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Abstract

This paper analyses the relationships between income inequality, monetary poverty and economic growth 
for a sample of 30 European economies over the period 2004-2020. To do so, we adopt a novel approach, 
based on a dynamic analysis that takes into account the variability that can occur in the evolution of these 
relationships over the period analysed. The proposed panel-VAR model allows us to perform a Granger 
causality analysis between the variables mentioned. In a second stage, we complete this analysis with the 
application of the iterative PC algorithm that allows us to interpret the results of the model by defining the 
corresponding causal graphs. For the empirical analysis we use micro-data from the EU-SILC database for 
the period 2004-2020. The results obtained show that, for the set of economies analysed, inequality has a 
positive effect on poverty. Moreover, we also find that this dynamic is reversed, with a double positive cau-
sality between these variables. In addition, we do not find evidence of a poverty or inequality reducing effect 
of economic growth. However, we find that these results differ across countries, depending on the type of 
welfare state in place. 
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1. 	 Introduction

In recent years, there has been a surge in 
the number of papers focusing on the analy-
sis of the effects of poverty and inequality on 
economic growth. In this paper, we revisit this 
topic aiming to contribute along the following 
lines. First, most studies adopt a comparative 
statics approach, with the causal dynamics 
perspective being relatively neglected. Second, 
on the other hand, these issues have been ad-
dressed from a bilateral point of view, focu-
sing exclusively on one of the distributional 
dimensions and its effect on economic grow-
th. Nevertheless, for a proper interpretation 
of this complex phenomenon, it is necessary 
to broaden the focus of analysis and include 
both variables simultaneously, as they not only 
represent different distributional phenome-
na, each with its own potential effects on eco-
nomic growth, but can also affect each other.

This paper proposes a new methodolo-
gical approach to analyse, from an empirical 
perspective, the dynamic causal relationships 
between inequality, poverty and economic 
growth. The effects of inequality on economic 
growth have been thoroughly studied, both 
from a theoretical and empirical point of view. 
From the theoretical point of view, therefore, 
we find numerous models that, through di-
fferent causal mechanisms, predict a positive 
effect (Bourguignon, 1981; Lazear and Rosen, 
1981). Likewise, we also find models that ar-
gue for the opposite effect (Bertola, 1993; Ale-
sina and Rodrick, 1994; Persson and Tabellini, 
1994; Perotti, 1996). From an empirical point of 
view, there is no greater consensus on the mea-
ning of the relationship, but one finds different 
methodological approaches that lead to very 
different results for different periods and/or 
societies. Although these differences may stem 
partially from the empirical strategy adopted, 
we believe it is of interest to contribute to clari-
fying the fundamental determinants of the re-
lationships between the dimensions analysed.

As regards the studies that analyse the 
growth-poverty relationship, although we find 
numerous studies that define different trans-
mission mechanisms, the studies that attempt 
to provide empirical support are scarcer in 
number. Thus, much of the empirical work 
focuses on calculating the elasticity of the po-
verty-growth relationship, generally finding 
an inverse relationship between poverty and 
growth variables (Adams, 2004; Ravallion and 

Chen, 1997). We also highlight the pro-poor 
growth literature, which focuses on identi-
fying whether economic growth has direct 
effects on individuals with lower incomes or 
alternatively, whether an unequal distribution 
of gains would lead to higher levels of poverty 
(Kakwani and Pernia, 2000; Ravallion, 2004). 
However, most of these works have a number 
of common technical features that make them 
relatively distant from our study. Firstly, the 
analysis tends to focus on countries at a lower 
stage of development, with papers looking 
specifically at advanced European economies 
being less common. Likewise, the way poverty 
is measured, typically using common/absolute 
poverty lines, also differs from the one adopted 
in this paper, where we rely on relative measu-
res. Finally, it is also recognised in the empi-
rical literature that the intensity of the grow-
th-poverty relationship is influenced by the 
sectoral composition of growth. In this sense, 
we believe that adopting a dynamic perspecti-
ve allows us, to a certain extent, to address the 
various changes that take place in this context. 

The aim of this paper is to analyse the 
causal relationships linking economic grow-
th, poverty and inequality. To this end, we 
propose a new approach, novel in some di-
mensions, which is based on analysing the 
information present in the data (data driven 
approach). We construct a yearly frequen-
cy database covering 30 European countries 
(26 EU member states, Switzerland, Iceland, 
Norway and the United Kingdom) for the pe-
riod 2004-2020. The set of countries included 
have different institutional characteristics and 
welfare states, which allows them to be clas-
sified into different groups and to analyse the 
existence of common patterns in each of them. 

Our empirical analysis strategy is structu-
red in the following stages. First, we carry out 
a first exploratory exercise in which we analy-
se the direction and magnitude of the co-mo-
vements between the different variables. To do 
so, we calculate the cross-correlation function 
(CCF) between the different variable pairs for 
the entire sample and for the different units 
that compose the sample. In a second stage, we 
establish our baseline specification, which con-
sists of a panel-VAR model in which we include 
the variables mentioned above and carry out 
a causality analysis by studying the p-values 
obtained after performing a Granger causali-
ty test for each of the possible relationships. 
Finally, all the information is combined with 
the application of the iterative PC algorithm - 
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in its stable version, introduced by Colombo 
and Maathuis (2014)- that allows us to inter-
pret the model results in line with the causal 
graph literature (Lauritzen and Richardson, 
2002; Demiralp and Hoover, 2003; Eichler, 
2007). This algorithm provides a useful and 
novel tool to clarify inconclusive relationships1 
. Such algorithms are based on conditional in-
dependence tests to obtain information about 
the underlying causal structure of a given phe-
nomenon (Spirtes et al., 2000). Doing so, we 
rely on two branches of literature which, to our 
knowledge, have hitherto been independent of 
each other. On the one hand, that which studies 
causality in panel-var models and, on the other 
hand, that dedicated to graphical methods.

The advantages of the approach we pro-
pose are related to certain methodological 
difficulties encountered in the existing lite-
rature. First, we carry out a dynamic analysis 
that takes into account the variability that can 
occur in the evolution of these relationships 
over the period analysed. Furthermore, our 
methodological approach does not impose an 
a priori causal structure, but explores patterns 
of dependence present in the data, conside-
ring the potential existence of all directions of 
causality. Moreover, the results derived from 
the approach we apply here are not limited to 
the study of correlation but are interpretable 
in terms of causality (Granger-causality). An 
approach that, at the same time, allows us to 
increase the number of relevant variables in 
the analysis, usually reduced to two in causa-
lity studies using panel-VAR models. Finally, 
the versatility of the methodology we propo-
se enables us to obtain results both for the 
total number of countries in the sample and 
for different subgroups, which makes it easier 
to carry out robustness analyses that, in turn, 
make it possible to identify common patterns. 

The rest of the paper is structured as fo-
llows: Section two conducts a literature re-
view of both theoretical and empirical wor-
ks. The third section describes the data used, 
in addition to an initial descriptive analysis. 
In section four we present the proposed me-
thodology and in section five we present the 
results. Finally, the sixth section concludes.

1	 Algorithms of this type have been commonly used 
in other areas of knowledge, although they are increasingly 
being applied to a variety of economic research questions

2. 	 Literature Review

Although the studies analysing the re-
lationship between inequality, poverty and 
economic growth are numerous and diverse, 
one could point to the seminal work of Kuz-
nets (1955) as the starting point for the de-
velopment of this branch of literature. In an 
effort to synthesise, and without the inten-
tion of being exhaustive, we review the main 
strands of literature that relate to our study.

Firstly, this work is strongly related to 
those that analyse the relationship between 
inequality and economic growth from an 
analytical point of view. There are several me-
chanisms that could explain both the positive 
and negative effects of inequality on economic 
growth. Thus, we found different theoretical 
works suggesting different transmission me-
chanisms through which a negative relations-
hip would occur, which means that inequality 
cause a disincentive effect on growth. The first 
of these mechanisms refers to political deci-
sions as a fundamental channel. Faced with a 
more unequal distribution of income, society 
would choose to demand policy options that 
include redistributive policies in their pro-
grammes, with capital as the main target, or 
that reduce reliance on pro-bussisness po-
licies. Therefore, the reduction of economic 
growth would occur through the implementa-
tion of these policies. An alternative, but stron-
gly related, transmission mechanism predicts 
that social discontent derived from the preva-
lence of high levels of inequality could transla-
te into episodes of violence and social conflict 
that would directly damage economic grow-
th, both through institutional credibility and 
through the destruction of assets. Among this 
group are the works of Bertola (1993), Alesi-
na and Rodrik (1994), Persson and Tabellini 
(1994) and Perotti (1996). Finally, we also find 
work that points to underinvestment in human 
capital as a reason for lower economic grow-
th, at least below potential growth. Thus, Galor 
and Zeira (1992) and Galor and Moav (2004) 
propose a model in which, in the face of finan-
cial market imperfections, an unequal distri-
bution means that only those individuals with 
sufficient wealth can invest in human capital.

A number of causal mechanisms suppor-
ting the existence of a positive effect are also 
found in the theoretical literature. Thus, Kal-
dor (1955) and Bourguignon (1981) argue 
that aggregate savings and their effect on capi-
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tal accumulation is one of the main drivers of 
economic growth, and therefore, channelling 
resources to those with a greater propensity 
to save, those individuals with greater resour-
ces, would have a positive effect on economic 
growth. We find work predicting that high le-
vels of inequality encourage "hard work" and 
riskier financial decisions in search of higher 
returns, potentially having a positive effect on 
economic growth. (Lazear and Rosen, 1981; 
Okun, 1975). Similarly, Foellmi and Zweimü-
ller (2006) propose a model in which a more 
equal distribution results in a disincenti-
ve to innovation and thus reduces growth.

Similarly, and directly related to our analy-
sis, we find a large body of work that contri-
butes to the empirical testing of these mecha-
nisms. However, no clear consensus has been 
reached on the sign or intensity of this rela-
tionship. The nature of the empirical work is 
very heterogeneous, which may be a potential 
explanation for the divergence of the results 
obtained. The most significant variations ari-
se mainly from the structure of the data and 
the estimators used, but also from the data-
base chosen and the inequality measure to be 
analysed. Thus, the first empirical contribu-
tions used cross-sectional data to investigate 
the sign of this relationship. Among others, the 
work of Alesina and Rodrik (1994), Persson 
and Tabellini (1994), Perotti (1996) and De-
ninger and Squiere (1998) stand out. However, 
and partly explained by the improved availabi-
lity of panel data, a large part of the most recent 
studies makes use of this type of data2. Thus, 
we cite, for example, the studies by Li and Zou 
(1998), Forbes (2000), Barro (2000)3. On the 
other hand, we also highlight several papers 
that, pointing to the greater complexity of the 
relationship suggested in the theoretical mo-
dels, emphasise a specific aspect of the analy-
sis, with the aim of capturing this complexity. 
Thus, Voitchovsky (2005) studies the effect of 
inequality on growth depending on the distri-
bution quintile in which it occurs, finding that 
it is positive in the higher brackets, while the 
opposite is true for the lower brackets. In Hal-
ter et al. (2014) differentiate between effects 
that occur in the short term, which are bene-
ficial for growth, and those that operate in the 
long term, which have the opposite effect. Ba-

2	 In particular, we highlight the influence on the 
development of the empirical literature of the database 
published by Deniguer and Squire (1996).
3	 More comprehensive literature reviews can be 
found in Cingano (2014) or Cerra et al. (2021).

narjee and Dufflo (2003) investigate whether 
the relationship that occurs between the varia-
bles is linear, finding that trying to impose this 
form of relationship does not seem to be su-
pported by the data. Castelló-Climent (2010) 
distinguishes according to the level of develo-
pment of the region, finding that the effect is 
negative in middle- and low-income countries. 

The second line of research that relates 
directly to our work is that which focuses on 
analysing how poverty is related to economic 
growth. As with inequality, there is a large 
theoretical literature that presents different 
models identifying the potential channels 
through which this effect would be transmit-
ted. As one of the fundamental thematic lines, 
we highlight, on the one hand, the works that 
point to the existence of poverty traps. These 
are based on the existence of various under-
lying mechanisms which, on the one hand, 
prevent part of the population from attaining 
certain levels of assets and, on the other hand, 
and fundamentally, reinforce on themselves, 
thus perpetuating this situation. Thus, on the 
one hand, some of the mechanisms operate 
through the personal/psychological characte-
ristics of the poorer population, such as having 
a higher propensity to consume unproducti-
ve goods (Banerjee and Mullainathan, 2010), 
the need to spend more of their time on ensu-
ring the satisfaction of basic needs or greater 
risk aversion (Shah et al (2012) and Banarjee 
(2000), respectively). On the other hand, other 
mechanisms are based on the existence of re-
source or credit constraints that result in un-
derinvestment in physical or human capital as-
sets (Banarjee and Newman, 1993). In the most 
extreme cases, part of the population may su-
ffer from malnutrition, affecting their physical 
and cognitive performance and thus potential 
economic growth (Dasgupta and Ray, 1986).  

As regards empirical research on the 
relationship between the two variables, in 
contrast to analytical models, we find a lar-
ge number of papers that analyse the impact 
of economic growth on poverty, especially 
from the perspective of development econo-
mics. Some of this work focuses on analysing 
the relationship between the growth of the 
lowest incomes in an economy and average 
growth, generally concluding that the benefit 
of economic growth reaches the poor as well 
as the rest of society (Dollar and Kraay, 2002; 
Dollar et al., 2016). In turn, Adams (2004) and 
Ravallion and Chen (1997) estimate the grow-
th-poverty elasticity for a number of develo-
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ping countries, obtaining an impact ranging 
between 2% and 3%. Others try to explain the 
different magnitude of the effect by looking 
at the type of growth, mainly at the sectoral 
composition, or at the initial economic condi-
tions. Thus, among others, Loayza and Raddatz 
(2009) analyse the effect of economic growth 
on poverty reduction at various levels of di-
saggregation of production for a group of de-
veloping countries. Ferreira et al. (2009) con-
duct a similar exercise but focusing on Brazil.

Finally, although somewhat less nume-
rous, we also highlight a branch of the empi-
rical literature that not only takes into account 
the individual link between some of the dis-
tributional variables and economic growth, 
but also takes into account a possible interac-
tion between these distributional variables. 
Bluhm et al. (2018) find that the initial level 
of inequality mitigates the poverty-reducing 
effect of economic growth for a group of 124 
countries. Marrero and Servén (2021), for 
their part, analyse the links between econo-
mic growth and inequality and poverty, con-
sidering the possibility of indirect effects 
through the interaction of the latter two.

3	 Data.

The dataset we use to carry out our em-
pirical analysis is drawn from the various 
releases of cross-sectional microdata from 
the European Survey of Income and Living 
Conditions (EUSILC) over the period 2004-
2020. This survey is carried out annually and 
contains, among other things, income data, 
both at individual and aggregate household 
level, as well as demographic and social cha-
racteristics of households. It is designed as 
a rotating panel survey, whereby the same 
household is followed for four consecutive 
years, with 25% of the sample being renewed 
each year. Currently, the EU-SILC sample size 
is approximately 141,000 households and 
290,650 individuals for cross-sectional data.

Using this data source offers several ad-
vantages compared to other databases com-
monly found in the literature. Firstly, it mini-
mises the measurement error common in this 
type of empirical work4 and enhances compa-

TABLES AND FIGURES 

 

Figure 1. Prior theoretical insights on the links between variables. 

 
Source: Own elaboration 

Figure 2. Evolution of income. 

 
Source: Own elaboration using EUSILC data 

 

4	 Atkinson and Brandolini (2001) point out the 
potential comparability problems that often arise in such 
studies when using less consistent databases.
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rability between countries, since the question-
naires, data collection, coding of variables and 
the different weighting systems are harmoni-
sed at European level. Although using only this 
database restricts us both in the number of 
countries we could include in the sample and 
in the length of the time interval, we believe 
that this is compensated by the improvement 
in the quality and homogenisation of the data. 
Additionally, this survey presents a broad and 
detailed coverage of the different sources of 
household income. This will allow us to iden-
tify different income stages, depending on the 
different intervention of the public sector and, 
especially, to put the emphasis on the effect 
of intervention via expenditure or via the tax 
system. We follow Goerlich (2016) and calcu-
late the following income variables: Market 
Income, which for each household we add up 
the total of wages, self-employment income 
and capital gains; Gross Income, which, on the 
basis of market income, also includes public 
and inter-household cash transfers, and, fina-
lly, Disposable Income, from which taxes paid 
by households must be subtracted5. In this 
paper we have opted to take gross income as 
the benchmark definition of income. The main 
reason is that it includes income earned by in-
dividuals in the market but also old-age bene-
fits6. People who receive this benefit as their 
main source of income would not be included 
in the market income and this would distort or 
misrepresent the results obtained in terms of 
inequality and poverty. Moreover, this strate-
gy allows us to emphasise the role that public 
intervention has played in changing causal re-
lationships, depending on whether we focus 
on cash transfers or on the direct tax system.

Based on the different definitions of inco-
me mentioned above, we calculate different 
indicators that allow us to capture the evo-
lution of each of the distributional variables 
of interest, following the usual standardisa-
tions in the literature. We use the Gini index 
as a measure of income inequality and the 
Anchored Poverty Rate as a measure of mo-
netary poverty. This poverty measure indica-
tes the percentage of the population below a 
certain threshold or poverty line, defined as 
60% of the median income in each country. 
It is therefore a measure of relative poverty 

5	 Eurostat offers access to different databases of 
distributional variables. However, in this paper we adopt 
different definitions of income, so we have had to calculate 
our indicators from the micro-data.
6	 In addition to other income benefits.

and, in this analysis, we have decided to con-
sider 2007 as the reference year, as this is the 
first year for which we have observations for 
all the countries in the sample. Although it 
is common in this type of empirical exercise 
to adopt an absolute measure of poverty, the 
idea behind our choice is that poverty is a so-
cial environment-dependent phenomenon.

The observational unit for the computa-
tion of the index is the household, since, on the 
one hand, we believe that the main decisions 
regarding income and expenditure are genera-
lly taken at household level and, on the other 
hand, it allows us to exploit all sources of in-
come collected at household level without ha-
ving to make any assumptions about how the-
se are distributed. Income variables have been 
adjusted for differences in household size and 
composition using the OECD equivalence scale. 
In addition, all indices are obtained using the 
sampling weights provided by Eurostat. Finally, 
as a measure of economic growth, we have cal-
culated the rate of real GDP per capita growth.

To sum up, from the calculation of these 
indices for each country we have constructed 
the panel data that we will use for our empiri-
cal analysis. This is an annual frequency panel 
with 487 year/country observations for the 
variables economic growth, income inequality 
and monetary poverty for 30 European eco-
nomies over the period 2004-20207-8. Thus, 
26 EU member states are included, as well as 
Switzerland, Iceland, Norway and the United 
Kingdom. The choice of this period forces us to 
disregard the data for Serbia and Croatia, as the 
length of their series is significantly shorter.

3.1 Definition of country groups

In line with the objective of this paper, we 
have classified the countries9 in our sample 
into different groups, based on relatively com-
mon characteristics of their public systems, 
in order to analyse the existence of common 
patterns. We have used the literature on the 
different typologies of welfare states, largely 
influenced by the work of Esping-Andersen 
(1990), as a frame of reference for the for-

7	 The length of the series is not the same for all 
countries included in the sample, so we are working on an 
unbalanced panel.
8	 It should be noted that the data collected in the 
survey refer to the period prior to the year of publication.
9	 The different groupings are carried out on the 
basis of the country specific results of the different results.
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mation of these groups10. In it, the author es-
tablishes for a group of OECD countries three 
different types of welfare regimes, according 
to the degree of decommodification and so-
cial stratification, namely the social demo-
cratic model, the conservative-corporatist 
model and the liberal model. Later contribu-
tions extend this classification by distingui-
shing a Southern European or Mediterranean 
model (Ferrera, 1996) or models specific to 
post-communist countries (Fenger, 2007).

Starting from the seminal Esping-Ander-
sen classification and incorporating the sub-
sequent contributions mentioned above, we 
have classified the 30 European economies 
into the following groups: liberal model (LM- 
United Kingdom, Ireland and Iceland); con-
servative-corporatist model (CCM - Austria, 
Belgium, Germany, France, Switzerland, Lu-
xembourg and Netherlands) social democratic 
model (SDM- Finland, Sweden, Norway and 
Denmark); mediterranean model (MM- Spain, 
Italy, Greece, Portugal, Malta and Cyprus); 
post-communist European model (PCEM - Bul-
garia, Czech Republic, Hungary, Poland, Slova-
kia and Slovenia); former USSR model (FUM 
- Estonia, Latvia and Lithuania ) and finally, 
weak welfare state model (WWM-Romania).

Although this type of classificatory effort 
has well-known weaknesses, such as the hete-
rogeneity of the different groups, the assump-
tion that the characteristics of public systems 
are continuous over time or that the classifi-
cation responds to ideal types of welfare state, 
we do believe that it can be useful as an ex-
ploratory exercise to identify common trends.

3.2 Descriptive comparative analysis

Figure 2 shows the evolution over time of 
the different income definitions for the total 
number of countries in the sample for the pe-
riod 2004-2020. This shows the impact of the 
financial crisis on the evolution of income and, 
in particular, on market income, causing it to 
fall continuously from 2008 until 201411, the 
year in which the economic recovery began. At 
the same time, it is also noted that, although 
market income movements are more volatile, 

10	 It is not the purpose of this paper to analyse 
in depth the classification proposed in Esping-Andersen 
(1990). For a more detailed study we refer to Muñoz de 
Bustillo (2019).
11	 It should be noted that some countries started the 
recovery period earlier than others.

this is not fully transmitted to the rest of the 
income definitions. Thus, we observe that the 
difference between gross income and dispo-
sable income remains relatively constant over 
the period and the evolution of both income 
definitions is more stable. This would indi-
cate the key role played by different welfare 
states in partially absorbing economic shocks.

Figure 3 shows the evolution of each of the 
distributional indicators in the different inco-
me stages and shows the value at the beginning 
and at the end of the period. Those countries 
that are above the bisector have suffered an 
increase in the values of their indicators and, 
therefore, a worsening in social welfare, with 
the further away from the line, the greater the 
worsening12. The following ideas can be drawn 
from Figure 2. On the one hand, in all four pa-
nels it appears that most countries are around 
the dividing line, so that, in general terms, the 
reduction in inequality and poverty has not 
been as expected. Not only that, but some of 
the countries are in a worse situation than at 
the beginning of the period. On the other hand, 
there is a certain symmetry between countries 
that worsen in terms of inequality and those 
that worsen in terms of poverty, which could 
be evidence that there is some relationship be-
tween these variables and, therefore, it seems 
to be convenient to contemplate both variables 
in this type of empirical exercises. In terms of 
welfare state typologies, it appears that, in ter-
ms of both inequality and poverty, countries 
that do not worsen are classified in groups as-
sociated with more consolidated welfare states.

12	 Similarly, those countries that fall below the 
dividing line will have experienced an improvement in their 
social indicators, with the greater the distance, the greater 
the magnitude of this improvement.

TABLES AND FIGURES 

 

Figure 1. Prior theoretical insights on the links between variables. 

 
Source: Own elaboration 

Figure 2. Evolution of income. 

 
Source: Own elaboration using EUSILC data 
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Moreover, in figure 4 we have plotted, for 
each of the years of the period, the different 
correlations between our variables of inte-
rest. With this exercise, rather than trying to 
establish the sign of the relationship between 
them, we highlight the variability of the rela-
tionship according to the moment in time on 
which we focus our attention. In fact, at some 

Figure 3. Gini Index and Poverty Rate: 2004 and 2020. 

  

  

Source: Own elaboration using EUSILC data 

 

 

  

points, it can even be seen that at certain ti-
mes the relationships seem to be reversed. 
Thus, the correlation between poverty and 
economic growth is particularly striking. This 
seems to indicate the relevance of adopting 
a dynamic approach when analysing the re-
lationship between the different variables.
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to apply the Fisher transformation to each 
of the individual correlation coefficients (ri):

					     (1)

Thus, zi  is approximately normally dis-
tributed with variance equal to 1/Ti   whe-
re Ti is the sample size used to calculate ri.

Using these transformations, the aggrega-
te coefficient of the correlations can be calcu-
lated as the sample mean of the correlations:

					     (2)

This follows a normal distribution, of va-
riance       

The last step, once Z has been calculated, 
is to undo the transformation and thus obtain 
the aggregate measure representing the domi-
nant correlation coefficient:

					     (3)

4	 Methodology

4.1 Analysis of co-movement between 
variables

The first step we take is to obtain an aggre-
gate measure that indicates both the intensity 
and the direction of the movement between 
the variables included in the analysis. To do 
so, we follow David (1949), who proposes the 
following procedure to obtain an overall mea-
sure of dominant correlation. First, the author 
proposes to use Fisher's transformation to 
normalise the distribution and stabilise the va-
riance of the correlation coefficients in order 
to make them suitable for combination. Once 
the coefficients have been normalised, they are 
averaged to later undo the transformation to 
obtain the aggregated correlation coefficient 
that summarises the information contained in 
the combined correlation coefficients. Forma-
lly, the procedure described above is as follows:

Let r1, … ,rN  be the correlation coefficients 
we want to combine. In order to compute 
them in a common measure, it is necessary 

Figure 4. Annual correlation between variables. 

  

 
Source: Own elaboration using EUSILC data 

 

Figure 5. Stages of the PC algorithm 

 
Source: Own elaboration based on Colombo and Maathuis (2014) and Demiralp and Hoover (2003) 

 

[INSERT FIGURE 4 ABOUT HERE] 

4. Methodology 

4.1 Analysis of co-movement between variables 

 The first step we take is to obtain an aggregate measure that indicates both the intensity and the 
direction of the movement between the variables included in the analysis. To do so, we follow David 
(1949), who proposes the following procedure to obtain an overall measure of dominant correlation. 
First, the author proposes to use Fisher's transformation to normalise the distribution and stabilise 
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coefficients have been normalised, they are averaged to later undo the transformation to obtain the 
aggregated correlation coefficient that summarises the information contained in the combined 
correlation coefficients. Formally, the procedure described above is as follows: 

Let 𝑟𝑟1, … , 𝑟𝑟𝑁𝑁  be the correlation coefficients we want to combine. In order to compute them in a 
common measure, it is necessary to apply the Fisher transformation to each of the individual 
correlation coefficients (𝑟𝑟𝑖𝑖): 

𝑧𝑧𝑖𝑖 = 0.5 ∗ ln (1+ 𝑟𝑟𝑖𝑖)
(1− 𝑟𝑟𝑖𝑖)

      (1) 

Thus, 𝑧𝑧𝑖𝑖  is approximately normally distributed with variance equal to 1𝑇𝑇𝑖𝑖
 where 𝑇𝑇𝑖𝑖 is the sample size 

used to calculate 𝑟𝑟𝑖𝑖. 

Using these transformations, the aggregate coefficient of the correlations can be calculated as the 
sample mean of the correlations: 

𝑍𝑍 =  ∑ 𝑧𝑧𝑖𝑖
𝑁𝑁     (2) 

This follows a normal distribution, of variance 1 ∑ 1
𝑇𝑇𝑖𝑖

𝑁𝑁
𝑡𝑡=1⁄ . 

The last step, once Z has been calculated, is to undo the transformation and thus obtain the aggregate 
measure representing the dominant correlation coefficient: 

𝑅𝑅 =  𝑒𝑒
2𝑧𝑧−1

𝑒𝑒2𝑧𝑧+1     (3) 

 

4.2 Baseline specification. 

The benchmark specification is a multivariate vector autoregressive panel model (P-VAR) in which 
economic growth, the Gini index and the anchored poverty rate are included. We denote the 
economic growth rate, income inequality and poverty rate of a country i in a year t by ∆𝑦𝑦𝑖𝑖𝑖𝑖, 
𝐺𝐺𝑖𝑖𝑖𝑖,𝑃𝑃𝑖𝑖𝑖𝑖 respectively. Thus, our model can be represented as follows: 

𝑌𝑌𝑖𝑖𝑖𝑖 =  𝜇𝜇𝑖𝑖 + Φ(𝐿𝐿)𝑌𝑌𝑖𝑖𝑖𝑖−1 + 𝜀𝜀𝑖𝑖𝑖𝑖      𝑖𝑖 = 1, … ,𝑁𝑁;  𝑡𝑡 = 1, … ,𝑇𝑇 (4) 
 

Where 𝑌𝑌𝑖𝑖𝑖𝑖 =  [∆𝑦𝑦𝑖𝑖𝑖𝑖,𝐺𝐺𝑖𝑖𝑖𝑖,𝑃𝑃𝑖𝑖𝑖𝑖]′, index i refers to each of the countries in our database and t denotes 
the time period, (𝐿𝐿) is the lag operator and Φ(𝐿𝐿) is the polynomial matrix of parameters in (𝐿𝐿). 𝜀𝜀𝑖𝑖𝑖𝑖  is 
the vector of error terms (3×1) which are independently and identically distributed. 

Although it is common in this type of empirical exercises to test the significance of the relationship 
between variables by using instrumental variables (IV) and estimators that rely on this type of 
procedures, Kraay (2015) points out that the weakness of these instruments is often a common 
problem and may be affecting the results obtained. In this sense, we believe that the specification of 
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improvement in the efficiency of the different 
tests, derived from the greater number of ob-
servations and, therefore, degrees of freedom.

Following, among others, Hurlin (2001) 
and Emirmahmutoglu and Kose (2011), one 
of the fundamental elements of our metho-
dological proposal consists of calculating a 
synthetic aggregate from individual measures 
that allows us to determine the existence of 
causality between variables for the total sam-
ple or any subgroup of cross-section units. 
In this way, we manage to exploit the com-
mon features of the different Welfare States. 

To do so, we rely on one of the stan-
dard tools in the determination of causali-
ty, the Wald test which, as mentioned abo-
ve, consists of testing the significance of 
the matrix of linear parameters. In the case 
of Granger non-causality, the null hypo-
thesis for the i-th individual is defined as:

H0∶ Φi= 0 for all i.                      (5)

From the results obtained throu-
gh this test and, following Emirmahmuto-
glu and Kose (2011), with the aim of cons-
tructing the common statistic for the total 
sample, we carry out the transformation 
of the individual p-values (pi) proposed by 
Fisher (1932), and obtain the following:

λ=-2∑ln pi                         (6)

Where pi is the p-value corresponding 
to the i-th cross-sectional unit. This syn-
thetic statistic λ has a chi-square distribu-
tion with 2N degrees of freedom and ser-
ves to determine the existence of a common 
causality pattern for the included units.

4.4 Application of the causal search algori-
thm and obtaining causal graphs.

After obtaining for each relationship 
analysed the different synthetic aggregates 
representative for the whole panel that allow 
us to determine the existence, intensity and di-
rection of causality, we proceed to the applica-
tion of the PC algorithm13 in its stable version 
(Colombo and Maathuis, 2012). This implies 
an iterative process to clarify the genuine flow 

13	 For a more detailed review on the implementation 
and application of the algorithm see Spirtes et al. (2000), 
Pearl (2000), Colombo and Maathuis (2012) and Le et al. 
(2014).

4.2 Baseline specification.

The benchmark specification is a mul-
tivariate vector autoregressive panel model 
(P-VAR) in which economic growth, the Gini 
index and the anchored poverty rate are inclu-
ded. We denote the economic growth rate, in-
come inequality and poverty rate of a country i 
in a year t by Δ𝑦𝑖𝑡, 𝐺𝑖𝑡,𝑃𝑖𝑡 respectively. Thus, our 
model can be represented as follows:

	
(4)

Where 𝑌𝑖𝑡= [Δ𝑦𝑖𝑡,𝐺𝑖𝑡,𝑃𝑖𝑡]′, index i refers to 
each of the countries in our database and t de-
notes the time period, (𝐿) is the lag operator 
and Φ(𝐿) is the polynomial matrix of parame-
ters in (𝐿). 𝜀𝑖𝑡 is the vector of error terms (3×1) 
which are independently and identically distri-
buted.

Although it is common in this type of em-
pirical exercises to test the significance of the 
relationship between variables by using ins-
trumental variables (IV) and estimators that 
rely on this type of procedures, Kraay (2015) 
points out that the weakness of these instru-
ments is often a common problem and may be 
affecting the results obtained. In this sense, we 
believe that the specification of VAR models 
provides us with a more versatile regression 
framework, which is in line with the theoreti-
cal literature. Finally, to test the existence of a 
relationship between the variables, we carried 
out a causality analysis in the Granger sense.

4.3 A Granger causality test in a panel data 
framework

In order to complete the previous exercise, 
we examine the concept of causality in greater 
depth. To do so, we use the definition of cau-
sality proposed by Granger (1969) and which 
has been widely used in the context of autore-
gressive vector models. The idea behind this 
concept is quite intuitive: one variable x cau-
ses à la Granger to another y if by including the 
values of the former, it improves the forecast in 
the latter. In practice, this has resulted in analy-
sing the significance of the coefficient associa-
ted with this variable. Although this concept 
of causality was developed for bivariate and 
single cross-section time series models, recent 
developments in econometric techniques have 
made it possible to adapt this test to a panel 
data environment. Thus, one of the main ad-
vantages that arises from this adaptation is the 
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Figure 4. Annual correlation between variables. 

  

 
Source: Own elaboration using EUSILC data 

 

Figure 5. Stages of the PC algorithm 

 
Source: Own elaboration based on Colombo and Maathuis (2014) and Demiralp and Hoover (2003) 

 

of causality in case the results obtained are 
inconsistent or admit of different interpreta-
tions. To do so, it uses a mechanism based on 
specific information about whether or not a 
certain condition is met (Granger causality in 
our analysis) as all available information is se-
quentially included. The application procedure 
is as follow: (i) First, unconditional (in)depen-
dence tests are carried out between all pairs 
of variables. (ii) For those pairs of variables 
where dependence (causality) is detected, the 
test is repeated, now controlling for another 
of the variables included in the model. (iii) Se-
quentially, and if the relationship survives the 
different tests, the remaining endogenous va-
riables included in the model will be added to 
the set of control variables. That is, in the last 
stage, a total of (k-2) variables will be included 
in the control set. As far as we know, this is the 
first time this type of algorithm has been used 
in a panel data environment. In line with the 
causal graphs literature, which involves a gra-

phical representation of the dependence flows 
between the different endogenous variables in 
the model, the above procedure would entail 
the following. (i) The algorithm starts with a 
graph G in which all variables are connected to 
each other. (ii) We set n=0 and analyse the exis-
tence of unconditional causality between all 
pairs of variables. When there is no significant 
causal relationship, the arrow is removed, thus 
obtaining the graph G'. (iii) We set n = n + 1 and 
repeat the tests of independence between tho-
se relationships that have survived, but, this 
time, conditioning on the subset of size n for-
med by the rest of the adjacent variables, in an 
iterative manner, until the process is exhaus-
ted, obtaining the F graph. (iv) Given X, Y and Z, 
orient X - Z - Y as X → Z ←Y if and only if X and 
Y are not independent when conditioned on 
any subset of variables which, excluding X and 
Y, includes Z. (v) Repeat the process until the-
re are no nodes left in F that can be oriented.

For simplicity, this implies performing 
unconditional causality tests between each of 
the variables included in the model. Each time 
one of these tests is significant, it is perfor-
med again, but this time controlling sequen-
tially for the rest of the variables in the VAR.

5	 Results

Table 1 provides a detailed overview of 
the co-movement (CCF) between the diffe-
rent pairs of variables for the aggregate of the 
whole panel, the different groups and each of 

the countries included in our sample for the 
period 2004-2020. According to the literatu-
re, the two variables are said to move in the 
same direction if the maximum value in ab-
solute terms of the estimated correlation coe-
fficient is positive, that they co-move in oppo-
site directions if it is negative, and that they 
do not co-move if it is close to zero. Thus, we 
take maximum values of the combined corre-
lations in the ranges 0.20–0.39 and 0.40–0.49 
as evidence of weak and moderate correlation 
respectively. We refer to strong correlation if 
in absolute terms it is larger or equal to 0.50 
and to no correlation if it is lower than 0.19.
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Table 2: P-value Significance - L.1 - Model: Gross Income 
Model: Inequality and Economic Growth 

Inequality to GDP GDP to Inequality 

  
Model: Inequality and Poverty 

Inequality to Poverty Poverty to Inequality 

  
Model: Poverty and Economic Growth 

GDP to Poverty Poverty to GDP 

  
Source: Own elaboration using Causality Map Toolbox 
Notes: (1) Results obtained from Granger's causality test at 10% of significance level, for the period 2004-2020. 
(2) INQ= Gini Index, POV= Anchored Poverty Rate, GDP=Gross Domestic Product. 

14	 When interpreting the results of our analysis, it is important to keep in mind the first stage of our methodological 
proposal, since it is possible that we obtain significance in some of the causality tests between the different pairs of variables, 
but that we finally disregard it because it does not fall within the bands established for the CCF.

If we consider gross income, which as 
mentioned in the introduction will be our ben-
chmark definition of income, we obtain the fo-
llowing: at a first level, for the aggregate of the 
total sample (ALL), the correlation between 
the different pairs of variables, although posi-
tive in all cases, only exceeds the threshold of 

0.2 for the relationship between the inequali-
ty and poverty variables. This would indicate 
that these two variables tend to evolve joint-
ly, albeit with a weak correlation. The rest 
of the relationships, therefore, do not seem 
to show a sufficient magnitude to consider 
some relationship between their movements14
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However, once we look at the rest of the 
groups or countries individually, we see that 
the situation is very different, characterised by 
a marked heterogeneity in both intensity and 
sign. Thus, for the aggregate of the economies 
classified as PCEM the correlation is modera-
te for the relationship between the economic 
growth variables and the two distributional 
variables, respectively, and strong for the re-
lationship between poverty and growth. The 
opposite is true for the group of SDM econo-
mies, which have a coefficient below the thres-
hold for correlation for growth-poverty and 
inequality-poverty and weak for growth. At 
the same time, the countries in the different 
classifications do not seem to have a com-
mon behaviour at the group level. Thus, the 
groups that stand out most for their uniformi-
ty would be the CCM and the LM. This would 
suggest that it would be necessary to look at 
other institutional or economic characteristics 
in addition to those adopted here in order to 
capture the different common idiosyncrasies.

The second part of our empirical strategy 
is to complement the preliminary analysis of 
co-movement between variables by assessing 
the significance of various causality tests. In 
this sense, we have presented in tables 2 and 
3 the results obtained for the Granger Causa-
lity tests, for level 1 and level 2 respectively. 
Hence, we can observe that, for the aggregate 
of the total sample, the relationships between 
poverty and growth and between poverty and 
inequality are significant in both directions, 
while we do not find evidence of a relationship 
between economic growth and inequality . At 
first, this would seem to indicate that poverty 
plays a leading role in shaping the dynamics 
between the variables. However, taking into ac-
count previous results, although the relations-
hip between poverty and growth is significant, 
the coefficient obtained for the CFF indicates 
that the magnitude of the effect is so small that 
it could be considered almost non-existent. 
Therefore, at a first level, the dynamics are 
marked by the relationship between the two 
distributive variables, poverty and inequality.

In table 3, after debugging the relations-
hips by applying the PC algorithm, we observe 
that, among the relationships that were initia-
lly significant, three of them survive. Hence, 
we find a double causality between the distri-
butional variables of poverty and inequality, 
plus a very weak effect of economic growth 
on poverty. From these results, we draw two 
main conclusions: firstly, over the period stu-

died, economic growth is not an effective tool 
for reducing inequality and poverty in short 
term in the economies analysed as a whole. 
This is congruent with the evolution of the va-
riables described in section 3, where we found 
that, despite different periods of economic 
growth, these had not translated into an im-
provement in distributional indicators (figure 
2 and 3). In addition, the double causality be-
tween distributional variables may be making 
more difficult to reverse the worsening gene-
ral trend observed in poverty and inequality15.

Finally, table 4 shows the causal gra-
phs generated by combining the informa-
tion obtained from our causality analysis 
for the different groups of economies, which 
graphically represent the dynamics be-
tween the different variables. First, we find 
that the dynamics between variables are 
very different for the different groups, both 
in direction or effect and in significance. 

Hence, we find that for the LM, SDM and 
CCM economies there is no causal dynamic 
between variables, while growth seems to 
play a key role in shaping the dynamics in the 
PCEM economies. Tables A.1 and A.2 from the 
Annex provide the causal graphs calculated 
for both market and disposable income. The 
main difference between the three income’s 
definition is found when moving from mar-
ket to gross income, which may be indicative 
of the powerful role play by cash transfer in 
avoiding the negative effects found of pover-
ty on economic growth at market income. 

However, the relevance of our results is 
not to identify a specific causal model that is 
supported by one of the previous theoretical 
paradigms, but rather to point out that there 
are certain analytical and methodological ca-
veats that should be taken into account when 
revising such paradigms. If anything is evident 
from the analysis of our results, it is that they 
are characterised by a high degree of variabi-
lity. On the one hand, we observe that depen-
ding on the specific countries we look at, we 
find different causal relationships. Thus, we 
can highlight, among others, the case of the 
countries of the conservative corporatist mo-
del, in which inequality has a positive effect on 

15	 This would indicate that there is no evidence of 
significance in the relationship between these variables in 
most countries, although this relationship may be signifi-
cant for specific groups or countries, as in the case of the 
economies of the FUM group.
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(disposable income). This, in turn, serves as a 
clue to the importance of focusing on dynamic 
analysis, since throughout the period analysed, 
the trends in transfers and revenue collection 
were very different and were strongly influen-
ced by the evolution of the economic cycle.

On the other hand, our results also in-
dicate that trying to impose an a priori cau-
sal structure may be influencing the results 
obtained in the empirical literature, as not 
only do we find that the double causality re-
lationship between variables is usually com-
mon, but we also observe very diverse cau-
sal structures that, to some extent, differ 
from the established and accepted. Thus, it 
seems appropriate to be cautious about im-
posing common, time-constant models for 
economies that are different from each other.

poverty, as opposed to the post-communist Eu-
ropean model, in which we find that it is eco-
nomic growth that leads the relationship, ha-
ving a positive effect on poverty, which extends 
from poverty to inequality. In this sense, one of 
the fundamental advantages of the methodo-
logical approach we adopt in this paper is that 
it allows us to directly exploit the individual 
characteristics of each of the countries without 
losing the objective of trying to establish com-
mon patterns or trends. On the other hand, it is 
unquestionable that public intervention can be 
decisive in the final configuration of these rela-
tionships, as the causal path varies complete-
ly depending on the income stage considered. 
As we have shown above, there is empirical 
support to affirm that its result varies depen-
ding on whether we consider its function via 
expenditure (cash transfers) or taking into ac-
count, in addition, the effect of the tax system 

Table 4: Causality Maps - Gross Income 
UNIT L1 L2 
ALL 

  
LM 

  
SDM 

  
CCM 
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Table 4 (cont): Causality Maps - Gross Income 
UNIT L1 L2 

MM 

  
PCEM 

  
FUM 

  
WWM 

  
Source: Own elaboration using Causality Map Toolbox Notes:  
(1) Results obtained from Granger's causality test at 10%  of significance level, for the periodo 2004-2020. Solid 
(Dashed) line indicates that the crossed-correlation between each pair of nodes is positive (negative). Finally, the 
wider the line, the higher this value. 
(2) INQ= Gini Index, POV= Anchored Poverty Rate, GDP=Gross Domestic Product. 

 

 6	 Conclusions

A proper understanding of the relations-
hips between economic growth and the main 
distributional variables is essential for the 
design of effective public policies that allows 
to achieve certain social objectives. In ge-
neral, much of the empirical literature that 
has focused on analysing this relationship 
has focused on it from a comparative static 
perspective. However, in order to deepen the 
analysis and contribute to the understanding 
of such a complex phenomenon, we believe 
that it is also necessary to take into account 
the dynamic evolution of these relationships.

In this paper we carry out a dynamic Gran-
ger causality analysis between economic grow-
th, monetary poverty and income inequality 

for 30 European economies over the period 
2004-2020. For this purpose, we use an annual 
frequency database constructed from EU-SILC 
micro-data. Our analysis is based on a VAR 
model for panel data, where we compute diffe-
rent synthetic estimators from the individual 
statistics. Complementarily, we apply a causal 
search algorithm that allows us to debug pos-
sible incongruent relationships (the PC algori-
thm) and interpret its results in line with the 
established in the literature of causal graph.

As shown in the paper, we observe that, 
for the total sample, the interaction between 
inequality and poverty plays a key role in 
shaping the evolution of the distributional 
dynamics, an effect that is found in most of 
the stages analysed. Except for market inco-
me, we also find a positive effect of economic 
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logical approach focuses on causal dynamics, 
relatively forgotten in favour of approaches ba-
sed on comparative statics, in which the rela-
tional sequence appears pre-established. This 
change of perspective, we believe, allows us to 
question certain a priori assumed relations-
hips. We should also clarify that we approach 
the study of causal relationships between 
growth, inequality and poverty from a neutral 
perspective, exploring all possible causal flows 
between variables and without first imposing a 
sense of causality. In addition, we jointly analy-
se the relationship between economic growth 
and the different distributional variables that 
have often been analysed as separate issues. 

growth on poverty, which becomes a double 
causality relationship for disposable income. 
We also find that economic growth does not 
affect the evolution of any of the distributional 
variable. However, when we classify econo-
mies into different typologies of welfare sta-
tes to study them separately, we find that the 
previous relationships can change complete-
ly, even disappearing for some of the groups.

Some relevant conclusions can be derived 
from our results. Firstly, it should be empha-
sised that economic growth does not seem to 
show an inequality or poverty reducing effect 
in any of the groups analysed or income de-
finitions analysed. These results, on the one 
hand, challenge the trickle-down hypothesis, 
which argues that higher economic growth 
would benefit, through indirect effects, tho-
se households with fewer resources. It also 
shows us that, in order to reduce poverty and 
inequality, it is necessary to undertake specific 
policies and not rely exclusively on policies ai-
med at enhancing economic growth. Further-
more, for most models, we find evidence of a 
robust relationship between the two distribu-
tional variables, either through direct or indi-
rect effects. Therefore, it seems necessary to 
take into account the interaction between the 
two when designing different social policies.

Moreover, we note that the results ob-
tained are sensitive to the specific countries 
included in each exercise, which has several 
implications. This suggests that the design of 
universalist or generalist economic policy re-
commendations would be less effective than 
specifically designed public policies for diffe-
rent groups of countries. On the other hand, we 
also observe that the relationships that we find 
in the first income stage disappear totally or 
partially as we move the focus of the analysis 
to income distributions in which the interven-
tion of the public sector is greater, such as gross 
income, where cash transfers are include, or 
disposable income, after the application of the 
direct taxes considered in the analysis. We can 
conclude that public intervention would be an 
effective tool to mitigate possible shocks or ad-
verse effects arising from these relationships, 
both through expenditure and through the tax 
system, as far as direct taxation is concerned.

In conclusion, we should emphasise that 
the main contributions of our work lie in the no-
velty of the dynamic approach adopted, which 
we believe can serve to complement and enrich 
the debate on the matter. Thus, our methodo-
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ANNEX 

Table A.1: Causality Maps - Market Income 
UNIT L1 L2 
ALL 

  
LM 

  
SDM 

  
CCM 
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Table A.1 (cont): Causality Maps - Market Income 
UNIT L1 L2 
MM 

  
PCEM 

  
FUM 

  
WWM 

  
Source: Own elaboration using Causality Map Toolbox Notes:  
(1) Results obtained from Granger's causality test at 10%  of significance level, for the periodo 2004-
2020. Solid (Dashed) line indicates that the crossed-correlation between each pair of nodes is positive 
(negative). Finally, the wider the line, the higher this value. 
(2) INQ= Gini Index, POV= Anchored Poverty Rate, GDP=Gross Domestic Product. 
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Table A.1 (cont): Causality Maps - Market Income 
UNIT L1 L2 
MM 

  
PCEM 

  
FUM 

  
WWM 

  
Source: Own elaboration using Causality Map Toolbox Notes:  
(1) Results obtained from Granger's causality test at 10%  of significance level, for the periodo 2004-
2020. Solid (Dashed) line indicates that the crossed-correlation between each pair of nodes is positive 
(negative). Finally, the wider the line, the higher this value. 
(2) INQ= Gini Index, POV= Anchored Poverty Rate, GDP=Gross Domestic Product. 

 

 

Table A.2: Causality Maps - Disposable Income 
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Table A.2 (cont): Causality Maps – Disposable Income 
UNIT L1 L2 
MM 

  
PCEM 

  
FUM 

  
WWM 

  
Source: Own elaboration using Causality Map Toolbox Notes:  
(1) Results obtained from Granger's causality test at 10%  of significance level, for the periodo 2004-
2020. Solid (Dashed) line indicates that the crossed-correlation between each pair of nodes is positive 
(negative). Finally, the wider the line, the higher this value. 
(2) INQ= Gini Index, POV= Anchored Poverty Rate, GDP=Gross Domestic Product. 
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Table A.2 (cont): Causality Maps – Disposable Income 
UNIT L1 L2 
MM 

  
PCEM 

  
FUM 

  
WWM 

  
Source: Own elaboration using Causality Map Toolbox Notes:  
(1) Results obtained from Granger's causality test at 10%  of significance level, for the periodo 2004-
2020. Solid (Dashed) line indicates that the crossed-correlation between each pair of nodes is positive 
(negative). Finally, the wider the line, the higher this value. 
(2) INQ= Gini Index, POV= Anchored Poverty Rate, GDP=Gross Domestic Product. 
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