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Abstract This paper tests the causal processes between income and educational
inequality within regions of the European Union, using a spatial cross-regressive VAR
framework. The results show that there is a heterogeneous causality from income
inequality to educational inequality and vice versa, and interregional income and
educational externalities are relevant to this causality. This finding raises potentially
interesting economic policy implications.
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1 Introduction

A number of theoretical mechanisms have been constructed in order to uncover the
link between income inequality and educational inequality. They are focused on the
ways in which income distribution affects educational distribution, and vice versa.
On the one hand, higher educational inequality implies higher income inequality.
A greater share of highly educated workers within a region may signal to employ-
ers that those with less education have less ability, leading to a greater income
inequality between workers with high and low levels of education (Thorbecke and
Charumilind 2002; Spence 1973). The most educated also have higher productiv-
ity, better job opportunities, higher levels of aspiration and are better informed
about the labour market, and thus command higher earnings. On the other hand,
higher income inequality implies higher educational inequality. A greater level of
income inequality within a region increases the population excluded from educa-
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tional opportunities and the chances leading to higher educational inequalities. More-
over, in economies with credit market imperfections (Galor and Zeira 1993), the poor
have curtailed access to human capital. In sufficiently wealthy economies, equal-
ity stimulates investment in human capital, which is greater if it is shared by a
larger segment of society, and alleviates the adverse effects of credit market con-
straints on human capital accumulation as fewer people underinvest in education
(Galor and Moav 2000, 2004). Therefore, low levels of income inequality offer a
wide range of economic chances to both advanced and disadvantaged groups, allow-
ing for a better allocation of resources and more efficiency in human capital invest-
ment (Rodríguez-Pose and Tselios 2010). There is also mounting empirical evi-
dence to support the positive association between income and educational inequal-
ity (e.g. Tselios 2008; Rodríguez-Pose and Tselios 2009a; Becker and Chiswick
1966).

Despite this acknowledged positive association, there is no clear evidence on the
direction in which this causal relationship runs. The present paper employs a spa-
tial cross-regressive VAR framework with Granger-causality tests (a) to detect the
direction of causality (unidirectional or bilateral) between income and educational
inequality in the regions of the European Union (EU), (b) to see whether this rela-
tionship is present within all regions of Europe (homogeneity) or within specific
regions (heterogeneity), and (c) to explore whether interregional income and edu-
cational externalities are relevant to this relationship. Although limited studies in
the past have dealt with the Granger-causality in a panel context (i.e. Hurlin and
Venet 2001; Hood et al. 2008; Erdil and Yetkiner 2009; Tselios 2011), these studies
do not consider the importance of interregional interaction effects. The purpose of
this paper is to reconsider the direction of causality between income and education
with a special focus on the role of externalities. The introduction of spatial (inter-
regional) externalities in the analysis is important, because regions interact through
labour migration, capital mobility, technology transfers, forward and backward link-
ages and knowledge spillovers (Armstrong 2002; Pfaffermayr 2009). Regions are
naturally open to a range of social, economic, political and cultural flows, and thus,
substantial interaction exists between them (Magrini 2004). This highlights the need
for an explicit treatment of spatial interaction effects in Granger-causality tests. More-
over, previous empirical studies of the spatial distribution of income and education
in the European context underline the importance of spatial interactions and geo-
graphical location in regional economic performance (e.g. Rodríguez-Pose and Tse-
lios 2009b, 2011; Tselios 2008). Economic activities are not randomly distributed
in space, and welfare remains geographically clustered. Its clustering over space
is held as evidence in favour of the importance of external effects from proximity.
From a methodological point of view, this paper is an extension of the technique pro-
posed by Hurlin and Venet (2001), adding spatial cross-regressive effects. Failing to
acknowledge the presence of spatial externalities ‘at least leads to biased inference,
can be a cause of inconsistent estimation, and leads to an incorrect understanding
of true causal processes’ (Corrado and Fingleton 2012: 210). The proposed model
is not a structural model (i.e. theory-driven approach)—which starts with a fully
specified economic model, well grounded in theory, that specifies the forces driving
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the variation in the data and the error terms (Holmes 2010)—but it is a data-driven
model.1

The next section outlines a procedure for evaluating the causal processes (homo-
geneous versus heterogeneous) between income and educational inequality within a
panel data framework with interregional externalities. Section 3 describes the data
and the variables used in the analysis, and Sect. 4 reports the empirical results of the
Granger-causality between income and educational inequalities in the regions of the
EU. The final section discusses conclusions, the limits of the results and the economic
policy implications.

2 Granger-causality in a spatial cross-regressive VAR framework

I consider within-region (interpersonal) income and educational inequality variables,
denoted I ncI neq and EducI neq, observed in T periods and in N regions. For each
region i ∈ [1, N ] and ∀t ∈ [1, T ] , I ncI neqi,t denotes income inequality of region
i at time t , and EducI neqi,t is a measure of educational inequality of region i at
time t .

Interregional externalities are captured by a spatial weights matrix, which is a binary
matrix with elements equal to 1 in the case of the k-nearest neighbouring regions, and
0 otherwise. Therefore, each region i is connected to a set of neighbouring regions
by means of spatial patterns introduced exogenously in order to avoid identification
problems (Ertur et al. 2006). The values in the cells of the matrix comprise an explicit
hypothesis about the strength of interlocation connection (i.e. regions) (Corrado and
Fingleton 2012). More specifically, the k-nearest neighbours is defined as follows

1 A researcher taking the structural approach, through the use of theory, can obtain restrictions to help
pin down parameters and, by estimating the structural parameters of a fully specified model, can simulate
the impact of alternatives that have never actually occurred in the data (Holmes 2010). However, a cost
of the structural approach is that the researcher must be explicit up-front about the underlying model and
the underlying economics. This paper puts emphasis on the importance of interregional externalities which
occur through many mechanisms. Therefore, adopting a data-driven model, I do not need to make explicit
up-front the underlying mechanisms of interregional externalities. Structural econometric modellers must
also add statistical structure in order to rationalise why economic theory does not perfectly explain data and
must be able to argue that their model will be invariant to the contemplated change in economic environment
(Reiss and Wolak 2007). A data-driven model does not face this problem, because a structural model is
not based on an artificial economy. Moreover, I do not use a structural model because causal relations
cannot be established a priori (Hume 1748). In the proposed model, I construct a spatial weights matrix (see
Sect. 2) which captures externalities. Instead of constructing the spatial weights matrix, some researchers
suggest directly entering variables that proxy externalities in the regression model (see Harris et al. 2011).
Nevertheless, Corrado and Fingleton (2012) argue that such an approach itself requires strong identifying
assumptions and therefore possesses no real advantage compared to employing a spatial weights matrix.
Modelling spatial interaction in the economic context means in many cases modelling externalities which
are difficult to pin down (Corrado and Fingleton 2012). Overall, the putative advantages do not always
mean structural models should be favoured over non-structural models. Reiss and Wolak (2007) say that
‘[t]he advantages of structural models of course do not all come for free. All economic theories contain
assumptions that are not easily relaxed. While theorists sometimes have the luxury of being able to explore
stylized models with simplifying assumptions, structural econometric modelers have to worry that when
they use stylized or simplifying assumptions they will be dismissed as arbitrary, or worse: insensitive top
the way the world ‘real works” (page 4290).
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⎧
⎨

⎩

ωi j (k) = 0 if i = j
ωi j (k) = 1 if di j ≤ di (k)

ωi j (k) = 0 if di j > di (k)

where di j is the great circle distance between centroids of regions i and j and di (k)

is the kth-order smallest distance between regions i and j such that each region i has
exactly k neighbours. Although the specification of the spatial weights matrix is a
major point of contention in the literature and the choice of spatial weights can have
a substantive impact on the results (Abreu et al. 2005), I use k = 3, 5, 7 and 9 to
study the robustness of the results. The main reason is that due to the specific geo-
graphical configuration of the European regions and the number of total observations
(94 regions), the islands of Sicily, Sardinia, Nisia Aigaiou and Crete, the Canaries,
the Azores, Madeira and Ireland are connected to continental Europe (Tselios 2008).
The spatial weights matrix is then row-standardised (W ) so the elements in each row
add up to 1. Therefore, ωi j (k) = wi j (k)

/ ∑
j wi j (k). It should be noted here that

row-standardisation does not change the relative dependence among neighbours, but
it does change the total impact of neighbours across regions as it implies a form of spa-
tial smoothing (Anselin 1992). The spatial weights matrix should be row-standardised
to yield a meaningful interpretation of the results (Anselin 1992). In this matrix,
geographical proximity can play a part in the fostering, facilitating and nurturing of
flows of regional wages, knowledge and ideas across European regions (Tselios 2008;
McCann and Shefer 2005). [W I ncI neqt ]i is the average income inequality of the
neighbouring regions of region i at time t , and [W EducI neqt ]i is the average edu-
cational inequality of the neighbouring regions of region i at time t . These spatially
lagged variables are a weighted average of the values in locations neighbouring each
observation (Anselin 1992) and capture the importance of external economies that
cross the weak, and sometimes artificial, regional boundaries (Vayá et al. 2004). There-
fore, [W I ncI neqt ]i captures interregional income externalities and [W EducI neqt ]i
captures interregional educational externalities.

Given the standard Granger (1969) causality definition,2 for each region i ∈
[1, N ], the variable EducI neqi,t is causing I ncI neqi,t if we are better able to pre-
dict I ncI neqi,t using all available information than if the information apart from
EducI neqi,t had been used. However, this definition does not consider the interre-
gional educational interactions and thus the information taken from [W EducI neqt ]i .
The methodology proposed in this paper is an extension of the technique proposed
by Hurlin and Venet (2001), which allows us to test whether the causal processes
between income and education within a panel data framework are homogeneous or
heterogeneous and whether interregional externalities are relevant to these processes.

But, what is the ‘correct’ econometric specification which explores the causality
between income and educational inequality by considering the potential influence of
externalities? Devising a reasonable empirical strategy for answering this question is
far from straightforward. In spatial econometrics, the ‘classical’ specification search
approach is a sequential procedure that typically includes the following steps: (1)

2 Granger-causality is a statistical concept of causality that is based on prediction and its mathematical
formulation is based on linear regression modelling of stochastic processes (Granger 1969).
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estimate the initial model (i.e. a model without spatially lagged variables that has a
well-behaved disturbance term), (2) test for a spatial autoregressive process and (3)
if the null hypothesis of no spatial correlation is rejected, apply a remedial procedure
(Florax et al. 2003: 558). For example, if the Moran’s I test (Cliff and Ord 1981)
adapted to estimated residuals of a spatial econometric specification fails to reject the
hypothesis of spatial dependence, there are either potential misspecifications in the
form of spatial autocorrelation and heterogeneity, or potential interregional spillovers
(Moreno et al. 2005; Tselios 2011). This points towards the use of different modelling
strategies (Anselin and Rey 1991; Florax et al. 2003). However, this paper does not
follow this approach because the econometric specifications include lagged dependent
variables in order to explore causality effects. These dynamic models do not allow
us to test whether the Moran’s I test adapted to estimated residuals rejects the null
hypothesis of spatial dependence or not. Although the proposed method does not allow
us to test for spatial error (nuisance spatial dependence) or spatial lagged dependent
variables (Anselin 1988, 2000; Anselin and Bera 1998), the present paper is a first
attempt to introduce the spatial dimension in the Granger-causality tests for panel
data using a spatial cross-regressive model which is a substantive spatial dependence.
This paper, however, does not aim to show which econometric specification is the
most appropriate (or ‘correct’) per se, but to show whether interregional externalities
are relevant to the Granger-causality between income and educational inequalities. In
other words, it aims to explore the reverse causality between income and education,
paying particular attention to the role played by the spatial location of the various
regions.

I consider a time-stationary spatial cross-regressive VAR representation, adapted
to a panel data context. For each of the regions i and ∀t ∈ [1, T ]:

I ncI neqi,t =
p∑

k=1

γ (k) I ncI neqi,t−k +
p∑

k=0

β
(k)
i EducI neqi,t−k

+
p∑

k=0

ξ
(k)
i

[
W EducI neqt−k

]

i + δzi,t + υi,t

where p indicates the number of time periods and k ∈ [1, p] indicates the lag periods.
γ (k) are the autoregressive coefficients which are identical for all regions, and β

(k)
i and

ξ
(k)
i are the regression coefficient slopes which are assumed to be constant ∀k ∈ [1, p].

If ξ
(k)
i is statistically significant, it means that the average educational inequality level

of the neighbouring regions of region i has an impact on the income inequality of
region i . Several economic factors, such as labour and capital mobility and technology
and knowledge diffusion among others, may be particularly important because they
directly affect regional interactions (Le Gallo et al. 2003). zi,t is a vector of control
time-variant variables and δ is a vector of coefficients υi,t = αi + εi,t , where εi,t are
i.i.d.

(
0, σ 2

ε

)
and αi represents the fixed effects.

Given the heterogeneity of the data-generating process, I then test the following
three hypotheses.
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1. Non-causality hypothesis (H1): ∀i ∈ [1, N ] , EducI neqi,t−k and
[
W EducI

neqt−k
]

i do not cause I ncI neqi,t . For all regions, educational inequality of region
i and (average) educational inequality of its neighbouring regions do not cause
income inequality of region i . I assess the non-causality hypothesis by construct-
ing a test statistic (F1),3 comparing the sum of squared residuals from a set of
restricted models (RSS2) to the sum of squared residuals produced by a set of unre-
stricted models (RSS1). The unrestricted model includes lags of income inequal-
ity (I ncI neqi,t−k), lagged values of educational inequality (EducI neqi,t−k),
spatial and temporal lags of educational inequality ([W EducI neqt−k]i ), and
the fixed effects themselves (αi ) to predict current values of income inequality
(I ncI neqi,t−k). Lagged values of income inequality coefficients are constrained
to be equal (γi,t−1 = γi,t−k) for all the models presented. In the unrestricted
model, the regression slope coefficients are set to be equal (βi,t−1 = βi,t−k and
ξi,t−1 = ξi,t−k), while in the restricted model, they are constrained to 0 (βi,t−1 = 0
and ξi,t−1 = 0), leaving only the fixed effects and the various lags of the income
inequality variable 0 to predict current values of income inequality (Hurlin and
Venet 2001). The F1 test statistic is

F1 = (RSS2 − RSS1)
/
(N p)

RSS1
/

[N T − N (1 + p) − p]

Interpretation of the statistic relies on the F-distribution with N p, N T −N (1+p)−
pd f . An insignificant statistic for this test indicates that the educational inequality
of a particular region and educational inequality of its neighbouring regions do not
cause income inequality of this region in any cross section, and thus, the testing
process ends here. However, a significant test statistic indicates that for at least one
(and possibly all) of the regions, there exists a causal relationship, and therefore,
I proceed to test for homogeneous causality.

2. Homogeneous causality hypothesis (H2): ∀i ∈ [1, N ] , EducI neqi,t−k and[
W EducI neqt−k

]

i cause I ncI neqi,t . For all regions, educational inequality of
region i and educational inequality of its neighbouring regions cause income
inequality of region i . In order to test this hypothesis, I calculate a test statistic
(F2) comparing the sum of squared residuals from the unrestricted model (RSS1)
to the sum of squared residuals (RSS3) from a restricted model in which the slope
terms are constrained to be equal for each cross section in the sample (βt−1 = βt−k

and ξt−1 = ξt−k). The F2 test statistic is

F2 = (RSS3 − RSS1)
/
(N p)

RSS1
/

[N T − N (1 + p) − p]

Acceptance of this hypothesis indicates that a common causal process is manifest
for all cross sections in the sample, and the testing process ends here, while a

3 The F tests tend to be the most conservative of a set of analogous tests, such as the likelihood ratio and
Wald tests, and are the least sensitive to small sample deviations from normally distributed disturbances
(Greene 2003; Hood et al. 2008).
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rejection indicates that for at least one or more regions, educational inequality of
a particular region and educational inequality of its neighbouring regions do not
cause the income inequality of this region.

3. Heterogeneous causality hypothesis (H3): ∃i ∈ [1, N ] , EducI neqi,t−k and[
W EducI neqt−k

]

i cause I ncI neqi,t . There is at least one region where educa-
tional inequality of region i and educational inequality of its neighbouring regions
cause income inequality of region i . For each region i , this hypothesis is tested
using a test statistic (F3) which compares the unrestricted sum of squared residu-
als estimated (RSS1) in addition to the sum of squared residuals (RSS2,i ) from a
model in which the slope coefficient for the cross section in question is constrained
to 0 or excluded from the model equation (βi,t−k = 0 and ξi,t−k = 0). The F3 test
statistic is

F3 =
(
RSS2,i − RSS1

)/
(N p)

RSS1
/

[N T − N (1 + p) − p]

The next step of analysis is to examine whether the variables I ncI neqi,t−kand[
W I ncI neqt−k

]

i cause EducI neqi,t . For each of the regions i and ∀t ∈ [1, T ]:

EducI neqi,t =
p∑

k=1

γ (k)EducI neqi,t−k +
p∑

k=0

β
(k)
i I ncI neqi,t−k

+
p∑

k=0

ξ
(k)
i

[
W I ncI neqt−k

]

i + δzi,t + υi,t

I test the following three hypotheses.

1. Non-causality hypothesis (H1): ∀i ∈ [1, N ] , I ncI neqi,t−k and
[
W I ncI neqt−k

]

i
do not cause EducI neqi,t . For all regions, income inequality of region i and
(average) income inequality of its neighbouring regions do not cause educational
inequality of region i .

2. Homogeneous causality hypothesis (H2): ∀i ∈ [1, N ] , I ncI neqi,t−k and[
W I ncI neqt−k

]

i cause EducI neqi,t . For all regions, income inequality of region
i and income inequality of its neighbouring regions cause educational inequality
of region i .

3. Heterogeneous causality hypothesis (H3): ∃i ∈ [1, N ] , I ncI neqi,t−k and[
W I ncI neqt−k

]

i cause EducI neqi,t . There is at least one region where income
inequality of region i and income inequality of its neighbouring regions cause
income inequality of region i .

Based on the above hypotheses, there are the following four scenarios.

(a) Independence: there is not any linear association between income inequality and
educational inequality.

(b) Unidirectional causality from educational inequality to income inequality.
(c) Unidirectional causality from income inequality to educational inequality.
(d) Bilateral or feedback causality.
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3 Data and variables

The data used in this paper to test whether there is a homogeneous or heteroge-
neous Granger-causality between income and educational inequality are drawn from
the European Community Household Panel (ECHP) data survey.4 This is Europe’s
first cross-national longitudinal household survey.5 In this survey, more than 100,000
individuals were interviewed at approximately one-year intervals about their socio-
economic status, and information was collected about their income, educational attain-
ment, living places (location of household), etc. Since it is necessary to use a sample
of regions for which I have details of the dispersion of income and education for each
year of the study period, I create a balanced data set which includes information about
the period 1995–2000 and 94 NUTS I or NUTS II regions belonging to 12 countries.6

However, for inferences about regional indicators from micro-data, there is always a
trade-off between the appropriate level of territorial disaggregation to be adopted and
the reduction of the sample size, which affects the reliability of the estimates (Long-
ford et al. 2010; Jesuit et al. 2003). The various countries considered in this study
are the following: Austria, Belgium, Germany, Denmark, Spain, France, Greece, Ire-
land, Italy, Luxembourg, Portugal and the UK. Due to the short time-series period, the
Granger-causality tests are implemented with annual lags (p = 1). However, generally
speaking, the direction of causality may depend critically on the number of lagged
terms included (Gujarati 2003).

(1) Income inequality (I ncI neqi,t ) is measured using the microeconomic variable
‘total net personal income (detailed, NC, total year prior to the survey)’. The main
sources of personal income are wages and salaries, income from self-employment
or farming, pensions, unemployment and redundancy benefits, any other social
benefits or grants and private income (Rodríguez-Pose and Tselios 2009b). For a
region i with population M of individuals κ ∈ {1, 2, . . . , M}, income inequal-
ity is calculated by the Theil entropy index of inequality (Theil 1967), which is

4 For a review of the ECHP survey see Peracchi (2002).
5 The successor to the ECHP came in the form of the EU Statistics on Income and Living Conditions (EU-
SILC) which was launched in 2003 (Atkinson and Marlier 2010). The EU-SILC differs markedly from its
predecessor in two important ways: (a) while the ECHP has the advantage of being input-harmonised, that is
of being based on standardised questionnaires common across all of the countries where it was implemented,
the EU-SILC is output-harmonised, that is, instead of being based on harmonised questionnaires, the
procedure involves the specification of a set of social and economic indicators which should be provided by
the new data set, but it is up to each member state to decide how these are to be collected; (b) whereas the
ECHP is a panel survey, in which the same individuals were interviewed year after year, the EU-SILC takes
the form of a rotating panel, where the individuals are interviewed usually for a maximum of four years,
and the sample is regularly refreshed with new members (Iacovou et al. 2012). According to Longford et
al. (2010), the EU-SILC ‘provides reliable statistics at national level but sample sizes do not allow reliable
estimates at subnational level, despite a rising demand from policy-makers and local authorities’ (page 1).
Finally, although the EU-SILC survey domains over the enlarged EU, micro-data that would enable us
to identify regions and compare them are available only for a few countries (Longford et al. 2010). For
example, no location is indicated in the data for the UK, and it is collapsed to only six categories in Germany
(Longford et al. 2010).
6 Nomenclature of Territorial Units for Statistics (NUTS) provides a single uniform breakdown of territorial
units where each member state is subdivided into three administrative units (NUTS I, II and III).
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defined as I ncI neq = ∑
κ yκ log(yκ

/
pκ), where yκ is the income share, which

is individual κ’s total income as a proportion of the total income for the entire
regional population M , and pκ denotes population share. This index is income and
population size invariant and varies from 0 for perfect equality to log(1/pκ ) for
perfect inequality. Income data refer not only to each individual in the household,
but also to each normally working (15+ hours per week) individual using the vari-
able ‘Main activity status—self defined’, which is also extracted from the ECHP
data. The letter index controls for unemployment, inactivity and household size
(Rodríguez-Pose and Tselios 2009b). For both indices, wages are the main source
of personal income as they constitute 45 per cent of the personal income of the
whole of the population and 78 per cent of the personal income of normally work-
ing people (Rodríguez-Pose and Tselios 2009a,b). Therefore, I measure income
inequality not only for the whole of the population, but also for normally working
people (Rodríguez-Pose and Tselios 2009a; Tselios 2008, 2011).

(2) Educational inequality (EducI neqi,t ) is proxied using the microeconomic vari-
able ‘highest level of general or higher education completed’. For a region i
with population M of individuals κ ∈ {1, 2, . . . , M}, this is defined by the Theil
entropy index as EducI neq = ∑

κ τκ log(τκ

/
τκ), where τκ is the human cap-

ital share, which is individual κ’s highest educational level completed as a pro-
portion of the total human capital for the entire regional population M , and pκ

denotes population share.7 Information on education includes three educational
categories which are mutually exclusive and allow for international comparison as
they are defined by the International Standard Classification of Education (ISCE):
(a) less than second stage of secondary level education completed, (b) second
stage of secondary level education completed, and (c) recognised third level com-
pleted. However, this proxy for educational attainment is not problem-free as it
measures the input of formal education without considering the output of knowl-
edge, skills and competences embodied in individuals (Sianesi and Reenen 2003).
Moreover, countries have different requirements for completing any given formal

7 The procedure proposed to measure educational inequality is better than just using the variance for two
main reasons. (a) It allows us to compare educational inequality with income inequality, as they use the
same disproportionality functions and thus the same indices (i.e. Theil index of income and Theil index
of education, or Gini coefficient on income and Gini coefficient on education). More specifically, in the
literature on inequality, it is conceptualised as the average disproportionality. Inequality concerns a ‘dis-
proportionate share’, which means a share that is bigger or smaller than the average share of all basic units.
The challenge for the inequality literature is to comprehend how to aggregate those basic unit dispropor-
tionalities to obtain a measure of overall inequality. As each region has a different distribution of income
(resp. education), an index of income (resp. education) inequality that is comparable across regions has
to be compiled. The index should be fundamentally based on the principle that income (resp. education)
inequality increases as the income (resp. education) ratios deviate from 1.0. Hence, the task in hand is to
devise summary measures of income (resp. education) inequality that distinguish more inequality from less
inequality (Firebaugh 2003). Conceptualising inequality as the average disproportionality across all basic
units implies that the degree of income (resp. education) inequality depends on the average distance of the
income (resp. education) ratios ri from 1.0. Income (resp. education) inequality is unaffected by propor-
tional increases or decreases. Inequality indices I are expressed in a common form I = 1

N
∑N

i=1 f (ri ),
where f denotes the disproportionality or distance function which captures the mathematical functions for
determining deviations of income (resp. education) ratios from 1.0. (b) This procedure was initially used
by Thomas et al. (2001) and, more recently, by Tselios (2008) and Rodríguez-Pose and Tselios (2009a).
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educational level, and thus when comparing educational attainment across Euro-
pean countries, there is no consistent definition of what a particular level means in
terms of knowledge, competences and skills (Centre for Educational Research and
Innovation and Organisation for Economic Co-operation and Development 1998;
Rodríguez-Pose and Tselios 2011). The education systems of each country vary
in terms of resources, duration and the preparation of students (Rodríguez-Pose
and Tselios 2011; Rodríguez-Pose and Vilalta-Bufí 2005; Sianesi and Reenen
2003). Finally, international comparison needs some caution due to differences
in the level of government that takes decisions about education. Whether the
regional educational system is organised by regional governments or whether it
is a part of nationally-organised system depends on the level of decentralisation.
For instance, Rodríguez-Pose and Tselios (2011) show that the disparities in edu-
cational attainment in the EU are higher at a national than a subnational level, but
within the UK and Germany, there are striking regional disparities. ‘Whereas in
the German case the 16 Länder have power over a devolved education system,
which could explain subnational disparities in educational attainment, this is not
the case among English regions, but could influence differences in attainment in
Scotland’ (Rodríguez-Pose and Tselios 2011: 6). Despite these problems, many
studies use the ISCE for international comparison.

Both income and educational inequality are measured using the Theil entropy
index. This index satisfies all the criteria of inequality indices: income scale invari-
ant, population size invariant, additively decomposable, consistent with the welfare
principles (i.e. income transfers have a greater effect among the poor than among
the rich). Rodríguez-Pose and Tselios (2009b, 2011) have decomposed the Euro-
pean income and educational inequality of the Theil index into three components:
country–region–individual. More specifically, the overall income and educational
inequality in Europe are decomposed into the within-region inequality (i.e. interper-
sonal inequality), between-region but within-country inequality and between-country
inequality. They show that the within-region component, which is used in this paper,
accounted for the largest proportion of all European income and educational inequal-
ity. From a policy point of view, this is very important, as it begs the question
of why regional disparities (i.e. interregional inequalities) have attracted so much
attention and become a focal point of EU policy, when the dimension of within-
region income and educational inequalities are greater than of between-region and
between-country inequalities. To check the robustness of the results, both income
and educational inequality are calculated using not only the Theil index, but also the
Gini index and the squared coefficient of variation. Although the Gini index is the
most popular measure of inequality, it has some limitations as it is not consistent
with the welfare principle and it is not additively decomposable. However, the Gini
index provides non-redundant information about inequality as it is relatively more
sensitive to changes around the median of the income distribution and less sensi-
tive to transfers among the very poor or the very rich (Rodríguez-Pose and Tselios
2009b).
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Table 1 Non-causality hypothesis

Non-causality hypothesis (H1) F1

Direction: from educational inequality to income inequality

∀i ∈ [1, N ] , EducI neqi,t−1 does not cause I ncI neqi,t 2.2163***

∀i ∈ [1, N ] , EducI neqi,t−1 and
[
W EducI neqt−1

]

i do not cause I ncI neqi,t 5.6928***

Direction: from income inequality to educational inequality

∀i ∈ [1, N ] , I ncI neqi,t−1 does not cause EducI neqi,t 1.3493***

∀i ∈ [1, N ] , I ncI neqi,t−1 and
[
W I ncI neqt−1

]

i do not cause EducI neqi,t 3.6198***

*** p < 0.01, ** p < 0.05, * p < 0.1

4 Empirical results

I calculate the Granger-causality tests in a VAR model with and without spatial cross-
regressive effects in order to assess the role of interregional income and educational
externalities.

(1) Testing the non-causality hypothesis (H1): The F1 test statistics are presented in
Table 1. These are statistically significant, allowing us to reject H1, both with
and without spatial cross-regressive effects, and for both directions. Hence, for at
least one region (and possibly all), there is statistical evidence that (a) educational
inequality (and the educational inequality of the neighbouring regions) Granger
causes income inequality, and (b) income inequality (and the income inequality of
the neighbouring regions) Granger causes educational inequality. In other words,
there is a linear association between income inequality and educational inequal-
ity. Therefore, not only may a greater share of highly educated workers within a
region (and its neighbouring regions) signal to employers that those with less edu-
cation have less ability, leading to a greater income inequality between workers
with high and low levels of education (causality from educational inequality to
income inequality), but also a greater level of income inequality within a region
(and its neighbouring regions) may increase the population excluded from educa-
tional opportunities and chances and may lead to higher educational inequalities
(causality from income inequality to educational inequality). The next step is to
examine whether this causal relationship is homogeneous.

(2) Testing the homogeneous causality hypothesis (H2): Failure to reject H2 (insignif-
icant test statistic) indicates that the causal process is homogeneous for all 94
regions, while rejecting H2 would indicate that for at least one or more regions
(a) educational inequality (and the educational inequality of the neighbouring
regions) does not Granger cause income inequality, or (b) income inequality (and
the income inequality of the neighbouring regions) does not Granger cause edu-
cational inequality. The F2 test statistics are presented in Table 2. These statistics
reject H2, concluding that the causal processes are heterogeneous or do not exist
across all the regions in the sample. This shows that the association between
income inequality and educational inequality differs across European regions.
This is hardly surprising because the economic geography of Europe is charac-
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Table 2 Homogeneous causality hypothesis

Homogeneous causality hypothesis (H2) F2

Direction: from educational inequality to income inequality

∀i ∈ [1, N ] , EducI neqi,t−1 causes I ncI neqi,t 2.2220***

∀i ∈ [1, N ] , EducI neqi,t−1 and
[
W EducI neqt−1

]

i cause I ncI neqi,t 5.6856***

Direction: from income inequality to educational inequality

∀i ∈ [1, N ] , I ncI neqi,t−1 causes EducI neqi,t 1.3592***

∀i ∈ [1, N ] , I ncI neqi,t−1 and
[
W I ncI neqt−1

]

i cause EducI neqi,t 3.5542***

*** p < 0.01, ** p < 0.05, * p < 0.1

terised by wide disparities in the levels of a number of socio-economic character-
istics (e.g. disparities in productivity, economic development, public expenditure,
transport infrastructure), in institutions (e.g. language and cultural differences) and
in physical endowments (e.g. differences in climate, fertility) that shape income
and educational distribution differently across space. This test also highlights the
important roles played by regional heterogeneity in accounting for differences
in the degree of income and educational inequality levels and their relationship
across the European regions.

(3) Testing heterogeneous causality hypothesis (H3): Hypothesis H3 determines
which regions in the sample contribute to the causal findings, leading from edu-
cational inequality to income inequality and/or vice versa. The results of the tests
for H3 are presented in Table 3 and show the following.
(a) Independence: The relationships ‘EducI neqt−1 does not cause I ncI neqt ’

and ‘I ncI neqt−1 does not cause EducI neqt ’ appear to hold for 39 regions.
However, the relationships ‘EducI neqt−1 and

[
W EducI neqt−1

]
do not

cause I ncI neqt ’ and ‘I ncI neqt−1 and
[
W I ncI neqt−1

]
do not cause

EducI neqt ’ appear to hold for fewer regions (21), because the income
inequality of the neighbouring regions (and/or the educational inequality of the
neighbouring regions) contributes to causality. In other words, interregional
income and educational externalities are important for causality. This may
show that geographical proximity can play a key role in the fostering, facili-
tating and nurturing of flows of regional wages, knowledge and ideas across
European regions, leading to interdependences among regions. For example,
the educational inequality of the neighbouring regions

[
W EducI neqt−1

]
of

Ostösterreich (AT1) contributes to the causal finding, leading from educational
inequality to income inequality. If we do not take into account this impact
(VAR without spatial cross-regressive effects), the educational inequality of
Ostösterreich in Austria does not cause income inequality of this region. This
shows the importance of interaction effects for the income–education rela-
tionship in the region of Ostösterreich.

(b) Unidirectional causality from educational inequality to income inequality:
The relationships ‘EducI neqt−1 causes I ncI neqt ’ and ‘I ncI neqt−1 does not
cause EducI neqt ’ appear to hold for 32 regions. However, the relationships
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‘EducI neqt−1 and
[
W EducI neqt−1

]
cause I ncI neqt ’ and ‘I ncI neqt−1

and
[
W I ncI neqt−1

]
do not cause EducI neqt ’ are true for 36 regions.

(c) Unidirectional causality from income inequality to educational inequality:
The relationships ‘EducI neqt−1 does not cause I ncI neqt ’ and ‘I ncI neqt−1
causes EducI neqt ’ appear to hold for 16 regions. The relationships ‘EducI
neqt−1 and

[
W EducI neqt−1

]
do not cause I ncI neqt ’ and ‘I ncI neqt−1 and[

W I ncI neqt−1
]

cause EducI neqt ’ hold for the same number of regions
(16).

(d) Bilateral causality: The relationships ‘EducI neqt−1 causes I ncI neqt ’
and ‘I ncI neqt−1 causes EducI neqt ’ exist for 6 regions only, while the
relationships ‘EducI neqt−1 and

[
W EducI neqt−1

]
cause I ncI neqt ’ and

‘I ncI neqt−1 and
[
W I ncI neqt−1

]
cause EducI neqt ’ appear to hold for 21

regions. The latter relationships hold for more regions since interregional
externalities matter for causality.

The above results show that there is a heterogeneous causality from income inequal-
ity to educational inequality and vice versa, and interregional income and educational
externalities are related to this causality. Hence, the reverse causality between income
and educational inequality is heterogeneous and is shaped by the spatial location of
the various regions through geographical externalities.

These results are robust in terms of the definition of income inequality (i.e. income
inequality for the whole of the population and income inequality for normally working
people), to the measurement of income and educational inequality (i.e. Theil index,
Gini index and the squared coefficient of variation), to the value of k (with k = 3, 5, 7
and 9) of the spatial weights matrix and to the inclusion of control variables such
as unemployment, labour market participation and sectoral composition.8 Unemploy-
ment and labour market participation variables are extracted from the ECHP data
survey and are measured by the percentage of unemployed respondents and by the
percentage of normally working respondents, respectively. The sectoral composition
variables are extracted from the Eurostat database: ‘agriculture’ is the share of added
value of agriculture, hunting, forestry and fishing in total added value; ‘industry’ is
the share of added value of mining and quarrying, manufacturing, electricity, gas and
water supply and construction in total added value; and ‘services’ is the share of added
value of services (excluding extra-territorial organizations and bodies) in total added
value. The robustness of the results to the inclusion of the above control variables may
be a signal that there is no spatial dependence in the regression residuals, because
spatial dependence in the regression residuals is usually an indication that additional
variables should be included in the regression model (Anselin 2000, 1988). Moreover,
by adding a set of control variables able to capture the main structural and economic
features of the European regions, some important sources of regional heterogeneity are
taken into account (Sterlacchini 2008). Finally, by introducing spatially lagged inde-
pendent variables in the analysis, the effects of the interactions between neighbouring
regions on the residuals is minimised (Rodríguez-Pose and Crescenzi 2008).

8 These results can be provided upon request.
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5 Conclusions and economic policy implications

This paper has used a spatial cross-regressive VAR framework to test the Granger-
causality between income inequality and educational inequality within regions of the
EU. Using a balanced regional data set constructed from the ECHP data survey for 94
NUTS I or NUTS II regions belonging to 12 countries from 1995 to 2000, the Granger-
causality tests show that there is a heterogeneous causality from income inequality
to educational inequality, and vice versa, and interregional income and educational
externalities are important in this causality. This confirms that the income–education
relationship varies across space, reflecting a general instability in the European labour
market across regions, and the influence of a number of factors—such as trade between
regions, interregional migration, knowledge diffusion, forward and backward linkages,
and more generally interregional spillovers—that lead to geographically dependent
regions. This phenomenon could be associated with the existence of income and edu-
cation externalities that cross regional borders. However, there are spatial limits to the
spread of externalities. Location and proximity clearly matter in exploiting the causal-
ity between income and education. If we ignore the influence of spatial location on
the income–education relationship, we produce biased results and hence misleading
conclusions.

A limitation of this method is that although we can detect the direction of causality,
we cannot ascertain the fundamental reason behind it. Nevertheless, this method allows
us to see the importance of interaction effects for particular regions in the EU. However,
the fact that we have only a few time periods available calls for some cautions.

Overall, the causes and consequences of inequalities and thus the policy concerns
may differ across space. Space plays an important role in the functioning and per-
formance of economies in general and Europe’s in particular. Understanding how
inequalities originate and evolve over time and across space is an important step
towards identifying not only the appropriate income and educational policy response,
but also the effects of inequalities on the economic performance of regions. Euro-
pean regional policy should seek a synergy in the achievement of both equity and
efficiency, but it may involve trade-offs in the extent to which the two goals can be
attained. High levels of inequality in educational attainment are associated with higher
income inequality, which may be interpreted as a sign of the responsiveness of the EU
labour market to differences in qualifications and skills (Rodríguez-Pose and Tselios
2009a). Thus, the goal of equitable educational distribution is likely to lower income
inequality. Policies that improve access to education provide a higher quality of educa-
tion and, generally, increase educational attainment are likely to alleviate inequalities
not only in education, but also in income. However, this might not be relevant for
all regions, due to a heterogeneous causality from educational inequality to income
inequality, and vice versa. This study also shows that interregional income and edu-
cational externalities are relevant to this causality. Hence, European regional policies
should take into account the fact that income and educational externalities spill over the
barriers of regional economies. For instance, a decrease in income inequality within
a region might well be caused by a policy (e.g. tax policy) which lowered inequality
within neighbouring regions. Generally, common regional activities in neighbouring
regions (e.g. public infrastructure) and common policies across neighbouring regions
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(e.g. structural funds) affect many regions through spillover effects. Therefore, inter-
regional linkages, geographical location and proximity are important for the income
and educational inequalities of regions (Rodríguez-Pose and Tselios 2009b, 2011), but
the spatial effects differ across space. Finally, inequalities are important in accounting
for the economic performance of regions. Rodríguez-Pose and Tselios (2010) show,
for example, that given existing levels of inequality in the EU, an increase in a region’s
income and educational inequality has a significant positive association with subse-
quent economic growth. This implies that regional policies involve a trade-off, by
either advancing growth efficiency to the detriment of educational and income equity
or by advancing equity to the detriment of efficiency. However, this study stresses the
significance of a combined regional economic policy perspective that considers labour
market and educational policies, and all these policies should emphasise the role of
space.
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