yearly consumption
data collected by the ISTAT through the HBS. Building a poverty indicator on consump-
tion data, instead of current income information, provides a better proxy for permanent
income. Consumption behaviours present less fluctuations in the short run compared to
current income, thus avoiding the misclassification of households hit by temporary income
shocks (Meyer and Sullivan, 2003). Denoting cij as the monthly household consumption
of household j living in area i (i = 1, . . . ,m), as tij the household-specific poverty line,
Ni as the number of households living in area i , I(u ≤ k) as the indicator function (equal
to 1 when u ≤ k and 0 otherwise), the absolute poverty (AP) indicator for an area i can be
defined as:

APi =
1

Ni

Ni∑
j=1

I(cij ≤ tij). (3.1)

The absolute poverty threshold tij computed by ISTAT represents the monetary value, at
current prices, of the basket of goods and services considered essential for each family, de-
fined on the basis of the age of the members, the geographical distribution, and the type of
municipality of residence. These parameters consider variations in the costs of living across
the three main Italian main areas and across three different types of municipalities. Thus, the
results are nine poverty lines indexed to local prices multiplied by the respective equivalence
scale.
The second poverty indicator considered in this analysis is the At-Risk-of-Poverty Rate
(AROP), an indicator developed by Eurostat which takes into consideration households’
reported income based on information collected in the EU Statistics on Income and Living
Condition Survey (EU-SILC). Denoting with yij the equivalised household disposable in-
come of household j living in area i, and by t the poverty line, the AROP for an area i can
be defined as:

AROPi =
1

Ni

Ni∑
j=1

I(yji ≤ t). (3.2)

Therefore, this indicator classifies households as poor if their equivalised disposable income
is less than poverty line t, which is usually set equal to 60% of the national median equiv-
alent disposable income. That is, poverty is defined in relative terms, and a single national
threshold is set for each country every year. Total household income is equivalised using the
modified OECD equivalence scale, which assigns a weight of 1 to the first adult, 0.5 to any



CHAPTER 3. RDC TARGETING SAE 71

other adult members in the household, and 0.3 to children under the age of 14.

3.4 Methods

3.4.1 Small Area Estimation models

In this section, we describe the methods employed to obtain estimates at the region by DE-
GURBA level for the two indicators of poverty discussed previously. For both the AP and
AROP estimates, our target indicators were the small-area means. The application of SAE
models aims to increase the precision of direct survey estimates using administrative covari-
ates at the DEGURBA-region level. The final aim of this analysis is to provide estimates for
the assessment of policy targeting that could be replicated at different stages of the policy
cycle. Following the guidelines set in a similar policy-oriented study commissioned by the
Chilean Ministry for Social Development (Casas-Cordero Valencia et al., 2016), we apply
relatively simple small-area estimation models which satisfy three main requirements:

1. the model should provide estimates for all 59 region-DEGURBA units in Italy;

2. the estimates should be close to the direct estimators for areas with large sample sizes;

3. the aggregated estimates for the areas should produce the official national estimate for
the country.

For this purpose, we apply the bivariate Fay-Herriot (FH) model (Benavent and Morales,
2016), which is a multivariate version of the Fay-Herriot model (Fay III and Herriot, 1979),
previously discussed in Section 2.4.1. The FH model and its multivariate transformations are
area-level models that link the direct estimates to area-level covariates. They are especially
useful when access to individual-level data is not available and the auxiliary variables and
direct estimators are only available at an aggregated level. In this study, we apply both models
- the FH and its bivariate version - to the two poverty indicators considered–the AP and the
AROP. In the remainder of this section, we briefly describe the bivariate model. Section
3.5 presents the results of the best models selected based on the diagnostics performed. The
detailed Fay-Herriot results are available in the supplementary materials.

3.4.2 Bivariate Fay-Herriot model

The bivariate Fay–Herriot model is a special case of the multivariate Fay-Herriot model (Be-
navent and Morales, 2016), an area-level linear mixed model that can be used to estimate the
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domain means of two correlated target variables. Let θi = (θi1, θi2)
′ be a vector of the two

characteristics of interest in area i, with i = 1, . . . ,m, and let θ̂directi = (θ̂directi1 , θ̂directi2 )
′ be

a vector of direct estimators of θi. The bivariate Fay–Herriot model is defined in two stages.
The model assumes that θi is linearly related to the auxiliary variables Xi = diag(xi1, xi2)

with p explanatory variables xij = (xij1, . . . , xijp) with j = 1, 2 and i = 1, . . . ,m

through the linking model
θi = Xiβ + ui

whit ui ∼ind N(0, AI2), i = 1, . . . ,m where β = (β
′
1, β

′
2) is a vector of coefficients and

βj where j = 1, 2 and are column vectors of size p, and A is the variance of the random
effect. The direct estimator follows the sampling model

θ̂directi = θi + ei

where i = 1, . . . ,m, the vectors ei ∼ N(0, Di) are independent, and Di is a 2× 2 covari-
ance matrix Vei of the sampling errors. The bivariate Fay-Herriot model can be rewritten
as

θdirect = Xβ + u+ e (3.3)

u ∼ N(0, AI2m); e ∼ N(0, D), where θdirect = col1≤i≤m(θ
direct

i), X = col1≤i≤m(Xi),
u = col1≤i≤m(ui), e = col1≤i≤m(ei), D = col1≤i≤m(Di) and the random effects u are
independent of the sampling errors e. col is a matrix operator stacked by columns.
Under 3.3, the mean vector and the covariance matrix of θdirect are

E(θdirect) = Xβ,

V ar(θ̂direct) = Σ = Σ(A) = AI2m +D.

When the regression variance A is known, the true area mean is estimated by the best linear
unbiased prediction (BLUP). In practice, A is unknown but can be estimated. Using the
profile maximum likelihood, we can obtain the empirical BLUP (EBLUP)

θ̂BFH = Xβ̂ + ÂΣ̂−1(θ̂direct −Xβ̂) (3.4)

and β̂ = β̂(Â) = (x
′
Σ−1X)−1X

′
Σθ̂direct and Σ̂ = Σ̂(A).
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3.4.3 Targeting performance of anti-poverty measure

In the study of anti-poverty programs, the concept of targeting refers to the attempt by
public officials to identify who is poor and then to restrict transfers to those individuals
(see Hanna and Olken, 2018). Ravallion (2009) provides a useful overview of the four most
commonly used indicators in the literature, focusing on assessing the targeted performance
of anti-poverty measures.
Data on RdC beneficiaries are available for this research at the municipal level. This level of
aggregation does not allow for the identification of recipients of RdC, who can be considered
as not poor. As such, the most meaningful targeting indicator to be applied in this analysis
is the Coverage Rate (CR) metric (Coady et al., 2004a,b). By defining Dij as an indicator
variable that takes value 1 if household j living in area i is the beneficiary of the RdC and,
as in paragraph 3.3.2, by cij and yij the unit consumption and income measure, respectively,
and with tij and t the corresponding poverty lines, two CRs can be defined as following:

CRiAP =

∑Ni

j=1Dij · I(cij ≤ tij)∑Ni

j=1 I(cij ≤ tij)

and

CRiAROP =

∑Ni

j=1Dij · I(yij ≤ t)∑Ni

j=1 I(yij ≤ t)
.

The two measures above correspond to the ratio between the total number of households in
absolute poverty and at risk of poverty who received the RdC living in area i, over the cor-
responding total number of households in absolute and relative poverty in area i. Given the
aggregate nature of the data on RdC beneficiaries, in this application we make the assump-
tion that

∑Ni

j=1 Dij · I(cij ≤ tij) =
∑Ni

j=1Dij and
∑Ni

j=1Dij · I(yij ≤ t) =
∑Ni

j=1Dij ,
defining therefore the following targeting measures:

CRiAP =

∑Ni

j=1Dij∑Ni

j=1 I(cij ≤ tij)
(3.5)

and

CRiAROP =

∑Ni

j=1 Dij∑Ni

j=1 I(yij ≤ t)
. (3.6)
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3.5 Results and Discussion

3.5.1 SAE estimates of poverty

The following subsection presents the findings of the analysis related to the AP and AROP
estimates through the application of the bivariate FH model defined above to the survey
data previously described. All estimates, uncertainty intervals, and diagnostic metrics were
obtained using the emdi (Kreutzmann et al., 2019) and msae (Permatasari and Ubaidillah,
2021) packages in R, version 3.6.0.

Model selection and diagnostics

Before presenting the findings of the SAE estimates on absolute and relative poverty across
the 59 degree-of-urbanisation areas, we briefly discuss the model selection procedure. As dis-
cussed in Section 3.2, municipality-level covariates from the tax return data were aggregated
at the target area level of analysis. The covariates employed for estimating the two target
parameters were selected using a stepwise selection procedure. The final model for the esti-
mation of AP and AROP showed correlation values between the bivariate FH estimates and
the direct estimates of 0.76 for the AP and 0.93 for the AROP.

Gains in precision

Small area estimations were employed to improve the precision of direct estimates from both
HBS and EU-SILC surveys designed to provide reliable information at higher geographical
levels. To assess gains in the accuracy of our estimates, we compared the coefficient of varia-
tion of the bivariate FH model with those of the respective direct estimates. In this analysis,
the application of SAE methods brought considerable gains to the precision of the estimates,
as illustrated in 3.5.1. The bivariate FH model reduces the number of areas with CV estimates
above the 33.3% threshold by more than three times compared to the direct estimates of ab-
solute poverty, leaving only seven areas with an uncertainty of estimation too high to be
considered reliable. In contrast, the bivariate FH estimates of the AROP show CVs below
the 16.5% threshold. There are three main reasons for the difference in precision between
the two estimates. First, the sample size of the EU-SILC data was significantly larger than
that of the HBS data. This is reflected in the higher precision of the direct estimates of the
AROP than those for absolute poverty. Second, the social phenomenon captured by the
absolute poverty indicator is significantly rarer than that captured by the AROP. Accord-
ing to ISTAT, 6.7% of Italian households were considered living in absolute poverty in 2017,
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against the 20% considered at risk of poverty. As the variance of estimation is a function of
the estimation itself, we expect larger uncertainty when the estimation focuses on rare events
(Wolter, 2007). Finally, the differences in the definitions of these indicators, as discussed in
Section 2, indicate that the model fits vary significantly. The covariates available for this anal-
ysis and included in both models almost entirely relate to income characteristics of the local
areas and show a much stronger correlation with the AROP direct estimates than with the
absolute poverty estimates.

Table 3.5.1: Comparison of the coefficients of variation of absolute poverty and AROP esti-
mates.

<16.5% 16.5-33.3% >33.3%

AP Direct 5 32 22
FH bivariate 11 41 7

AROP Direct 33 24 2
FH bivariate 59 0 0

The distributions of confidence interval lengths are shown in 3.5.1 and Figure 3.5.2. The
confidence interval lengths are reduced by applying the SAE models compared to direct esti-
mation in both applications. These lengths decreased for all areas, confirming the necessity
for the application of the SAE methods. Furthermore, the estimates obtained by applying
the bivariate Fay and Herriot model always fall within the confidence interval of the direct
estimates, with the exception of a single area, in support of the unbiasedness of the small
area estimates.
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Figure 3.5.1: Confidence intervals for the absolute poverty: model-based CIs are represented
in black, CIs based on direct estimates are represented in red. Areas on thex-axis are ordered
in ascending order of the direct estimate of AP.
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Figure 3.5.2: Confidence intervals for the AROP: model-based CIs are represented in black,
CIs based on direct estimates are represented in red. Areas on the x-axis are ordered in as-
cending order of the direct estimate of AROP.

0
.0

0
.1

0
.2

0
.3

0
.4

0
.5

0
.6

DEGURBA − Region

E
s
ti
m

a
te

s
 o

f 
A

R
O

P

●
●

● ●
●

●

●
●

●

● ● ● ● ●

●

●

● ●

●

●

● ●
●

●

●

●
●

● ●

● ●

●

●

●

●

●

● ●
●

●
●

●

●

●

●
●

●

●
●

●

●

●

●

●
●

●

●
●

●

● ●
● ● ●

● ● ●
● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ●
● ● ●

● ●
●

●

●
● ● ●

● ●

● ● ● ● ●
●

●
●

● ●
●

● ● ●
●

fr
i_

2
e

m
i_

2
fr

i_
3

tr
e

_
2

e
m

i_
3

v
a

l_
2

tr
e

_
3

tr
e

_
1

e
m

i_
1

v
e

n
_

3
li
g

_
1

fr
i_

1
v
e

n
_

2
p

ie
_

2
lo

m
_

3
v
e

n
_

1
lo

m
_

2
m

a
r_

1
u

m
b

_
2

to
s
_

2
p

ie
_

3
v
a

l_
3

m
a

r_
2

to
s
_

3
u

m
b

_
1

m
a

r_
3

lo
m

_
1

to
s
_

1
p

ie
_

1
u

m
b

_
3

li
g

_
2

b
a

s
_

1
a

b
r_

1
la

z
_

1
m

o
l_

1
li
g

_
3

a
b

r_
2

m
o

l_
2

la
z
_

2
a

b
r_

3
s
a

r_
1

p
u

g
_

1
b

a
s
_

2
la

z
_

3
p

u
g

_
2

s
a

r_
2

b
a

s
_

3
m

o
l_

3
s
a

r_
3

p
u

g
_

3
c
a

l_
1

c
a

m
_

2
c
a

m
_

3
s
ic

_
1

c
a

m
_

1
s
ic

_
3

c
a

l_
2

c
a

l_
3

s
ic

_
2

Discussion on poverty estimates at small area level

Figure 3.5.3 shows the distribution of poverty for 59 degrees of urbanisation across 20 Italian
regions for both the AP and AROP indicators. To better understand the subdivision of
Italian territory, Figure 3.5.4 represents the 59 areas and their degree of urbanisation.
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Figure 3.5.3: Estimates of AP (left panel) and of the AROP (right panel) for the 59 degrees
of urbanisation across 20 regions in Italy.
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As we can see, both maps in Figure 3.5.3 show a clear distinction in poverty incidence across
the country’s three main areas of north, centre, and south: a higher poverty incidence char-
acterises the southern areas. The AP index ranges from a maximum of 13.38% for the rural
areas of Molise (South) to 1.11% in the suburban areas of Trentino-Alto Adige (North). The
AROP ranges from 37.62% in suburban Sicilian areas (south) to 9.13% in suburban Friuli-
Venezia Giulia (north). These findings reflect a country long-lasting economic dualism.
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Figure 3.5.4: Region by DEGURBA classification of Italy: cities - pink, towns and suburbs
- orange, rural areas - green, with regions represented with black boundaries.

An interesting trend is highlighted in the distribution of poverty. As illustrated in the left
panel of Figure 3.5.5, absolute poverty estimates show how, both in the north and south of
the country, urban areas (DEGURBA=1) have the highest values, followed by rural areas
(DEGURBA=3). In the centre, urban areas show the lowest absolute poverty incidence,
while suburban areas (DEGURBA=2) show the highest.
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Figure 3.5.5: Estimates of AP (left panel) and of the AROP (right panel) for the degrees of
urbanisation across Italy’s three main areas (North, Centre, South).
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Estimates of AROP, on the contrary, show a more heterogeneous incidence of poverty
within the three main areas. In the centre and south, rural areas show the highest values,
while the north urban centres have the lowest relative income. These differences emerge
clearly in a careful comparison of the two poverty maps in Figure 3.5.3. First, following a
clear north-south divide, the geographical distribution of absolute poverty incidence shows
variation within the three main geographical areas. In the northern regions, we notice a
higher poverty incidence, especially in the northeast of the country, with numerous areas
in the second quartile of the absolute poverty distribution, compared to what is shown in
the right-hand panel. Furthermore, we observe a high incidence of absolute poverty in the
Piemonte-urban areas (approximately 9%). The incidence of absolute poverty in central ar-
eas appears to be significantly lower than that in the AROP indicator, with marked differ-
ences, especially in Toscana, Marche, and Lazio. Certain areas in the south show relatively
lower levels of absolute poverty incidence compared to the AROP indicator, such as subur-
ban areas in Campania, Puglia, and Sardinia.
The second main consideration is related to within-region heterogeneity in the incidence of
absolute poverty, in contrast to the rather homogeneous within-region distribution of the
AROP indicator. When poverty is measured by consumption, there seems to be greater vari-
ation within the same region across different degrees of urbanisation. In Lazio, we observe
a statistically significant difference between absolute poverty in urban and both rural and
suburban areas, with the former showing a poverty incidence within the bottom quartile of
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the national distribution, while the latter in the top two quartiles. Similar statistically signif-
icant differences were observed in other areas and regions, such as Molise and Abruzzo. The
considerations highlighted thus far are the result of differences in the definition of poverty
indicators considered in the analysis. As discussed in Section 2, absolute poverty is estimated
on the basis of consumption behaviour based on different poverty lines, varying across Italy’s
three main areas and across the size and type of the municipality of the survey respondent.
Unlike single national poverty thresholds, such as the AROP indicator present in the EU
SILC data, this approach allows us to capture differences in the costs of living. In a context
with marked geographical heterogeneity, capturing households’ real purchasing power is es-
sential to gain an accurate picture of the incidence of poverty. Indeed, there is clear evidence
of variation in price levels across Italian regions. A study by ISTAT (2010) highlighted how
Purchasing Power Parities (PPP) were heterogeneous among the 20 regional capitals, with
Bolzano (Trentino-Alto Adige) recording the highest costs of living (PPP = 105,5, with Italy
= 100) and Napoli (Campania) as the town where the cost of living was the lowest (PPP =
93,8). An indicator, such as the absolute poverty metrics developed on the HBS, attempts
to account for these differences, moving away from the traditional single national poverty
thresholds. The difference in these approaches is evident, and our application provides a
valid example. The urban areas in Lazio and Piedmont, comprising of two of the largest
cities in Italy, Rome, and Turin, present very different AROP. Turin is in the bottom quar-
tile of the national distribution, whereas Rome is in the third quartile. Once the costs of
living are considered and consumption data are utilised, Rome moves to the bottom quar-
tile and Turin to the highest. The implications of using two different indicators of poverty
for policy are also evident and will be discussed in the next section.

3.5.2 Discussion on RdC targeting

Following the discussion of the local area estimates of the AP and AROP, the analysis moves
to an assessment of the RdC-targeting performance against such indicators. Given the lim-
itations of the data on RdC beneficiaries, which are available at the aggregate municipality
level, and the difficulty of excluding non-poor recipients from the overall share, the resulting
targeting indicators will likely be an overestimation of the true parameter. Figure 3.5.6 plots
the two CR indicators of the RdC for each of the 59 DEGURBA areas across the 20 Ital-
ian regions. Appendix 3.B provides the CR estimates as well as the SAE estimates of both
AROP and AP for all areas. Once again, we observe a rather heterogeneous distribution of
the CR indicators across the Italian territory. The main difference in the comparison of the



CHAPTER 3. RDC TARGETING SAE 82

two indicators is the width of the range of values. The CRAP indicator ranges from 5.6% in
the rural areas of Trentino-Alto Adige to 179.31% in the suburban areas of Sardinia. In con-
trast, the Values of theCRAROP indicator show a significantly narrower range, from 3.31% of
rural areas in Trentino-Alto Adige to 31.07% of urban areas in Sicily. TheCRAROP indicator
highlights how the vast majority of households identified as at risk of poverty are excluded
from the support provided by the RdC. On the contrary, the CRAP indicator describes a
policy with large geographical heterogeneity in its targeting performance, excluding a large
number of absolute poor households in areas with higher costs of living, and including non-
poor households in more affordable ones. Overall, the policy seems to consistently show
lower targeting performance in the northern areas of the country, especially in the north-
east. Approximately all of the bottom 10 areas for both the CRAP and CRAROP indicators
are in the north. Moreover, if we consider both the CRAP and CRAROP metrics, we find
that rural areas across Italy present lower targeting performance, irrespective of the three
main areas considered, as illustrated in Figure 3.5.7. We obtain similar results if we consider
measures of absolute poverty using other SAE methods as shown in the Appendix in Section
3.B in Figure 3.B.1 and Figure 3.B.2.
This may depend on that fact that households living in rural areas might face higher informa-
tion barriers to accessing the program, such as limited access to digital services and in-person
support (Shucksmith, 2003), or might be subject to stronger social stigma related to partici-
pating in welfare programs (Currie, 2004). Further research on the reasons behind this trend
could guide future policy interventions. These findings add new and important evidence to
the literature on this topic. First, if we consider studies assessing the overall targeting of
RdC at the national level (Baldini et al., 2019; Curci et al., 2020), our analysis reveals impor-
tant geographical heterogeneity in targeting performance by focusing on sub-regional areas.
Second, in relation to other analyses focusing on the geographical distribution of RdC ben-
eficiaries (Checchi et al., 2021), we move beyond the correlation of RdC distribution with
geographical socioeconomic variables to provide punctual estimates for each sub-regional
area on the extent to which the measure succeeds in reaching its anti-poverty objective.
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Figure 3.5.6: Coverage rate of RdC estimated on AP (CRAP - left panel) and on AROP
(CRAROP - right panel) for the 59 degrees of urbanisation across Italy’s 20 regions.

0.06

0.39

0.48

0.71

1.79

0.03

0.14

0.17

0.22

0.31



CHAPTER 3. RDC TARGETING SAE 84

Figure 3.5.7: Coverage rate of RdC estimated on absolute poverty (left panel) and on AROP
(right panel) for the three degrees of urbanisation in Italy across main areas.
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A number of potential explanations are at play for understanding the heterogeneous tar-
geting performance of the policy. As discussed in 3.1, scholars and experts have highlighted
how specific aspects related to RdC design might undermine the targeting efficacy of the
method. These are the 10-year residence requirement for non-EU citizens, the choice of an
adhoc equivalence scale which penalises larger families, and the high marginal tax rate, which
increases the costs of claiming in relation to the opportunity of employment.
In order to test whether these factors might be associated with the high variations in CRAP

values, we consider a multivariate Ordinary Least Squares (OLS) model. The dependent
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variable is the log-transformed CRAP score, while the independent variables are the aver-
age family size, percentage of foreign residents, and level of employment in all 59 areas, each
capturing one of the three potential characteristics of the policy design affecting its target-
ing performance. Table 3.5.2 presents the OLS results. Employment has a significant and
negative coefficient. This finding is robust to a series of further checks. First, when the sam-
ple is restricted to those areas with absolute poverty CV estimates below the 33.3% threshold
(Model (2) in Table 3.5.2) the negative coefficient persists. Second, we observe similar results
if we include macro-area fixed effects in the model, capturing in this way any unobserved
characteristics related to Italy’s three main geographical areas which might affect the RdC
targeting performance (Model (3)). For example, regions in the North have larger per capita
spending on welfare programs which might represent an alternative to claiming RdC. Fi-
nally, the negative coefficient of the employment variable is also observed when considering
models including the CR indicator obtained through other SAE methods, such as a univari-
ate and arcsin-transformed FH model (see Section 3.B).
The literature suggests two potential mechanisms underlying these findings. The first iden-
tifies low targeting performance as the non-take-up of benefits by eligible households. This
is due to the high opportunity costs of claiming in relation to employment opportunities
(Currie, 2004). Eligible claimants have low incentives to claim if they know that they can
find employment easily. These incentives are made even lower by the prospect of being
subject to strict conditionality regimes attached to program participation and by the high
marginal tax rate of the benefit. The second mechanism linking higher employment rates to
lower targeting performance is related to the demographics of poverty and, in particular, to
the rising phenomenon of the so-called “working poor”. The aftermath of the 2008 financial
crisis witnessed an increasing trend in work poverty across Europe and Italy (Saraceno, 2015).
In 2107, an estimated 12% of employed households lived under the relative poverty thresh-
old (Saraceno, 2020). The 2017 HBS indicates that 55.6% of all households in the absolute
poverty report were employed. This percentage rises to 68.4% in northern areas, where the
CR based on absolute poverty estimates is significantly lower. While the phenomenon of the
working poor is captured in official surveys such as the EU-SILC and HBS, specific aspects of
the RdC design are likely to exclude the working poor households from the program. First,
working poor live, on average, in larger households than other households in poverty, and
are therefore disadvantaged by the relatively less generous equivalence scale adopted in the
RdC. The 2017 HBS, indeed, indicates the average size of poor households with at least one
member in employment, to be 3.36 members against 2.21 for other households in poverty.
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Second, working poor are likely to hold higher savings and financial capital; thus, the cur-
rent RdC saving threshold might exclude them from the program. These findings offer clear
evidence of how an anti-poverty program such as the RdC is ineffective in targeting poverty
in rural areas and in areas where rates of in-work poverty are higher.

Table 3.5.2: OLS results

(1) (2) (3)
VARIABLES

Avg. family size -0.427 -0.549 -0.601
(0.404) (0.416) (0.409)

% Foreign residents 3.142 3.006 6.318**
(2.217) (2.314) (2.891)

% Employment -7.445*** -8.221*** -5.074***
(1.218) (1.239) (1.818)

Area = North -0.204
(0.163)

Area = South 0.464*
(0.266)

Constant 6.420*** 7.337*** 4.394**
(1.523) (1.533) (2.013)

Observations 59 52 52
R-squared 0.446 0.526 0.575
Shapiro-Wilk test p-value 0.020 0.053 0.076

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, *
p<0.1. The dependent variable is the log transformed CR indica-
tor. Avg. family size describes the average size of families in each
area. % Foreign residents is the share of foreign residents in each
area. % Employment is the share of employment in each area.
Column (1) presents the OLS results across all 59 areas. Column
(2) shows the OLS result considering only the 52 areas where ab-
solute poverty estimates CVs are below the 33.3% threshold. Col-
umn (3) includes in the model the fixed effects for each of Italy’s
three main areas, with "Centre” as the reference category.
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3.6 Conclusions

To the best of our knowledge, we presented the first study on the targeting of the “Reddito
di Cittadinanza” (RdC) anti-poverty policy at the local level. The study was based on four
main data sources (including surveys and administrative data) and made use of appropriate
statistical methods (such as small area estimation techniques) to obtain reliable poverty esti-
mates for the 59 local areas of interest. The Italian regions were further classified according
to the degree of urbanisation. It is essential to implement local-level targeting of anti-poverty
policies to meet the needs and problems of the territory where people live and to develop a
successful policy program. The results of this study show a heterogeneous targeting perfor-
mance of the RdC policy, with a generally lower targeting affecting northern regions and
rural areas. Overall, the analysis highlights how an anti-poverty measure, such as the RdC,
has limited coverage if we consider the CRAROP indicator, reaching, on average, only 17.9%
of households in relative poverty. However, once theCRAP indicator is considered, the find-
ings lead to different conclusions. Indeed, the policy fails to consider subnational differences
in the costs of living. The result is a measure of a small proportion of poor households in
areas where costs of living are higher, while providing support to large shares of households
that do not fall under the definition of absolute poverty in more affordable areas. These find-
ings have different implications from a policy perspective. First, to improve overall targeting,
more funding should be allocated to the measure to expand the cohort of beneficiaries. The
findings point to the working poor as a group largely excluded from this measure. This group
could benefit from a more generous equivalence scale for larger families and from a higher
savings threshold. Second, policymakers should consider adjusting the support available to
subnational variations in the costs of living. For example, the amount of housing support
available could be linked to regional rent and property prices, as in other income support
programs (e.g., Universal Credit in the UK or Hartz IV in Germany). Third, more effort
is required to understand the drivers behind low take-up in rural areas, ensuring that poor
households have access to adequate information, digital infrastructure, and literacy to ac-
cess support they are eligible for. Finally, the significant differences in targeting performance
based on two different poverty indicators highlight the importance of setting clear defini-
tions when formulating policy objectives and design to obtain clearer and more transparent
evaluation expost.
From a methodological point of view, it is important to emphasise that the poverty estimates
used to evaluate the targeting, computed using a bivariate Fay-Herriot small area model, are
robust to different model specifications. Similar results were indeed obtained with a uni-
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variate version of the model, also considering an arcsin transformation of the FH model for
poverty indicators. Future developments of the present work should focus on estimating
the variability of the targeting indices to better evaluate the significant differences affecting
the Italian territory.
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Appendix

3.A Bivariate FH AP estimates, Bivariate FH AROP es-
timates and CR estimates
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3.B AP and CRAP estimates with univariate FH and
arcsin-transformed FH models

Figure 3.B.1: Absolute poverty estimates obtained with a univariate FH model (left panel)
and with arcsin-transformed FH model (right panel) for the 59 small areas in Italy.
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Figure 3.B.2: CRAP estimates. AP obtained with a univariate FH model (left panel) and
with arcsin-transformed FH model (right panel) for the 59 small areas in Italy.
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3.C OLS with CRAP estimates obtained with a uni-
variate FH model and with arcsin-transformed FH
model.

(1) (2) (3) (4) (5) (6)
VARIABLES

Avg. family size -0.102 -0.154 -0.229 -0.436 -0.591 -0.662
(0.350) (0.295) (0.308) (0.394) (0.404) (0.403)

% Foreign residents 3.357* 3.453** 4.312** 3.229 2.562 4.930*
(1.922) (1.632) (2.049) (2.164) (2.215) (2.742)

% Employment -7.023*** -7.399*** -6.108*** -7.480*** -8.164*** -5.513***
(1.056) (0.896) (1.516) (1.189) (1.189) (1.782)

Area = North -0.0920 -0.198
(0.126) (0.160)

Area = South 0.163 0.350
(0.218) (0.256)

Constant 5.222*** 5.588*** 4.567*** 6.405*** 7.360*** 5.006**
(1.320) (1.137) (1.564) (1.487) (1.488) (1.959)

Observations 59 53 53 59 54 54
R-squared 0.503 0.635 0.644 0.459 0.541 0.576
Shapiro-Wilk test p-value 0.201 0.664 0.496 0.022 0.080 0.100

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the
log transformed CRAP indicator obtained with the arcsin transformed FH model (columns (1), (2),
(3)) and wit the univariate FH model (columns (4), (5), (6)) . Avg. family size describes the average size
of families in each area. % Foreign residents is the share of foreign residents in each area. % Employment
is the share of employment in each area. Columns (1) and (4) present the OLS results across all 59 areas.
Columns (2) and (5) show the OLS result considering only the areas where absolute poverty estimates
CVs are below the 33.3% threshold. Column (3) and (6) includes in the model the fixed effects for each
of Italy’s three macro areas, with "Centre” as the reference category.



Chapter 4

The political economy of RdC: an
assessment of the policy electoral
impact

Abstract: We study the electoral impact of the Citizens’ Income (RdC), a minimum in-
come scheme introduced in Italy by a populist coalition government in 2019. At munici-
pality level, a 1 pp increase in the share of recipients correlates with a 1.97 pp increase in the
support for the Five Star Movement (M5S), the senior coalition partner and main propo-
nent of the program. However, this positive correlation is not robust when we take into
account that 5SM was already stronger in municipalities with more beneficiaries prior to
the introduction of the RdC. Using a difference-in-difference strategy and leveraging quasi-
exogenous variation in the share of beneficiaries, we find that RdC had opposite effects on
the M5S performance in the two nationwide elections held after its introduction. At the
2019 European elections, it had a negative effect stemming from both the excessive expecta-
tions (and subsequent disappointment) it generated ahead of the 2018 general elections and
due to its design that penalises large families. At the 2022 general elections, it had a positive
effect in response to an electoral campaign to abolish the program by the main opposition
(and front-runner) party. To better identify and contextualize this latter effect, we use as a
counterfactual the M5S performance in the contemporaneous administrative election. The
findings of this study support the argument that the politics behind cash transfers matter.
In the case of a partisan policy like the RdC, voters respond to parties’ stands and cast their
preferences accordingly. Whether this is reflected in support for the incumbent, however,
depends on the interacting combination of the type of elections and the extent to which
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voters’ expectations were met.
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4.1 Introduction

A complete analysis of cash transfers requires both an assessment of their redistributive ef-
fects as well as their politically consequential aspects (Golden and Min, 2013). As such, fol-
lowing an analysis of the Citizens’ Income (RdC) targeting, this chapter focuses on the po-
litical consequences of the measure, which are largely related to its policy design and imple-
mentation. As previously described in Chapter 1, the trend of economic decline accelerated
since the 2007/2008 financial crisis not only led to the issue of poverty becoming a focal
policy point with the introduction of the RdC, but has also catapulted it to the forefront
of the political debate. In particular, the M5S, an anti-establishment political party that dis-
rupted the Italian political arena starting in 2010, heralded the introduction of a guaranteed
minimum income scheme as one of the key manifesto pledges right from the first national
elections it took part to in 2013, to then implement it into policy as the senior party of a coali-
tion government following the electoral success of the 2018 elections. Since its inception, the
policy attracted strong criticisms from all ends of the political spectrum and strongly po-
larised the debate in relation to the government’s role in providing support to low-income
households. Such debate featured prominently in the electoral campaign ahead of the 2022
elections, where parties at the centre and to the right of the spectrum pledged to overhaul
the program.
In this context, the study of how the introduction of the RdC impacted the electoral sup-
port for the main political force which campaigned for and later enacted its introduction
provides useful insight beyond voters’ responses to cash transfers, shedding light on how
electoral pledges affect their voting behaviours. A vast body of literature has investigated the
impact of conditional cash transfers, such as the RdC, on the electoral support of incumbent
parties. The emerging consensus, is these programs improve incumbents’ electoral perfor-
mance (Zucco Jr, 2013; De La O, 2013; Manacorda et al., 2011) These studies have typically
focused on a measure implemented by the incumbents. In the case of the RdC, on the con-
trary, we assess how an electoral promise of a large welfare program, subsequently enacted
into policy, translates into a party’s electoral victory and future performance in the next elec-
tions. Gromadzki et al. (2022) investigate a similar dynamic in the context of Poland, where
a populist party first campaigned and later introduced a universal child benefit program.
Contrary to their case, however, the RdC does not constitute a universal type of support
program, allowing us to investigate how mismatches between electoral promises and enacted
eligibility criteria impact voters’ behaviours. Finally, the partisan nature of the RdC makes
this research an important case study in the analysis of how the politics behind the imple-
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mentation of a policy shape its political consequences (Imai et al., 2020).
In this chapter, we build on a panel of municipality-level election data to study the electoral
impact of the RdC. Even controlling for a number of municipality characteristics, we show
that the intensity of the policy measure is positively associated with the M5S electoral out-
come: a 1pp increase in the share of recipients correlates with a 1.97pp increase in the support
for the M5S. However, this positive correlation is not robust when we take into account that
M5S was already stronger in municipalities with more beneficiaries. Using a difference-in-
difference strategy and leveraging quasi-exogenous variations in the share of beneficiaries, we
find that the RdC had opposite effects on the M5S performance in the two national-wide
elections held after its introduction. In the 2019 European elections, it had a negative effect
stemming from both the excessive expectations (and subsequent disappointment) the pol-
icy proposal had generated ahead of the 2018 General elections and from aspects related to
its policy design which penalizes large families. In the 2022 general elections, on the con-
trary, we find a positive effect, in response to a campaign against the program by the main
opposition (and front-runner) party.
The structure of the chapter is as follows. In the next section, we provide an overview of
the RdC key features and a timeline of events that led to its implementation as well as to
the political evolution of the M5S. In Section 4.3 we discuss the conceptual framework be-
hind some of the most relevant theories related to voters’ responses to redistributive policies.
Section 4.4 presents the data employed in the analysis and lays out some of the descriptive
findings, while Section 4.5 introduces the empirical strategy adopted. Section 4.6 presents
the main findings and proposed mechanisms, before concluding in Section 4.7.
The research findings presented in this chapter are relevant in at least two ways. First, they
provide a detailed account of the process of political polarization of the issue of poverty in
the context of Italian politics, by trying to disentangle the concomitance of factors associated
with the establishment of the M5S as the most representative political force in the most eco-
nomically disadvantaged areas of the country. Second, they contribute to the literature on
the political consequences of redistributive policies by providing, to the best of our knowl-
edge, a first and unique assessment of how voters respond to both electoral pledges and the
actual implementation of a highly partisan cash-transfer program.
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4.2 Institutional background

4.2.1 RdC key features

As presented in Section 3.2.1, the RdC is the largest minimum income scheme ever approved
in Italy (Baldini and Gori, 2019). The program’s total monetary transfer was €3.9 (€3.7
without its component that goes to people that have passed the retirement age and known
as Citizens’ Pension (PdC)) billion in 2019 (from April to December), it peaked at€8.8 (€8.4
without PdC) billion in 2021, and decreased to €7.9 (€7,6 without PdC) in 2022.
In the context of this chapter, it is worth reiterating the eligibility criteria established by the
policy. First, households’ Equivalent Economic Situation Indicator (ISEE), an index that re-
flects both annual income and wealth, needs to be lower than €9,360. Second, they cannot
own a real estate property that exceeds €30,000 (excluding its main residence) nor possess
certain kinds of vehicles or boats and crafts. Third, their financial assets must be lower than
€6,000 for single-person households and up to€10,000 for bigger ones. Fourth, their yearly
equivalent income must not exceed €6,000 (€9,360 for households living in rented accom-
modation). As previously discussed, the equivalence scale employed in the scheme is set to
penalise large families as it assigns a value of 1 to the household head, 0.4 to each additional
adult member, and 0.2 to each child with an upper bound of 2.1. As we shall explain more
in detail below, this was the result of the electoral commitment of bringing up all household
incomes (including singles) to €780. Finally, the claimant must have either EU citizenship
or hold an EU residence permit and reside in Italy for at least ten years.

4.2.2 RdC politics and implementation

A program named RdC appeared for the first time as a policy proposal in a M5S official
document in January 2013 two weeks ahead of the 2013 national elections (see Figure4.2.1).
In an open letter to voters, Beppe Grillo, the movement co-founder, and most prominent
leader, listed RdC as his first policy prescription to “rescue Italy”. Although the letter did not
go into much detail, the name chosen (the English translation of RdC is Citizens’ Income)
suggests that its spirit was close to a universal basic income measure. Hence, it did not require
to specify eligibility rules nor to choose a poverty line.
The second version of the RdC is contained in a parliamentary bill presented by M5S in Oc-
tober 2013. Despite its name, it was not designed as a universal basic income but as a targeted
minimum income scheme. The proposal was quite generous and contained broad eligibil-
ity requirements: it envisaged a monthly benefit addressed to all households living in relative
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poverty, defined as those whose income was below the 60% of the national median. In Italy,
such a threshold corresponded to a monthly equivalent income of €780. As we shall see
in detail below, this number affected the design of the third and final version of the RdC
and, possibly, anchored the expectations of potential beneficiaries to a total benefit that is
relatively high for single household recipients. Note that the equivalence index used in the
bill was the so-called OECD-modified scale (that assigns a value of 1 to the household head,
0.5 to each additional adult member, and 0.3 to each child) and the eligibility conditions
did not make any reference to wealth indicators. As a result, the pool of potential benefi-
ciaries comprised an estimated 5 million families and more than 10 million people, with an
estimated overall cost of about €17 billion1. More generally, the emphasis of the proposal
was on employment and the risk of poverty, rather than solely poverty. In particular, it com-
prised an important work activation program justified by the assumption that “the lack of
employment opportunities is the main cause of poverty”, as stated in the official bill’s docu-
mentation.
The third (and finally implemented) version of the RdC was approved in January 2019, after
the sweeping victory obtained by the M5S at the March 2018 national election and before the
May 2019 European elections. A number of features set aside the enacted measure from its
original policy proposal. First, its estimated cost (around €8 billion) falls a long way short
with respect to the estimated cost of the previous version (around €17 billion or more, as
mentioned above); second, eligibility criteria include both income and wealth conditions
and this restricts the pool of beneficiaries. On the other hand, the M5S communication
strategy remained the same. The policy was presented officially as “a revolution for the labor
market” even if its scope in terms of employment creation was quite limited. Moreover, the
equivalence scale applied to households in order to compute the amount of the benefit was
biased by the promise to give€780 (the poverty threshold mentioned above) to every person
in poverty. As a result, the program turns out to be generous for singles and couples, while
it is rather tight for families with more than two children. Poor communication strategy
and bad design are two key features of the RdC and both could have backfired in terms of
actual electoral support for the measure, especially in areas with high unemployment and
demography characterized by larger families.
Two factors can explain why the M5S overlooked these flaws. First, the party was in a rush
to approve and implement the RdC bill to reap possible electoral dividends before the 2019

1This estimate, calculated by the National Bureau of Statistics (ISTAT), may underestimate the true cost of
the policy. According to the National Social Security Institute (INPS) the overall cost could have been around
€30 billion.
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European elections. Hence, poor communication and bad design may be related to time
constraints imposed by the partisan nature of the measure. Second, the RdC elaboration
and approval are prototypical cases of populist policymaking. M5S decided to centralize the
design of the final scheme of the bill, hold a simplistic view of its problems, and refused to
engage with experts and policy advisors (Gori, 2020).
The partisan nature of the policy also meant that, right from its implementation, the pro-
gram was met with strong criticism from all ends of the political spectrum. While some of
the critiques from centre-left political formations mostly centered around issues related to
its policy design, the most vocal push-backs to the program came from centre and right-
wing parties. Based largely on anecdotal evidence of fraud as reported in mainstream media
and on the low success of the program active labour market component, the centrist party
Italia Viva and the far-right party Brothers of Italy (FdI) mounted a staunch opposition to
the program as the 2022 general elections approached. FdI, the main opposition party and
front-runner at the elections in particular, pledged to replace the measure with a program
targeted at a smaller cohort of beneficiaries.

4.2.3 RdC and M5S

Officially founded in 2009 by the comedian Beppe Grillo, the M5S displays some of the typ-
ical features of a populist movement (Tronconi, 2015). Most importantly, it claims to repre-
sent “the people”, assumed as unified by a common interest and juxtaposed with the corrupt
establishment. At the local and regional elections of 2010, 2011, and 2012, the M5S obtained
unexpected victories drawing from an electoral base predominantly formed by disappointed
(center-)leftist voters (Pedrazzani and Pinto, 2017; Natale, 2014). In February 2013, almost
nine million Italians chose the M5S, making it the most-voted party in the lower chamber
of parliament. As mentioned above and reported in Figure 4.2.1, the RdC appeared for the
first time as a policy proposal two weeks before the first M5S participation in a national elec-
tion in 2013. The following years confirmed the M5S as a force to be reckoned with, with the
election of seventeen MEPs at the European election in 2014 (21,5% of vote share) and the
victories of its candidates as mayors in two of the country’s largest cities (Rome and Turin)
in 2016. It is however at the 2018 general election that the M5S obtains the highest level of
electoral consensus to date with 32,8% of votes.
In the run-up to the 2018 election, the introduction of a guaranteed minimum income mea-
sure like the RdC represented a prominent policy proposal in the party electoral manifesto
and one of the pillars in the communication strategy of its leaders. Analysis of media cov-
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erage focusing on the two months ahead of the March 2018 elections highlights how the
RdC proposal was the third most frequent economic policy proposal discussed in the Ital-
ian printed media among all measures put forward by the major parties competing in the
elections (Cattaneo, 2018).
Having formed a coalition government with the far-right populist party Lega, in January
2019 the deputy prime minister and M5S party Leader, Luigi Di Maio, announced the intro-
duction of the RdC. The program roll-out began in April of the same year, just two months
ahead of the coming European elections, where the party registered a significant dip in con-
sensus (17.1%).
In August of the same year, a vote of no confidence triggered by Lega MPs put an end to
the first experiment of a populist-led government in Western Europe. In the following three
years, two successive and distinct coalition governments were formed, both with M5S as se-
nior partner. The former was led by the same prime minister and the center-leftist Demo-
cratic party replaced Northern League as a junior partner. The latter was instead supported
by a broader parliamentary coalition and the new prime minister, Mario Draghi, had no
party affiliation. None of the two governments questioned the RdC. Early elections were
finally called in September 2022 after the M5S withdrew its support to Mario Draghi’s gov-
ernment. As discussed in subsection 4.2.2, the run-up to the September 2022 general elec-
tions - where the M5S obtained 15.35% of the total share of votes - saw the RdC once again at
the centre of the political debate, with the M5S pledging to expand the program in contrast
to the promises to abolish it from the election front-runner and winner, FdI.

Figure 4.2.1: Timeline of main elections and RdC related events.
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4.3 Conceptual framework

The conventional wisdom presumes that government transfers sway votes toward the in-
cumbent party2. However, the mechanism behind such an effect is not always clear. Plausi-
ble explanations pin down different theories of voter behavior and are contingent on both
the policy details and the politics of such transfers.
First, voters may support the incumbent when the continuation of the transfers depends on
its continuation in power. This mechanism is more likely when the policy was not passed
with broad support, when a single party claims credits for its implementation, and when a
challenger party campaigns against the program, and this threat is perceived as credible. A
second possible mechanism is based on a quid pro quo. This is absent when the policy is
programmatic (Hicken, 2011), i.e. citizens receive transfers according to well-defined rules
and not based on their partisanship or voting history. To be sure, even an exchange like
vote-buying3 is difficult to enforce because of the secrecy of the ballot. Third, voters may
feel a sense of obligation to the party that favored them and cast their vote to reciprocate
(Manacorda et al., 2011). Although some reciprocity is needed even in the case of clientelistic
policies(Finan and Schetcher, 2012), it likely plays a more central role in explaining voters’
behavior when transfers are programmatic, and therefore unconditional to voters’ support.
Reciprocity is also believed to be contingent on both the perceived value of the benefit re-
ceived and the recipients’ need (Gouldner, 1960). If this is the case both voters’ expectations
and their material welfare can make a difference.
For reciprocity to work, the nature of the politics under which a policy is passed and im-
plemented also matters. Imai et al. (2020), distinguish between purely (or nonpartisan) and
partisan programmatic redistributive policies. Both types of policies are programmatic as (i)
their rules do not give incumbent parties discretion over implementation and (ii) voters re-
ceive the same services regardless of the party in office. Their differences stem from whether
iii) they are passed with broad support from all political actors and whether iv) no single party
claims exclusive credit for their implementation. In the review of two purely programmatic
anti-poverty programs in Mexico, Imai et al. (2020) find no evidence of increasing electoral
support for incumbent parties. Under nonpartisan programmatic conditions, indeed, vot-
ers believe that they would receive program benefits regardless of the incumbent’s partisan
identity. As evident from the discussion of its evolution as a policy proposal, on the contrary,

2See Golden and Min (2013) for a literature review
3Defined as a targeted attempt to weaken electoral discipline with relatively small individual transfer deliv-

ered personally (Finan and Schetcher, 2012).
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the RdC fits the definition of a partisan programmatic policy as it did not receive bi-partisan
support for its introduction, and a single party, the Five Stars Movement (M5S), claimed ex-
clusive credit for its implementation. To this extent, an analysis of its impact on the electoral
support for the M5S represents a unique case study for testing the "programmatic incum-
bent support hypothesis” when not all of the conditions of a purely programmatic policy
are met.
Finally, to understand and analyse dynamics related to voters’ disappointment, we draw on
the literature on populist policy-making. As described by Gori (2020) and discussed in the
previous sub-section, the procedural steps that led to the design and implementation of RdC
present some of the key features of a populist policy. In line with Bartha et al. (2020)’s def-
inition of populist policy-making, indeed, M5S officials involved in the design of the policy
have i) downplayed the role of technocratic expertise, ii) have sidelined veto-players and iii)
implemented fast and unpredictable policy changes, arguably with the aim of introducing
the program ahead of the European elections. As supported by the evidence of this research,
such features played a key role in explaining decisions made around the design and commu-
nication of the policy which in turn shaped voters’ response to it.

4.4 Data and descriptive findings

Our empirical analysis is based on a panel data set of all Italian municipalities (n=7911) whose
electoral results are observed in five nationwide elections. Three of them elected the lower
chamber of national Parliament (2013, 2018 and 2022) and two representatives at the Euro-
pean Parliament (2014 and 2019). They represent so far the only nationwide elections with
M5S participation. Our main outcome variable is the M5S share of valid votes.
To measure the intensity of RdC, we rely on information released by the National Social
Security Institute (INPS) that provides both the number of beneficiaries and the monetary
amount of benefits received at the municipality level in June 2019 and January 2020. We use
the latter to extrapolate the same indicator for September 2022 based on variations in the
share of RdC recipients observed at the province level. We then construct an indicator of
treatment intensity, measured as the total number of RdC beneficiaries with Italian or EU
nationalities4 over Italian residents in each municipality. Thus, our indicator of treatment
intensity is defined in each municipality m for t = 2019 and 2022

4We do not have information on the number of EU non-Italian citizens.
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Recipientsmt =
#Recipientsmt

#Residentsmt

. (4.1)

A first set of covariates relates to economic indicators made available by the Italian Ministry
of Economics and Finance. They are based on annual individual tax returns aggregated at
the municipality level. Most importantly, we use information that allows us to capture some
of the eligibility criteria for RdC such as the share of taxpayers, the distribution of taxpayers
into seven income-bands as well as the average estate income.
Finally, we use socio-demographic variables describing the number of foreign residents, the
average household size, and the share of unemployed individuals in each municipality pro-
vided by the Italian National Institute of Statistics (ISTAT).
Table 4.4.1 provides the descriptive statistics for the treatment and control variables, each
broken down between municipalities with treatment intensity below and above the median
value. As expected, the incidence of RdC beneficiaries correlates with variables related to the
eligibility requirements. In particular, municipalities with high RdC intensity show a higher
share of households with no or low income, lower real estate income, and lower shares of
foreign residents. Moreover, municipalities with a high incidence of RdC also show a higher
rate of unemployment, have on average larger families and less educated residents.
The geographical distribution of municipalities with high and low RdC incidence is also
uneven. As expected, in a country characterised by economic dualism, a high share (87.8%)
of municipalities with a low RdC incidence is located in the North, whereas 60.3% of those
with a high incidence are located in the South.
Table 4.4.2 presents the descriptive statistics for our main outcome variable. It provides a
breakdown by each of the four elections considered in the study, further divided among
municipalities with low and high RdC intensity. This breakdown allows us to observe how,
in 2013, the M5S share of votes was evenly distributed across municipalities with high and low
RdC intensity (and therefore other socio-economic characteristics discussed above), with
an average support of only 1.9pp higher in municipalities with an RdC incidence above the
median value. This gap more than doubled to 3.9pp at the 2014 European elections, to reach
13.3pp at the 2018 general elections. In 2019, the party almost halved its electoral consensus
and while the gap between the two groups of municipalities remained substantial, it dropped
to 11pp, to rise again slightly at the 2022 general elections to 11.3pp.
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Table 4.4.1: Descriptive statistics of independent variables

Mean SD Min Max

RdC intensity 0.027 0.026 0.000 0.212
Low RdC 0.008 0.005 0.000 0.017
High RdC 0.045 0.026 0.017 0.212

Eligibility Controls
No income 0.162 0.079 0.000 0.508

Low RdC 0.114 0.051 0.000 0.430
High RdC 0.209 0.075 0.000 0.508

Income 0-10k 0.259 0.075 0.096 0.952
Low RdC 0.228 0.064 0.130 0.952
High RdC 0.291 0.071 0.096 0.628

With estate income 0.371 0.084 0.050 0.625
Low RdC 0.413 0.069 0.088 0.625
High RdC 0.330 0.076 0.050 0.556

Estate income 1.024 640 77 28.209
Low RdC 1.109 745 77 28.209
High RdC 940 502 84 12.709

Foreigners 0.068 0.044 0.000 0.417
Low RdC 0.074 0.040 0.000 0.417
High RdC 0.062 0.046 0.000 0.336

Other controls
Unemployment 0.120 0.062 0.009 0.394

Low RdC 0.080 0.030 0.009 0.322
High RdC 0.160 0.060 0.011 0.394

Avg. family size 2.301 0.255 1.115 3.415
Low RdC 2.291 0.238 1.115 3.056
High RdC 2.312 0.269 1.167 3.415

Uni degree 0.078 0.029 0.000 0.289
Low RdC 0.076 0.029 0.000 0.289
High RdC 0.079 0.029 0.009 0.260

North 0.555 0.497 0.000 1.000
Low RdC 0.878 0.328 0.000 1.000
High RdC 0.235 0.424 0.000 1.000

Centre 0.123 0.328 0.000 1.000
Low RdC 0.084 0.277 0.000 1.000
High RdC 0.161 0.368 0.000 1.000

South 0.322 0.467 0.000 1.000
Low RdC 0.038 0.192 0.000 1.000
High RdC 0.603 0.489 0.000 1.000

Notes: Number of observations 9,711. RdC intensity is the
share of RdC beneficiaries in each municipality. Low RdC are
the municipalities with RdC share below the median value.
High RdC are municipalities with RdC intensity above its
median value. No income is the share of over-18 residents re-
porting no taxable income. Income 0-10k is the share of resi-
dents with yearly taxable income below€10,000. With estate
income is the share of residents reporting income from real es-
tate. Estate income is the average real estate income expressed
in euros. Foreigners is the share of foreign residents. Unem-
ployment is the share of unemployed residents. Avg family
size indicates the average family size in each municipality.Uni
degree is the share of residents with a university degree, North,
Centre, South indicate the macro area of each municipality.
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Table 4.4.2: Descriptive statistics of dependent variable

Mean SD Min Max

M5S Vote Share
2013 General elections 0.237 0.071 0.001 0.581

Low RdC 0.228 0.070 0.001 0.581
High RdC 0.247 0.070 0.044 0.563

2014 EU elections 0.195 0.065 0.000 0.633
Low RdC 0.176 0.057 0.000 0.494
High RdC 0.215 0.067 0.018 0.633

2018 General elections 0.297 0.117 0.000 0.736
Low RdC 0.230 0.075 0.000 0.711
High RdC 0.363 0.113 0.000 0.736

2019 EU elections 0.157 0.093 0.000 0.624
Low RdC 0.102 0.051 0.000 0.498
High RdC 0.212 0.092 0.000 0.624

2022 General elections 0.130 0.095 0.000 0.851
Low RdC 0.073 0.042 0.000 0.851
High RdC 0.186 0.099 0.000 0.593

Notes: Number of observations 9,711. M5S vote share is the
share of valid votes obtained by the M5S movement in each
municipality at the 2013, 2018 and 2022 elections for the lower
house of the Italian parliament (2013 General elections, 2018
General elections and 2022 General elections respectively) and
at the 2014 and 2019 European Parliament elections (2014 EU
elections and 2019 EU elections respectively). Low RdC are the
municipalities with RdC share below the median value. High
RdC are municipalities with RdC intensity above its median
value.

A clear trend emerges from this descriptive overview: support for the M5S is higher in ar-
eas where the incidence of RdC recipients is higher. Indeed, by pooling together election
data for the years following the introduction of the policy (2019 and 2022) in a simple OLS
model we find a positive and statistically significant correlation between the share of bene-
ficiaries and the M5S electoral performance at the municipality level. As illustrated in Table
4.4.3, a 1pp increase in the share of beneficiaries is associated with an increase in the share of
M5S votes ranging from 1.94pp to 0.68pp once we control for economic variables related to
the eligibility criteria of the measure and include a province level dummy. The descriptive
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evidence presented in Table 4.4.2, however, indicates how this trend seems to predate the
introduction of the RdC, with the party consistently increasing its support base in relatively
poorer areas. For this reason, we can not consider the correlation observed here as the effect
of introducing the RdC on the M5S electoral outcomes, and a more sophisticated strategy
is needed.

Table 4.4.3: Panel regression, European elections 2019 and general elections 2022

(1) (2) (3)
VARIABLES M5S votes share S votes share 5S votes share

% Beneficiaries 1.941*** 1.273*** 0.681***
(0.0206) (0.0259) (0.0237)

Year = 2019 0.106***
(0.000929)

Year = 2022 0.0667*** -0.0320*** -0.0317***
(0.00100) (0.000531) (0.000518)

Constant -0.0660*** 0.240***
(0.00712) (0.0106)

Observations 15,608 15,601 15,601
Number of codicecomune 7,900 7,899 7,899
Controls No Yes Yes
Province dummies No No Yes

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The depen-
dent variable is the share of M5S vote share at the 2019, and 2022. %Beneficiaries
is the share of RdC recipients in the municipality over the voting eligible popula-
tion. Columns (2) and (3) include the following controls: % of adult population
with no taxable income the % of adult population with income less than €10,000
per year, % of population with estate income and the average estate income.

4.5 Empirical framework

In our analysis, we use municipality level data that combine the intensity of the RdC and the
actual political support received by M5S. Our basic estimation strategy relies on a standard
two-way fixed effects regression:

Ymt = θt + ηm + β ·Recipientsm · Postt + vmt, (4.2)
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where Ymt denotes the percentage of votes cast for M5S over total votes in municipality m
in election years t =2018, 2019 and 2022, θt and ηm represent respectively time and munici-
pality fixed effects, Recepientsmt is our measure of treatment intensity defined in equation
4.1, and Postt is a dummy for the post treatment period. Our coefficient of interest is β and
captures the relationship between RdC intensity and M5S vote share. The standard errors
of our regressions are clustered at the municipality level.
Identifying the electoral impact of anti-poverty programs is challenging. Even with the ap-
propriate individual data that combine transfer receipt with voting behaviour, omitted vari-
able, and reverse causality are likely: first, social groups that benefit the most from these
programs have often ex-ante different political preferences (e.g. for parties that favor redis-
tribution). Second, politicians are likely to target specific groups such as core supporters
or swing voters. Hence a simple correlation between the RdC intensity and M5S electoral
results is not always informative on the causal effect of the policy on political support. To
address these problems, we apply a difference-in-differences design. More specifically, we use
equation 4.2 to compare the changes over time in electoral results of M5S in municipalities
with different intensities of RdC. Admittedly, even if this approach allows to control for
time-invariant municipality characteristics, it faces a further set of challenges.
First, differently from the "canonical" difference-in-difference model, our treatment is con-
tinuous, and hence to interpret beta (equation 4.2) as a causal response parameter, we need
a "stronger" parallel trends assumption. In particular, we need to assume that, for all inten-
sities (or doses) of treatment, the average change in outcomes over time across all units if
they had been assigned that amount of dose is the same as the average change in outcomes
over time for all units that experienced that dose (Callaway et al., 2021). Note that, differ-
ently from the standard parallel trend assumption that concerns only untreated potential
outcomes, this one involves potential outcomes under different doses.
A second challenge to the parallel trend assumption concerns the possibility that, given the
heterogeneity in dimensions extending beyond the distribution of RdC across municipali-
ties with different treatment intensities, contemporary shocks may affect differently munic-
ipality with more versus fewer recipients. For example, as depicted in Table 4.4.1, municipal-
ities with more recipients are predominantly located in the South. Hence, they may differ
in dimensions that affect the change of M5S electoral outcomes over time, leading to an in-
fringement of the standard parallel trend assumption. To alleviate this concern, we exploit
the eligibility requirements of RdC. As mentioned in Section 4.2.1, to be eligible households
must meet four criteria. The most important ones are (i) having an ISEE index lower than
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€9,360 and (ii) not owning a real estate property whose value exceeds€30,000. We can con-
trol separately for municipality-level variables that capture the two requirements while still
capturing variation in the actual intensity of RdC. Doing so allows us to compare munic-
ipalities with different exposure to the treatment as the result of the interaction of two or
more eligibility criteria, but otherwise similar along the other dimensions considered in the
model, thus capturing quasi-exogenous variations in treatment intensity (Vannutelli, 2023).
As mentioned in section 4.4, data from tax records provide us with information that can be
used as proxy measures for both income and real estate indicators at the municipality level,
allowing us to control for the main eligibility criteria in our specification model. A graphi-
cal demonstration of the quasi-exogenous variation in treatment intensity exploited in our
identification strategy is displayed in Figure 4.5.1. Panel A plots the distribution in the share
of RdC beneficiaries at the municipality level, while Panel B shows the residual variation,
after controlling for the income distribution and the real estate indicators. While a clear
geographic pattern is present in the former, this is less visible on the right, suggesting the
importance of including the eligibility-related controls.

Figure 4.5.1: Distribution of RdC beneficiaries at the municipality (Panel A) and of the resid-
ual variation, after controlling for the eligibility threshold (Panel B)

Building on equation 4.2, our second specification includes a set of eligibility criteria con-
trols as follows:
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Ymt = θt + ηm + β ·Recipientsmt · Postt + γ ·Xmt · Postt + vmt, (4.3)

where Xmt is a matrix of controls capturing the different eligibility criteria (i.e the % of non-
tax payers, the % of individuals with yearly income below€10,000, % of individuals with real
estate income, average real estate income) interacting with the dummy post which is equal
to one in the elections years 2019 and 2022, following the introduction of the RdC.
Finally, to test the robustness of our results, we exploit pre-treatment periods to relax the
common trend assumption (Angrist and Pischke, 2014). As shown in the previous Section,
pre-treatment outcomes trends have not been parallel between municipalities with different
doses of treatment: from year to year, M5S electoral electoral results improved in munic-
ipalities with high RdC intensity relative to municipalities with low RdC intensity. Note
that this was the case also in the 2014 European election when the overall M5S result was
lower than the 2013 National one. Nonparallel trends before the treatment are suggestive of
nonparallel trends after the treatment (in the absence of the treatment). For this reason, we
add to equation 4.3 a term for municipality-specific trends m · t as described in equation 4.4
presuming that, in the absence of the treatment, the M5S results would have deviated from
common year effects by following a linear trend within each municipality. In addition, we
expand t to include all nationwide election years in which the M5S took part, t=2013 and
t=2014:

Ymt = θt + ηm + β ·Recipientsmt · Postt + γ ·Xmt · Postt + λ ·m · t+ vmt. (4.4)

.

4.6 Results

We first apply our difference-in-differences strategy to the full sample of elections following
the introduction of the RdC. If we consider the most basic model (Column 1 in Table 4.6.1,
for each percentage point increase in the share of beneficiaries across municipalities, the share
of M5S votes drops by 0.137pp. However, once the eligibility criteria are included (Column
2), the effect of the introduction of the RdC becomes positive, leading to a 0.2pp increase in
the support for the M5S for every percentage point increase in the share of RdC beneficiaries.
If we relax the parallel trend assumption by exploiting electoral data from all elections the
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M5S partook in and by controlling for non-parallel trends at the municipality level (Column
3), we find that one percentage point increase in the local share of RdC beneficiaries is linked
to a 1.14pp drop in the share of votes for the M5S. Based on these findings, we cannot establish
whether the introduction of the RdC did in fact have an impact on the electoral support of
the M5S.

Table 4.6.1: Diff-in-Diff results, general elections 2022

(1) (2) (3)
VARIABLES % voti M5S % voti M5S % voti M5S

% Beneficiaries -0.137*** 0.191*** -1.143***
(0.0238) (0.0354) (0.0332)

Year = 2014 -0.0467
(0.624)

Year = 2018 0.0358
(3.121)

Year = 2019 -0.136*** -0.0409*** 0.00916
(0.000773) (0.00842) (3.745)

Year = 2022 -0.164*** -0.0728*** -0.0424
(0.000850) (0.00835) (5.618)

Constant 0.298*** 0.298*** 0.258
(0.000370) (0.000360) (2.607)

Observations 23,508 23,500 39,301
R-squared 0.945 0.948 0.930
Muncipaity Clustering Yes Yes Yes
Controls No Yes Yes
Muncipality-level trends No No Yes

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The depen-
dent variable is the share of M5S vote share at the 2018, 2019 and 2022 elections in
Columns (1) to (3), and at the 2013, 2014, 2018, 2019 and 2022 elections in Column
(4). %Beneficiaries is the share of RdC recipients in the municipality over the
voting eligible population. Columns (2) to (4) include the following controls: % of
adult population with no taxable income the % of adult population with income
less than €10,000 per year, % of population with estate income and the average es-
tate income.

A key potential limitation in our identification strategy relates to the possible presence of
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anticipatory effects. As previously discussed in Section 4.4, the introduction of RdC was
largely anticipated and the 2018 elections determined a crucial shift in the distribution of
the M5S electoral support which saw their consensus concentrating in the most economi-
cally deprived areas of the country. To further explore this possibility, we carry out a placebo
test in a difference-in-difference setting for both the 2014 and 2018 elections. Figure 4.6.1
plots the regression coefficients of the share of beneficiaries on the difference in M5S elec-
toral support in the 2014, 2018, 2019, and 2022 elections, controlling for the eligibility criteria
as described in equation 4.3. While the coefficient is not statistically significant for the 2014
European elections, we find a strong positive and statistically significant coefficient for the
2018 general elections. This finding suggests that the assumption of no anticipatory effects
is in fact problematic. It’s important to remember what was discussed in Section 4.2 in rela-
tion to how the electoral campaign leading up to the February 2018 vote was heavily centered
around the RdC proposal which likely swayed many voters, who self-identified as potential
beneficiaries, to vote for the M5S. Interestingly, and perhaps relatedly, the following elec-
tions (the first after the implementation of the RdC) present an opposite relation between
the M5S performance and the incidence of the RdC, while reverting back to positive and
statistically significant at the 2022 general elections. The combined effects of these contrast-
ing trends are likely the reason behind the inconsistent findings presented above. In light of
these results and given the complex nature of the politics which accompanied the RdC at
every stage of its evolution, from policy proposal to highly contested enacted measure, we
set out to examine the dynamics behind each election separately.
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Figure 4.6.1: Regression coefficients of RdC incidence on M5S electoral outcomes at the
2014 and 2019 European elections and 2018 and 2022 general elections.

4.6.1 Mechanism - Disappointment at the European 2019 elections

The 2019 European elections, held in May, were the first electoral contest held after the in-
troduction of the RdC in April of that year. Gori (2020) described the timeline of events
as strictly intentional, with the incumbent party rushing to implement the RdC into pol-
icy with the hope of capitalising on consensus for enacting their flagship electoral proposal.
For this reason, assessing the introduction of the RdC on the M5S electoral outcome at the
2019 European elections is relevant to understand the extent to which the party’s strategy
was successful.
By applying the same difference-in-difference approach of equation 4.3 to include only the
2018 and 2019 elections, our findings show a negative correlation in the share of RdC recip-
ients on the M5S vote share at the 2019 European elections. Table 4.6.2 (Column 2) shows
how this coefficient persists with the introduction of the eligibility threshold controls. A 1
pp. increase in the share of RdC beneficiaries is linked to a 0.22 pp. drop in support for the
M5S between the 2018 and 2019 elections. In June 2019, the average share of RdC recipients
among Italian residents was of 2.6%. Approximating by this figure, we can conclude that
the introduction of the RdC is associated, on average to a 0.59 pp. drop in the M5S votes
share between the 2018 and 2019 elections. The results are robust to a set of further checks.
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First, we can account for other exogenous shocks that occurred between the two elections,
such as the decision of the M5S to form a coalition government with the League, by includ-
ing an area-level dummy fixed effect in the model, (Column 3). Second, we can relax the
assumption of parallel trends by including all elections dating back to 2013 and inserting
municipality-level yearly trends (Column 4). Third, in order to control for any difference
in voters’ behaviour between the general and European elections, we compare the difference
between European and general elections in 2019 and 2018 with those of 2014 and 2013, by es-
timating a triple difference as our dependent variable (Column 5). The presence of a negative
and statistically significant coefficient persists across all the above specifications.

Table 4.6.2: Diff-in-Diff results 2019 European elections

(1) (2) (3) (4) (5)
VARIABLES % M5S votes % M5S votes % M5S votes % M5S votes Diff-Diff-Diff

% Beneficiaries -0.454*** -0.226*** -0.0875** -0.396*** -0.202***
(0.0256) (0.0425) (0.0408) (0.0368) (0.0567)

Year = 2019 -0.127***
(0.000725)

Constant 0.297*** 0.297*** 0.297*** 0.464 -0.0536***
(0.000263) (0.000257) (0.000250) (4.421) (0.00900)

Observations 15,800 15,792 15,792 31,596 7,896
R-squared 0.966 0.967 0.969 0.951 0.168
Municipality Clustering Yes Yes Yes Yes No
Controls No Yes Yes Yes Yes
Area fixed-effects No No Yes No No
Municipality-level trends No No No Yes No

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the
difference in M5S vote share between 2019 and 2018 elections for columns (1)-(4) and the double dif-
ference in M5S vote shares between 2019 and 2018 elections and 2014 and 2013 elections in column (5).
% Beneficiaries is the share of RdC recipients in the municipality in June 2019 over the voting eligible
population. Columns (2) to (5) include the following controls: % of adult population with no taxable
income the % of adult population with income less than€10,000 per year, % of population with estate
income and the average estate income.

The presence of an anticipation effect at the 2018 general elections leads us to consider how
the negative correlation observed in 2019 is reflective of widespread disappointment among
those voters who received the benefit. Aspects related to the policy design and its populist
nature are likely to have generated expectations that were successively unmet once the mea-
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sure was introduced. As previously discussed, the introduction of the RdC was preceded
by an electoral campaign in which the measure featured as one of the most prominent pol-
icy proposals. Party officials made frequent reference to the monthly sum of €780 as the
actual amount of cash handout for eligible households should the policy be implemented.
This messaging was a legacy of the policy proposal presented to the parliamentary chambers
in October 2013, which established the sum of €780 as the monthly income threshold for
households to be eligible. Bound by these electoral promises, M5S officials elected in gov-
ernment ensured that the sum was still a feature of the implemented policy by establishing
it as the maximum amount available to single-unit households with an ISEE score of zero.
In order to fulfill this promise while maintaining the overall expenditure of the program
within the limits agreed with their coalition partners, the trade-off was obtained at the ex-
pense of larger families with the introduction of a relatively less generous equivalence scale.
Further to this, the fixed amount of rental support made available is too a feature of the
policy set to disadvantage more numerous families who live in larger properties and there-
fore face higher rents. The result of these choices was that two months from the official
rollout of the scheme, the average benefit amount awarded was €450 per month for the 1m
beneficiaries across the country, well below the €780 figure so prominently present in the
movement communication campaign. Based on these considerations we expect large num-
bers of beneficiaries to be left disappointed by the amount of benefits received. We set out
to test this hypothesis in two ways. Firstly we include in our set of difference-in-difference
specifications a variable describing the average amount of RdC per recipient in each mu-
nicipality. By doing so we can test whether, by holding the share of beneficiaries constant,
support for the M5s varies in a significant way in line with variations in the average amount
of benefits awarded to each individual. Table 4.6.3 reports the findings of the regressions.
The positive coefficient of the RdC amount variable in all but one column included seems
to support our hypothesis: holding the share of recipients in each municipality constant,
the support for the M5S increases as the average amount of benefit awarded increases. The
analysis thus suggests that the coefficient of the treatment variable, the share of beneficiaries,
is related to the average amount awarded and therefore the negative overall effect observed
on the electoral support for the M5S at the 2019 European elections can be partly explained
by the lower-than-expected amount of benefits awarded.
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Table 4.6.3: Diff-in-Diff results with average RdC amount

(1) (2) (3) (4) (5)
VARIABLES % M5S votes % M5S votes % M5S votes % M5S votes Diff-Diff-Diff

% Beneficiaries -0.453*** -0.222*** -0.0836** -0.390*** -0.194***
(0.0255) (0.0426) (0.0408) (0.0368) (0.0567)

RdC amount -5.27e-06** 4.16e-06 4.39e-06* 6.47e-06** 8.73e-06**
(2.56e-06) (2.55e-06) (2.43e-06) (2.64e-06) (3.48e-06)

Year = 2019 -0.125***
(0.00146)

Constant 0.297*** 0.297*** 0.297*** 0.464 -0.0543***
(0.000263) (0.000257) (0.000250) (4.420) (0.00901)

Observations 15,800 15,792 15,792 31,596 7,896
R-squared 0.966 0.967 0.969 0.951 0.169
Muncipaity Clustering Yes Yes Yes Yes No
Controls No Yes Yes Yes Yes
Muncipality-level trends No No No Yes No
Area fixed-effects No No No Yes No

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the difference in
M5S vote share between 2019 and 2018 elections for columns (1)-(4) and the double difference in M5S vote shares
between 2019 and 2018 elections and 2014 and 2013 elections in column (5). % Beneficiaries is the share of RdC
recipients in the municipality in June 2019 over the voting eligible population. RdCamount is average RdC
monthly amount awarded per recipient in municipality m. Columns (2) to (5) include the following controls:
% of adult population with no taxable income the % of adult population with income less than €10,000 per
year, % of foreign-born, % of population with estate income and the average estate income.

In a similar fashion, we explore this mechanism further by focusing on the impact of spe-
cific features of the policy design on the electoral behaviour of beneficiaries in households of
varying sizes. By adopting an equivalence scale biased in favour of single households and by
establishing a flat amount of rental support, policymakers effectively introduced a measure
that leaves larger households with monetary support below their economic needs. As a result
of this, we expect beneficiaries voters living in larger families to show relatively less support
for the M5S than beneficiaries voters living in smaller households. We test this hypothesis by
inserting an interaction term between the share of beneficiaries and the average household
size of each municipality. Table 4.6.4 reports a negative and statistically significant coeffi-
cient in the interaction terms which supports our hypothesis further. Holding the share of
beneficiaries as constant, electoral support for the M5S at the 2019 European elections has
decreased in municipalities with larger average household sizes where voters expressed their
disappointment with regard to the insufficient amount of benefits received by withdrawing
their support from the incumbent party. These findings offer clear empirical evidence of
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how, despite investing an unprecedented amount of public funds in a redistributive policy
aimed at tackling poverty, poor choices around the communication strategy and the policy
design resulted in widespread disappointment among RdC beneficiaries reflected in a loss
of electoral support for the M5S. Moreover, they offer an example of how the principle of
reciprocity is indeed contingent on both the perceived value of the benefit received and the
recipients’ needs, which in this case were largely perceived as unmet.

Table 4.6.4: Diff-in-Diff results. Interaction with average family size

(1) (2) (3) (4) (5)
VARIABLES % M5S votes % M5S votes % M5S votes % M5S votes Diff-Diff-Diff

% Beneficiaries 0.0822 0.330* 0.531*** 0.580*** 0.468***
(0.176) (0.173) (0.163) (0.135) (0.159)

% Benefic. * Family Size -0.216*** -0.228*** -0.255*** -0.397*** -0.269***
(0.0715) (0.0712) (0.0665) (0.0535) (0.0631)

Year = 2014 -0.118
(1.468)

Year = 2018 -0.319
(7.339)

Year = 2019 -0.128*** -0.0516*** -0.436
(0.000734) (0.00781) (8.806)

Constant 0.297*** 0.297*** 0.297*** 0.464 -0.0734***
(0.000263) (0.000257) (0.000249) (4.403) (0.00820)

Observations 15,798 15,792 15,792 31,596 7,896
R-squared 0.966 0.967 0.969 0.951 0.181
Muncipaity Clustering Yes Yes Yes Yes Yes
Municipality-level trends No No No Yes No
Area fixed-effects No No Yes No No

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is the difference in
M5S vote share between 2019 and 2018 elections for columns (1)-(4) and the double difference in M5S vote shares
between 2019 and 2018 elections and 2014 and 2013 elections in column (5). %Beneficiaries is the share of
RdC recipients in the municipality in June 2019 over the voting eligible population. %Benefic.∗FamilySize
is the interaction term between the share of RdC recipients and the average family size in each municipality.
Columns (2) to (5) include the following controls: % of adult population with no taxable income the % of adult
population with income less than €10,000 per year, % of foreign-born, % of population with estate income and
the average estate income.
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4.6.2 Mechanisms - In defense of the policy at the 2022 general elec-
tions

Contrary to what was observed in 2019, our main findings suggest that the impact of the
RdC on the M5S electoral outcome at the 2022 general elections is positive. Our hypothesis
is that differences in the observed results between the two elections stem from differences
in the nature and the stakes of the elections themselves. While the former, held right after
the rollout of the RdC, did not yield direct consequences in relation to domestic issues, the
latter represented an electoral contest in which the future of the RdC was undoubtedly at
stake. As discussed in Subsection 4.2.2, the lead-up to the vote was characterised by a vocal
campaign by the elections front-runner and eventual winner, the right-wing party Brothers
of Italy (FdI), to replace the RdC with a new program that would reduce the number of
beneficiaries to a smaller cohort. Amidst this polarizing debate around the future of the
measure, our hypothesis is that voters in receipt of the RdC, faced with the concrete threat
of seeing their benefits withdrawn, turned once more towards the main political force in
support of the measure, the M5S.
To test this, we exploit the contemporary unfolding of two distinct elections held in the
region of Sicily. In September 2022, Sicilian voters were called to elect, alongside their rep-
resentatives in the national parliament, the president of the regional government as well as
the representatives of the regional assembly. All main parties, including the M5S, featured
on both ballots and the overall alignment across the different coalitions at the regional level
reflected the national political picture. Given the similarity in the options available and the
contemporaneity of the voting, we believe that differences in the outcomes between the two
elections stem from voters’ perceptions of parties’ different stands with respect to national
and regional issues, the RdC being one of them. A Sicilian voter in receipt of the RdC was
thus confronted with two ballots to be cast at the same time, both presenting almost identi-
cal voting options. The main difference, among others, is that on the general elections ballot
the continuation of the RdC was at stake.
Hence, we use regional election outcomes as a counterfactual and check whether the dif-
ference in the electoral outcomes of the M5S between the national and regional elections is
correlated with the distribution of RdC beneficiaries across Sicilian municipalities. Table
4.6.5 reports the results of these regressions. The most conservative estimates (Column 3)
indicate how for each percentage point increase in the incidence of RdC beneficiaries the
vote share of the M5S increased by 0.2pp between the regional and national elections. Given
the party overall difference of 13pp between the two contests (28.2% vs 15.2% at the general
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and regional elections respectively) and the mean incidence of RdC beneficiaries in Sicily of
12%, we estimate that the RdC accounts for between 6.18 pp and 2.5 pp in the difference of
M5S share of votes. While these findings are related to one of Italy’s 20 regions, the similar-
ity in the magnitude of the coefficients reported in Table 4.6.5 (Columns 2 and 3) and Table
4.6.1 (Column 2) is consistent with the results obtained at the national level.

Table 4.6.5: Regression results 2022 general elections and regional elections in Sicily

(1) (2) (3)
VARIABLES ∆%M5SSicily ∆%M5SSicily ∆%M5SSicily

% Beneficiaries 0.515*** 0.254** 0.204**
(0.0727) (0.106) (0.0993)

% No income 0.324*** -0.0190
(0.0753) (0.0822)

% Pop. 0-10k 0.0204 -0.122*
(0.0708) (0.0706)

% Pop. estate income 0.112* -0.100
(0.0594) (0.0628)

Average estate income -3.22e-05*** -3.02e-05***
(7.60e-06) (7.21e-06)

Constant 0.0915*** 0.0168 0.255***
(0.00708) (0.0475) (0.0536)

Observations 390 390 390
R-squared 0.114 0.192 0.348
Controls No Yes Yes
Province fixed effects No No Yes

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The dependent
variable is the difference in the M5S vote share between the 2022 general and regional
elections in Sicily . %Beneficiaries is the share of RdC recipients in the municipality
over the voting eligible population. Columns (3) to (4) include the following controls:
% of adult population with no taxable income the % of adult population with income
less than €10,000 per year, % of population with estate income and the average estate
income. Column (4) includes a dummy variable for each of Sicily’s nine provinces.

In addition, we carry out an analysis of the flow of votes between the two elections held
in Sicily in September 2022 to explore whether we observe related trends for parties with
different stands and pledges in relation to the RdC. Figure 4.6.2 plots the coefficients of
the treatment variable share of RdC beneficiaries regressed on the variation in the share of
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votes between the 2022 general and regional elections in Sicily for Italy’s three largest parties,
namely Brothers of Italy (FdI), the Democratic Party (PD) and M5S. For PD, a party that
voted against the introduction of the policy in 2019 but later supported the program, we find
no effect. On the contrary, our analysis suggests how for FdI, which nationally obtained over
26.0% of votes and ran on a manifesto pledging to replace the RdC with a less generous pro-
gram, the difference in electoral outcomes between the two elections is negatively correlated
with the local incidence of RdC beneficiaries. The similar magnitude in the coefficient of
the opposite sign compared to what was observed for the M5S indicates a trend among Si-
cilian voters in receipt of the RdC away from FdI on the national ballot, supporting our
hypothesis of a "tactical" and self-interested voting behaviour by RdC recipients once the
cash transfer program is at stake.

Figure 4.6.2: Regression coefficients of RdC intensity on the difference between the elec-
toral outcomes of the three main parties at the 2022 general and regional elections across 390
municipalities in Sicily.

4.7 Conclusion

This chapter provides an account of the political consequences of the recent process of po-
larization which characterised the public debate around poverty and the tools to contrast
it in Italy over the course of the last decade. In particular, it described the process leading
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the M5S, an anti-establishment and populist party, to become the first political force among
voters in the most economically disadvantaged areas of the country. In trying to assess the
causal impact of the RdC on the M5S electoral outcome, it unveiled how voters responded
to the electoral promise of a generous cash transfer program by supporting the party at the
2018 general elections and successively expressed their disappointment with how the pro-
gram was enacted by withdrawing their support at the 2019 European elections. Our empir-
ical strategy suggests how such disappointment is systematically correlated with the average
family size at the municipality level, as the result of a communication strategy and policy
design biased towards single households. Under the pledge to replace the RdC with a less
generous program made by the main opposition party, however, we find a positive effect
of the RdC on the M5S electoral outcome at the 2022 general elections. The findings of
this study contribute important evidence to the vast literature on redistributive policies and
voting behavior. First, they support the argument that the politics behind these measures
play a crucial role (Imai et al., 2020). In the case of a partisan programmatic policy like the
RdC, voters seem to clearly respond to parties’ stands on the policy and cast their prefer-
ences accordingly. Whether this is reflected in support or not for the incumbent, however, it
depends on the interacting combination of the type of elections (i.e. whether the policy is at
stake on the ballot) and the extent to which voters’ expectations were met. On the latter, the
findings emerging from this case study indicate how aspects associated with populist policy-
making can in fact backfire when voters perceive that electoral pledges are unmet. Overall
these findings suggest how empirical studies on the political consequences of redistributive
policies cannot do without an analysis of the characteristics and nature of such policies, as
well as considerations of the characteristics of the very elections.



Chapter 5

Conclusions

This doctoral thesis studies the evolving landscape of poverty in Italy and assesses the target-
ing performance and political consequences of the largest national anti-poverty program, the
RdC. Across the different chapters, we investigate how poverty is produced and reproduced
by geographical inequalities, shedding light on the nexus between de-industrialisation, in-
work and absolute poverty as well as social welfare schemes. We then highlight the politi-
cal economy of such schemes by investigating their political consequences in the context of
increasing polarisation around the issue of poverty and welfare schemes. Throughout the
chapters, we apply statistical and econometrics models to survey and administrative data to
provide evidence at a granular geographical level, thus expanding the contribution of data
science to social science research.
Chapter 2 acknowledges how the phenomenon of in-work poverty and the process of de-
industrialisation are interrelated. In particular, we provide a fine spatial mapping of how
in-work poverty evolved across non-administrative small-area boundaries and correlate its
distribution by changes in local sectoral employment in the context of de-industrialisation.
Chapter 3 focuses on the Citizen Income (RdC) as the most extensive anti-poverty program
ever introduced in the country. Using small-area estimation techniques, it provides novel
and policy-relevant insights into the targeting performance of the scheme after its introduc-
tion in 2019. Moreover, the analysis provides tangible suggestions on how the policy could
be improved to ensure it reaches a wider cohort of households living in poverty. Chapter
4 looks at the political consequences of introducing the RdC. We study how the partisan
nature of the measure shaped voters’ responses to it, with a focus on the electoral perfor-
mance of the 5 Star Movement, the party which introduced it. We find that, in a context of
high political polarization around this anti-poverty measure, voters are indeed sensitive to
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electoral pledges, form expectations accordingly, and cast their votes strategically. Overall,
the present analyses depict the state-of-the-art of Italy’s efforts to reduce poverty and raise
questions about its dimensions of policy and politics.
Several policy implications emerge from these results. First, low-pay work and in-work
poverty are linked to both the local demand for labour and the type of jobs. Employment
programs and active labour market policy on one hand, and industrial policies on the other
must consider the wage implications alongside overall employment effects as part of their
interventions. Second, anti-poverty cash transfers should take into account the geographical
heterogeneity of needs, for example by linking housing support to regional rent and prop-
erty prices and removing local barriers to accessing support. Third, during both the design
and implementation of these measures, political communication should be balanced and
consider the extent to which resources available can be more effectively allocated to meet
the needs of targeted households. Failure to do so can undermine the political acceptabil-
ity of the measures and result in further discontent among underprivileged social groups.
Together, these findings highlight the urgency of effective measures to contrast the rising
phenomenon of poverty in Italy as characterised by widening geographical inequalities.
The takeaways from this dissertation can be summed up as follows. In a context of a deep
regional divide and geographical inequalities, the paradigm of a place-based approach to re-
gional development policies as developed by Barca (2009) is essential in order to overcome
underdevelopment traps and tackle social exclusion. These goals are enshrined in the UN
2030 Agenda for Sustainable Development whose core principles are to leave no one behind
and ensure that development targets are met for all individuals. For it to succeed, place-based
strategies must facilitate partnerships between different levels of governance and recognise
the importance of local knowledge to guide interventions. This approach hinge upon the
availability of robust and timely evidence of socio-economic phenomena described at the
granular level of detail. This dissertation is a testament to the potential that a local approach
to social statistics can yield despite the limitations related to access to data. More pervasive
and systematised use of administrative records at the micro-data level should represent the
minimum condition for future academic and policy research on these issues. In addition, as
highlighted in this dissertation, the challenges and possibilities ushered with the rise of the
big data era call for the production of socio-economic data that are i) obtained from the in-
tegration of different thematic domains, ii) easily accessible and allow for the application of
model inference methods and iii) granular in order to enable targeting, monitoring and pol-
icy evaluation. Based on these considerations, future lines of research could benefit from ac-
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cess to administrative microdata in different ways. In relation to the study of in-work poverty
and sectoral employment, access to geo-localised microdata on earnings and employment
would allow unpacking the findings observed around the role that sectors traditionally asso-
ciated with low productivity and low wages play against a backdrop of de-industrialisation
and economic contraction as present in the Southern Italian context. Further studies of the
targeting of the RdC should assess the extent to which the measure has been effective in
providing a safety net for the unprecedented loss of income as the results of the lockdown
imposed to contain the spread of COVID-19, by combining data on RdC beneficiaries with
tax returns registers. Finally, concerning Chapter 4 it is important to keep tracking the po-
litical evolution of the measure since a newly-elected right-wing government has announced
to be restricting the pool of beneficiaries. Based on newly available data following the an-
nounced changes, further research should to study the response by affected voters as soon as
the next European elections.
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