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Abstract The goal of this paper is to evaluate the results of regional economic growth
model estimations at multiple spatial scales using spatial panel data models. The spa-
tial scales examined are minimum comparable areas, microregions, mesoregions and
states between 1970 and 2000. Alternative spatial panel data models with fixed effects
were systematically estimated across those spatial scales to demonstrate that the esti-
mated coefficients change with the scale level. The results show that the conclusions
obtained from growth regressions depend on the choice of spatial scale. First, the val-
ues of spatial spillover coefficients vary according to the spatial scale under analysis.
In general, such coefficients are statistically significant at the MCA, microregional and
mesoregional levels, however, at state level those coefficients are no longer statistically
significant, suggesting that spatial spillovers are bounded in space. Moreover, the pos-
itive average-years-of-schooling direct effect coefficient increases as more aggregate
spatial scales are used. Population density coefficients show that higher populated
areas are harmful to economic growth, indicating that congestion effects are operating
in all spatial scales, but their magnitudes vary across geographic scales. Finally, the
club convergence hypothesis cannot be rejected suggesting that there are differences
in the convergence processes between the north and south in Brazil. Furthermore,
the paper discusses the potential theoretical reasons for different results found across
estimations at different spatial scales.
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1 Motivation

The goal of this paper was to evaluate the results of regional economic growth estimates
at multiple spatial scales using alternative spatio-temporal models recently proposed
in the spatial econometrics literature. During the last two decades, an increasing dis-
semination of spatial econometrics techniques has been observed among regional
scientists, economists, and researchers in several fields (Anselin 1988; Lesage 1999;
Conley 1999). The vast research of applied spatial econometrics on the interdepen-
dencies among spatial units and their effects on, among others, regional economic
growth, trade flows, knowledge spillovers, migration, housing prices, tax interactions,
and city’s growth controls1 is well known. However, this literature still lacks a better
understanding of the potential reasons why models estimated at different geographic
scales yield different results in the context of regional economic growth empirics.2

Resende (2011) engages in an initial discussion on the determinants of Brazil’s
regional economic growth at a variety of geographic scales using a cross-sectional data
set over the 1990s period. Resende (2013) improves this analysis by using standard
panel data models across several spatial scales, but the process of economic growth
in Brazil is only examined using non-spatial panel data models. This investigation
refers back to the modifiable areal unit problem (MAUP),3 but it sheds new light on
a core problem in the literature related to regional economic growth by estimating
models that are able to provide more insights about different spatial spillover effects
due to changes in the spatial scale. The choice of the spatial scale of analysis is a
problematic issue in applied research (Behrens and Thisse 2007). This paper seeks to
investigate the extent to which ambiguities about spatial scale undermine, or inform,
our understanding of regional growth determinants and convergence.

With the exception of Resende (2011, 2013) and Resende and Cravo (2014)4 stud-
ies thus far have only investigated the determinants of economic growth at a single
spatial scale to infer the consistency of spatial growth models with reality (e.g., Rey
and Montouri 1999; Fingleton 1999; López-Bazo et al. 2004; Ertur and Koch 2007;
Elhorst 2010; Fischer 2011). For instance, Elhorst (2010) employ spatial economet-
ric techniques to focus on time–space models, but they only examine the process of
economic growth at a single spatial scale. To our knowledge, this is the first study of
regional economic growth exploring both time and different spatial scale dimensions
in the context of spatial panel data models.

1 See, for instance, Azzoni (2001), López-Bazo et al. (2004), Gamboa (2010), Fischer et al. (2009), Lesage
and Fischer (2008), Jeanty et al. (2010) Gérard et al. (2010) and Brueckner (1998).
2 It is worth noting that there is growing empirical literature analyzing MAUP in several areas of urban and
regional economics such as Yamamoto (2008), Briant et al. (2010), Fingleton (2011) and Menon (2012).
3 MAUP is associated with the uncertainties between choice of an alternative number of zones (or zoning
systems) and the implications that this holds for spatial analysis (Openshaw and Taylor 1981).
4 Of note, Ávila and Monastério (2008) analyze MAUP on per capita income convergence process in the
Rio Grande do Sul state in Brazil using two geographic scales (municipalities and “Conselhos Regionais
de Desenvolvimento”/COREDEs).
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The idea of this paper is to systematically repeat a spatial panel data model originally
developed to examine this phenomenon at a single geographic scale across multiple
scales. The spatial scales examined are minimum comparable areas (referred to as
municipalities), microregions, mesoregions and states, which are often employed in
the empirical literature about Brazil and cover the period between 1970 and 2000.5

Initially, this approach led us to the investigation of the measurement issue that might
cause variability in regional economic growth estimates due to the use of different
spatial scales, likely due to the MAUP. However, it is important to bear in mind that
structural (theory based) issues may be underlying economic growth at different scales;
thus, we provide theoretical arguments for such variability in empirical results found
across different geographic scales.6

The paper is organized as follows. Section 2 discusses the potential theoretical rea-
sons for different results found across economic growth models estimated at different
spatial scales. Section 3 describes the spatial panel data models employed in the empir-
ical analysis. In Sect. 4, the data set and spatial scales are explained. Section 5 presents
the results and the respective discussion follows in Sect. 6. Section 7 concludes the
paper.

2 The spatial scope of economic growth determinants: potential
theoretical reasons for different results across models estimated
at different spatial scales

In mainstream economics, economic growth theories provide several factors that may
have been responsible for driving regional performance. The debate on long-run eco-
nomic growth determinants came with Solow’s (1956) growth model and has been
augmented by many others by the inclusion of human capital (Mankiw et al. 1992),
migration (Barro and Sala-i Martin 2003) and growth externalities (López-Bazo et al.
2004; Ertur and Koch 2007). Moreover, the so-called endogenous growth models,
pioneered by Romer (1986) and Lucas (1988), seek to explain why differences in per
capita income arise and persist over time. Herein, we provide theoretical explanations
of how the explanatory variables used in the econometric specifications discussed in
the next section may impact economic growth at different spatial scales.

• Physical capital (and the convergence hypotheses) Information on physical cap-
ital is often unavailable at subnational levels, and thus, this variable is excluded
from the set of explanatory variables of regional growth regressions. The lack of
availability of physical capital measures at finer regional level is not restricted to
Brazil, as noted in Lesage and Fischer (2008) in a study for Europe. This fact is
problematic; it causes the omitted variable problem, which may bias the regres-

5 All different spatial scales are used in the decision-making process in Brazil. States and municipalities
have elected officials and are self-governed. Microregions and mesoregions are administrative regions
effectively used by states and federal government for planning and policy making. For instance, the new
National Policy of Regional Development of the Ministry of National Integration sets many of its goals at
the microregional level.
6 In Resende (2011), there is an initial discussion on this issue. Herein, we provide more theoretical
arguments for such differences across scales (see Sect. 2).
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sion estimates. Some panel data approaches partially deal with this problem by
including fixed effects which might control for this kind of omitted variable (Islam
1995). Despite such omissions, the neoclassical growth framework (Solow 1956)
provides a simple rationale for the convergence hypothesis. The convergence prop-
erty comes from the law of decreasing returns to capital accumulation [i.e., capital
tends to accumulate more slowly (more quickly) in regions where it is relatively
abundant (scarce)]. We introduce the initial level of income to control for decreas-
ing returns to capital accumulation (Ottaviano and Pinelli 2006). It is important to
explain why we expect to verify differences in the magnitudes of the convergence
coefficient at different spatial scales. In the regression estimates, the sizes of the
initial income per capita coefficients are expected to be larger at finer spatial scales,
because, for instance, municipalities resemble the notion of open economies with
perfect capital mobility. Barro et al.’s (1995) neoclassical model of open economy
with perfect capital mobility predicts (the possibility) that economies will jump
instantaneously to a steady state of income per capita; this can be understood by
a higher rate of convergence. The assumption of a more open economy is not
difficult to justify in the municipal level context in Brazil, considering that the
intensity of flows of capital, trade and people across municipal borders is higher
than across state borders. States can thus be viewed as more closed economies
than municipalities.

• Human capital Glaeser et al. (2003) show that the presence of positive spillovers
or strategic complementarities creates a “social multiplier” where aggregate coef-
ficients of human capital (proxied, for instance, by years of schooling) will be
greater than individual coefficients. In the context of this current study, we can
think of municipalities as the micro (individual) level of analysis. For this reason,
it is possible to argue that at the aggregate level (e.g., at microregional or state
level), the coefficient of human capital may be inflated by externalities. Glaeser
et al. (2003) point out that the coefficients may increase with the level of aggrega-
tion due to the existence of a social multiplier, which also supports the idea that
there are human capital spillovers, as suggested by a wide body of literature (e.g.,
Lucas 1988; Rauch 1993).

• Population density New economic geography models (Baldwin and Forslid 2000)
show the positive impact of agglomeration externalities on economic growth rates.
Population density is expected to be the proxy for agglomeration effects within a
region. The magnitude of these agglomeration effects may depend on the spatial
scale of analysis, because, for instance, population density will likely appear to be
higher at a finer scale (e.g., municipalities) than population density at a spatial scale
within larger regions (such as a state). Thus, the centripetal effect of agglomera-
tions might be operating at finer scales or, in other words, agglomeration-related
centripetal forces may be much more relevant at the local than at the state level.

• Transportation costs Theoretical models (Ottaviano and Puga 1998; Lafourcade
2008) have shown that with decreasing transportation costs, regional inequalities
will increase and then decrease. Other models integrate an endogenous growth
model with the core-periphery model showing that a decrease in transportation
costs may have nonlinear effects on growth (Baldwin et al. 2003). For the Brazil-
ian case, Mata et al. (2007) have found that transportation costs are inversely
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related to the rate of economic growth. The impact of transportation infrastruc-
ture on economic growth may vary as the geographic scale of analysis changes.
For instance, if this impact is analyzed at the state level, the focus will be on the
connectivity among these aggregate regions. On the other hand, at the municipal
level, such an analysis might examine the impact of transportation cost reductions
within the borders of states.

• Population growth Barro and Sala-i Martin (2003) point out that population growth
represents the behavior of fertility, mortality and migration. The impacts of pop-
ulation growth on economic growth may display different results across different
geographic scales, because migration patterns—which are one component of
population growth—may vary across scale levels (e.g., intra- vs. inter-regional
migration). For instance, the contrast in area sizes means that daytime commuting
across municipalities can be more significant if compared to states. Moreover, if we
are able to analyze only the migration effects, we need to bear in mind that, unlike
those born into a community, migrants come with accumulated human capital. As
such, the results depend on whether immigrants have more or less human capital
(i.e., if they are typically skilled or unskilled) than the residents of the receiving
region (Barro and Sala-i Martin 2003).

• Spatial externalities The spatial growth model specifications discussed in the next
section seek to capture the effects of spatial externalities. It is important to note
that the extent and strength of these externalities may depend on the level of aggre-
gation of the spatial units. For instance, spatial autocorrelation might be higher at
the municipal level than at the state level, because, for instance, states are more
self-contained than municipalities, or, in other words, states are much more closed
economic entities than municipalities. As noted by Oates (1999), it is possible to
increase the size of the jurisdiction to deal with such spillovers, thereby internal-
izing the benefits and costs. Corrado and Fingleton (2012) note that hierarchical
models (also known as multilevel models) can be used in regional science and spa-
tial economics to study a hierarchy of effects from cities, regions containing cities,
and countries containing regions; thus, not recognizing the effects emanating from
different hierarchical levels can lead to incorrect inferences. Herein, the adopted
approach is to systematically replicate the regression specification chosen to exam-
ine the extent of spatial externalities at a single scale across multiple spatial scales.
Lall and Shalizi (2003) enumerate theoretical reasons why location effects and
spatial externalities matter in examining determinants of growth, that including (i)
agglomeration economies7; (ii) Marshallian externalities of knowledge diffusion

7 “Drawing on the central argument of the ‘new economic geography’ literature, growth in any region is
influenced by its ability to access large markets (Krugman 1995; Venables 1998). These economies are not
a function of the size of a specific industry but of the overall size of the agglomeration. Thus, competitive
enterprises accessing larger markets can enhance productivity. In addition to market size, agglomeration
benefits potentially include access to specialized services (banking and finance), interindustry linkages,
physical and economic infrastructure, and a larger medium for information exchange. Limiting the scope of
the analysis to administrative units without considering the economic agglomeration (to which the region
may belong) and the effects of market access are likely to limit the scope of the analysis” (Lall and Shalizi
2003: 664).
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and labor market pooling8; (iii) common informal norms and institutions9; and (iv)
policy adoption.10 Although many of these theoretical arguments on spatial exter-
nality are about their positive effects, it is possible to point out some reasons why
negative spatial externality effects can be observed. For instance, with regard to the
policy adoption argument discussed above, there could also “be negative policy
imitation where governments may not necessarily maximize growth but maximize
rent-seeking and this behavior may be imitated by governments in neighboring
regions” (Lall and Shalizi 2003: 665). Moreover, Lall and Shalizi (2003: 679)
suggest that improvements in the structural variables (e.g., economic structure,
workforce quality and infrastructure quality) are likely to increase growth perfor-
mance in the region; however, “if growth in a particular region is higher than that
of its neighbors, the region is likely to attract mobile capital and skilled labor from
neighboring regions, thereby having a detrimental effect on growth performance in
neighboring regions.” The spatial models discussed next are a way to model these
spatial externalities via spatial lags of the dependent and/or explanatory variables
and/or spatial disturbances specifications.

3 Spatial panel data models

To study the impact of the explanatory variables on economic growth across a variety of
geographic scales, we employ spatial panel data models. These models try to account
for spatial correlations, allowing at the same time for the existence of idiosyncratic
effects (fixed or random) for the regional observational units. Indeed, the presence
of spatially autocorrelated residuals in the non-spatial growth regressions motivates
the estimation of the spatially augmented Solow models—as presented in Montoury
(1999), López-Bazo et al. (2004) and Ertur and Koch (2007)—to deal with such spatial
autocorrelation.

However, it is worth noting that there are alternative explanations for the existence
of spatial autocorrelation in the residuals of the growth equations. Nuisance spatial
dependence (spatial error) is a potential justification. As explained by Magrini (2004:
2763), it “may result from measurement problems such as a mismatch between the
spatial pattern of the process under study and the boundaries of the observational
units.” It is also likely that regions that are geographically close together may expe-
rience random shocks that affect both simultaneously. Another explanation is related
to unobserved determinants that are correlated across regions (Fingleton and López-

8 “For technological externalities, innovations in one region are adopted in neighboring regions through
diffusion, thereby creating convergence in production processes and linkages in development outcomes.
In Marshall (1920) terminology, diffusion is spatially localized and does not extend to all locations. The
second source of Marshallian agglomeration is labor market pooling, where production units in one region
can gain access to a shared pool of labor in the larger regional economy” (Lall and Shalizi 2003: 664).
9 “Neighboring regions are quite likely to share common informal norms and institutional structures making
them react similarly to exogenous shocks (North 1990)” (Lall and Shalizi 2003: 665).
10 “Growth rates could be correlated across space due to ‘copy cat policy adoption’ (Easterly and Levine
1998). They suggest that policies leading to high growth may provide a model of the efficacy of public
intervention to governments in neighboring regions” (Lall and Shalizi 2003: 665).
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Bazo 2006). Possible unobserved determinants of economic growth not considered in
these models include cultural, institutional and technological factors, which might be
correlated across spatial units.

Moreover, Fingleton and López-Bazo (2006) note that substantive dependence (spa-
tial lag and/or spatial cross-regressive) assumes that across-region externalities are due
to knowledge diffusion and pecuniary externalities. López-Bazo et al. (2004) discuss
in some detail the substantive arguments for spatial dependence across regions. These
authors built a spatially augmented growth model based on Mankiw et al. (1992)
demonstrating that economic growth and initial productivity in the other regions boost
growth in a given region, which is explained by regional spillovers of the diffusion
of technology from other regions, caused by investments in physical and human cap-
ital. However, López-Bazo et al. (2004) recognize that it is also plausible that these
externalities across economies might be caused by pecuniary externalities other than
knowledge spillovers—such as those created by a specialized market for labor or out-
put, or forward and backward linkages drawn from trade in intermediate goods—that
are related to increasing returns at the firm level, as noted by contributors from the
so-called new economic geography (Fujita et al. 1999).

Accounting for these spatial autocorrelations in growth regressions is essential to
establishing reliable inferences. Of note, Baltagi and Pirotte (2010) examine standard
panel data estimators under spatial dependence using Monte Carlo experiments. They
show that when the spatial coefficients are large, hypothesis tests based on standard
panel data estimators that ignore spatial dependence can lead to misleading inferences.
Moreover, Arbia and Petrarca (2011) present a general framework to investigate the
effects of MAUP on spatial econometric models showing how the presence of spatial
effects affects the classical results. Arbia and Petrarca (2011) concentrate on the loss
in efficiency of the parameters’ estimators due to aggregation.

Recently, new developments in spatial panel data models have emerged in the spatial
econometrics literature, proposing alternative spatio-temporal models to investigate
convergence and growth of regions (Elhorst 2010), regional markets (Keller and Shiue
2007) and labor economics (Foote 2007), among other fields. Anselin et al. (2008)
provide a list of alternative spatial panel data models. In the same way, Elhorst (2012)
examines a collection of spatial dynamic panel data (SDPD) models that include one
or more of the following variables and/or error terms: “a dependent variable lagged
in time, a dependent variable lagged in space, a dependent variable lagged in both
space and time, independent variables lagged in time, independent variables lagged
in space, serial error autocorrelation, spatial error autocorrelation, spatial-specific and
time-period-specific effects.”

Lee and Yu (2010) examine recent developments in spatial panel data models for
both static and dynamic cases that consider fixed effects, spatial lags and spatial dis-
turbance specifications [for other surveys, see also Elhorst (2010, 2012)]. Specifically,
these spatial dynamic panel data models can be applied to investigate the economic
growth and convergence processes of regions that employ income per capita growth
rates versus lagged levels of the explanatory variables. To study the robustness of
the results, we consider several model specifications for the spatial dependence struc-
ture. Both fixed and random effect models were estimated, considering spatial lags
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8 G. M. Resende et al.

for the dependent and explanatory variables, and considering different error spatial
dependences.

The general model specification is given by:

y = λ (IT ⊗ W ) y + Xβ + u, (1)

where y is the vector with the dependent variable, X is the matrix with explanatory
variables (which includes the log of the initial period level of the dependent variable),
β is the vector of unknown coefficients and W is the standardized weight matrix built
according to the neighborhood relations among observational units (see Anselin 1988).
Coefficient λ corresponds to the autoregressive parameter, and it gives a measure of
the spatial dependence between the response variable in different geographic units.
We assume that λ is smaller than one in absolute value. The term IT corresponds to
the identity matrix, with dimension T (the number of time periods), and symbol ⊗

corresponds to the Kronecker product. The matrix representation above assumes the
data are sorted such that the first block of observations corresponds to the first time
period, the second block corresponds to the second time period and so on.

The error term u can have several representations, varying according to the pres-
ence of idiosyncratic variability among regional units, and according to the spatial
dependence structure. The discussion here considers only models with fixed or ran-
dom effects, models without these effects can be easily derived from those presented
below. Besides, the several specification tests performed on our empirical data rejected
the hypothesis of no idiosyncratic terms.

Assuming that there are idiosyncratic effects, represented by the terms in the N

dimensional vector μ (where N is the number of observational units), the first speci-
fication considered for the term u is given by:

u = (iT ⊗ IN ) μ + ǫ, (2)

where iT is a T × 1 vector of ones, IN is an identity matrix with dimension N and ǫ

is a vector with dimension T N × 1, with the error terms. Spatial dependence can also
be assumed for ǫ according to

ǫ = ρ (IT ⊗ W ) ǫ + ν, (3)

where ρ is an autoregressive coefficient for the error terms (we assume that ρ is smaller
than one in absolute value) and ν is a random vector, with all terms independent and
normally distributed with zero mean and variance σ 2

ν . We refer to the representation
in (2) as Baltagi’s representation (see Baltagi 2008, and Baltagi et al. 2003).

Another way to include spatial dependence along with idiosyncratic terms in the
term u in Eq. (1) is by specifying the spatial lags directly for the term u, according to

u = ρ (IT ⊗ W ) u + ǫ, (4)

with ǫ = (iT ⊗ IN ) μ+ν. This representation was considered in Kapoor et al. (2007).
Because of the structure in (4), spatial correlation applies to both the individual effects
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in μ and the remainder error terms in ǫ. We refer to this second model as Kapoor’s
representation. Estimation of models including both the spatial lag term (IT ⊗ W ) y

and spatial dependence for the error components with Kapoor’s representation is pos-
sible only when using random effects estimation. For fixed effects, one can only use
Baltagi’s representation.

It is important to note that Gibbons and Overman (2012) criticize these spatial
models, arguing that distinguishing which of these spatial models generates the data
that the researcher has at hand is very difficult in applied research. For instance, it is
hard to discriminate the model implied in Eq. (1) from the model represented in Eq.
(5):

y = Xβ + δx (IT ⊗ W )X + u (5)

Equation (5) describes the spatial model known as spatially lagged X regression model
(SLX, or spatial cross-regressive model), which assumes that interactions between
exogenous characteristics of nearby observations (WX) directly affect Gibbons and
Overman (2012) point out that researchers interested in spatial spillovers should incor-
porate a reduced form specification such as in Eq. (5), which may better identify
causality in most cases (see Partridge et al. 2012, for a comprehensive discussion).11

Equation (5) may incorporate a spatial lag of the dependent variable (known as Spa-
tial Durbin Model/SDM). Lesage and Fischer (2008) and Lesage and Pace (2009)
advocate in favor of the SDM with the inclusion of spatial lags of the dependent and
explanatory variables by showing that this specification better accommodates two sta-
tistical issues that affect regional spatial growth regressions: the spatial dependence
in the disturbances of an ordinary least squares (OLS) regression, and endogeneity
in the form of an omitted explanatory variable that follows a spatial autoregressive
process. In addition, in the context of growth models, Ertur and Koch (2007) provide
the theoretical justification for the inclusion of spatial spillovers in the form of an
SDM model.

The empirical exercise conducted herein compares alternative spatial panel data
growth models across a variety of geographic scales. The discussion of results focuses
on the results of the SDM model based on the arguments above. The purpose of
this approach is to better understand the determinants of Brazilian economic growth
and their respective spatial spillovers as well as to show that the geographic scale of
analysis is an unavoidable feature; growth determinants would differ across different
spatial scales.

Finally, as discussed in Lesage and Pace (2009), Elhorst (2010) and Elhorst (2012)
for spatial lag models, unveiling the effects of each independent variable on the depen-
dent response is not as straightforward as in the linear regression set up. In plain linear
regressions, each parameter corresponds to the partial derivative of the dependent vari-
able with respect to the explanatory attribute (∂yi/∂xi,k = βk). For spatial lag models,
there is a feedback effect because of the spatial lag for the response y, and this effect

11 Partridge et al. (2012: 170) further explain: “Gibbons and Overman argue that their preferred starting
point is natural experiments that use geographical, institutional, or historic factors to identify causality.
While natural experimental approaches raise their own problems of only assessing ‘cute’ experiments or
searching for valid instruments, Gibbons and Overman argue that identification is more transparent and less
prone to the errors we described above.”
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10 G. M. Resende et al.

should be taken into account when obtaining the partial derivative ∂yi/∂xi,k , for each
independent variable xk .

To simplify the discussion, consider the Spatial Durbin Model (SDM) for cross-
section data, which includes lags for both the dependent variable and the independent
predictors, rewritten as

(In − λW ) y = Xβ + W Xδ ǫ

⇒ y =

K∑

k=1

Sk(W )xk + V (W )ǫ,

where Sk(W ) = V (W )(Inβk+Wδk) and V (W ) = (In−λW )−1. The partial derivative
∂yi/∂x j,k is obtained by ∂yi

∂x j,k
= Sk(W )i j . Note that, unlike the plain linear regression

case without spatial or temporal dependence, we may have ∂yi

∂x j,k
= Sk(W )i j �= 0, for

i �= j . This happens because changes in the independent variable for a single polygon
may affect the dependent variable in all other polygons.

We report the average direct, indirect and total impacts for each independent vari-
able xk on the dependent response. The direct impacts correspond to the impacts on
response yi for observation i , due to changes in xi,k (also for observation i). The total
impacts correspond to changes in response yi , because of changes, by the same amount,
for all n values x j,k . The indirect impacts correspond to the difference between the
total impacts and the direct impacts, which can be interpreted as spatial spillovers. In
this paper, the reported average impacts are based on expressions discussed in Lesage
and Pace (2009). Estimations presented in this paper were performed using the splm
package in R (see Millo and Piras 2012).12

4 Data

In order to evaluate the results of regional economic growth estimates at a variety of
geographic scales, this paper applies alternative spatio-temporal models to the same
data set used in Resende (2013). Figure 1 presents the four Brazilian geographic
stratifications in the data set—27 states, 134 mesoregions, 522 microregions and 3657
minimum comparable areas (MCAs)—and presents statistics concerning their sizes
(in square kilometers). The data are drawn from the MCA level, which is the most
disaggregated spatial units in this study, and then grouped to form the other spatial
scales.

MCAs were defined by Reis et al. (2005) as sets of municipalities with constant
borders between 1970 and 2000 to address the comparability problem generated by the
increase in the number of municipalities from 3920 in 1970 to 5507 in 2000. Brazil is
divided into 27 states13 that are the main political-administrative units in the country.
Municipalities (MCAs in this paper) represent the smallest administrative level, deal-
ing with local policy implementation and management. Micro- and mesoregions are

12 We adapt previous R-language spatial functions to produce the correct direct and indirect effect estimates.
13 More precisely, there are 26 states and one federal district.
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homogeneous regions defined by IBGE (2011) (Brazilian Institute of Geography and
Statistics—Instituto Brasileiro de Geografia e Estatística) as a group of contiguous
municipalities within the same state.

Data were collected from IPEADATA (Institute of Applied Economic Research—
Instituto de Pesquisa Econômica Aplicada/IPEA), which has organized the population
census information (from IBGE) of 1970, 1980, 1991 and 2000. Based on these four
data points, the dependent variable was calculated as the average annual income per
capita growth rate14 for each time span: 1970–1980, 1980–1991 and 1991–2000. Per
capita income information is deflated to the Real (R$, the Brazilian currency) in 2000.

Table 1 presents summary statistics for the dependent variable for each of the three
time periods at the different spatial scales. For each decade, the simple mean of the
average annual income per capita growth rates increases in absolute value with the
level of disaggregation. In the first period (1970–1980), while the average of income
per capita growth rates was 8.81 % at the state level, it was 9.36 % at the MCA level.
Similarly, in the period between 1980 and 1991, the fall in income per capita was
more intense at the MCA level (−1.71 %) than at the state level (−0.72 %). The same
pattern occurred between 1991 and 2000, when the average growth of income per
capita reached 6.83 % at the MCA level against 6.10 % at the municipal level. Data
dispersion is also higher in the more disaggregated geographic scales.

Explanatory variables are given in terms of initial values, that is, values in 1970,
1980 and 1991. The socioeconomic data are logged per capita income, logged aver-
age years of schooling, logged population density and population growth.15 Logged
transportation costs between MCAs and São Paulo city are also from IPEADATA. The
cost of transportation to São Paulo is calculated through a linear program procedure as
the minimum cost (given road and vehicle conditions) of traveling between an MCA‘s
major headquarters and São Paulo. Transportation cost data are available for the years
1968, 1980 and 1995. Values for the years 1970 and 1991 were estimated via interpo-
lation. Finally, the econometric specifications include time dummies for the decades
of 1980 and 1990 (the time dummy for the 1970s was excluded from the regressions
to avoid perfect multicollinearity).

The spatial weight (W) matrix used herein is the standardized first-order contiguity
matrix (also called the queen contiguity matrix), in which the element wi j in the matrix
is 1, if areas i and j share borders or vertices, and 0 otherwise. Moreover, k-nearest
neighbors weight matrices (in which each region has the same number of neighbors)
were used (k = 5 and k = 10) for robustness checks and the main qualitative results
remain the same. In the next section, we present the results for models estimated for
different geographic scales in Brazil.

14 The income per capita growth rates are averaged over 10 years because MCA data are only available from
the Brazilian population censuses conducted every 10 years. Furthermore, given the presence of business
cycle effects, the choice of 10-year growth averages seems to be a reasonable approach to avoid those
influences (Caselli et al. 1996). For instance, the 1973 and 1979 “oil price shocks” affected the Brazilian
economy. In 1994, Brazil launched the “Plano Real” (Real Plan), the stabilization program that ended a
long period of high inflation rates that had started in the 1970s.
15 Population growth is adjusted for depreciation (δ) and technological growth (g), under the usual assump-
tion that δ + g equals 0.05 (e.g., Mankiw et al. 1992). The natural log of this variable is not taken due to
the presence of negative values.
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Table 1 Summary statistics of income per capita growth rates variable

Spatial scales States
(n = 27)

Mesoregions
(n = 134)

Microregions
(n = 522)

MCAs
(n = 2.657)a

Averaged annual per capita growth rates

1970–1980

Mean 0.0881 0.0918 0.0915 0.0936

Min 0.0474 0.0474 0.0140 −0.0938

Max 0.1088 0.1329 0.1437 0.3709

Std. Dev. 0.0152 0.0157 0.0191 0.0296

1980–1991

Mean −0.0072 −0.0134 −0.0154 −0.0171

Min −0.0266 −0.0756 −0.0786 −0.1297

Max 0.0143 0.0163 0.0329 0.2190

Std. Dev. 0.0100 0.0125 0.0139 0.0232

1991–2000

Mean 0.0610 0.0641 0.0658 0.0683

Min 0.0118 0.0118 −0.0007 −0.1934

Max 0.0766 0.0994 0.1558 0.1991

Std. Dev. 0.0148 0.0135 0.0160 0.0252

Average number of regions using the queen contiguity matrix

Queen (W matrix) 3.8 5.1 5.6 5.9

Author’s elaboration from data of IBGE
a Minimum Comparable Areas (MCAs)

5 Empirical results

Initially, we employed Lagrange multiplier (LM) tests for panel data models to test
for the presence of spatial correlation in the observations and for the presence of
idiosyncratic effects (regional individual effects). These tests are discussed in Baltagi
et al. (2003) and Millo and Piras (2012). See “Appendix 1” (Table 7) for a summary of
the tests results at the MCA. The LM results indicate (at all spatial scales) the presence
of both idiosyncratic effects and spatial correlation in the panel regression models.

Based on the test results, we proceed to parameter estimation. We estimated both
fixed effects and random effects models so as to ascertain the robustness of our conclu-
sions. The results for the fixed effects and the random effects models are quite similar.
However, we have evidence in favor of considering the results from the fixed effects
model.16 Indeed, Durlauf et al. (2005) note that most of panel data growth studies

16 The random effects models assume that the regional individual effects are uncorrelated with the error
terms, whereas for the fixed effect models, this correlation need not be null. To test whether the zero
correlation assumption is valid, so that we can rely on the random effects estimation results, we can resort
to the spatial Hausman test, discussed in Mutl and Pfaermayr (2011). The results for the spatial Hausman
test, considering an underlying model with both spatial lag (λ �= 0) and error spatial dependence (ρ �= 0),
rejected the null hypothesis that both fixed effects and random effects models are equivalent, with a p value
smaller than 1.0e–10 indicating that the fixed effects model is more appropriate.
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14 G. M. Resende et al.

employ a fixed effects (within-group) estimator rather than a random effects estima-
tor.17 Herein, we analyze the fixed effects models across the four geographic scales
under investigation. In the conclusion section, the empirical results are compared.

5.1 Results at MCA level

Table 2 presents results for different fixed effects models at the MCAs level. We note
that the coefficients for spatial dependence (λ and ρ) are statistically significant for all
fixed effects specifications. The estimates for ρ seem to be higher than the estimates
for λ.

The results of models 2, 3 and 4 show that higher economic growth rates at the
MCA level are positively related to education and negatively associated with income
per capita (conditional convergence) and population density.

To better understand the variables affecting municipality growth, we add spatial lags
for the explanatory variables (WX) to the list of right-hand side variables (columns
5 and 6), and the results are very similar. Gibbons and Overman (2012) favor model
(column 5) and argue that the SLX model is better in taking endogeneity into account.
Nevertheless, the SDM reported in column 6 is the focus of our analysis. As argued
in Sect. 3, Lesage and Fischer (2008) prefer the SDM specification, arguing that the
conjunction of plausible circumstances is likely to arise in applied spatial growth
regression modeling and Ertur and Koch (2007) provide a theoretical justification for
the use of the SDM specification in growth models.

The estimates for the SDM model shows that higher economic growth within one
MCA is negatively related to income per capita (conditional convergence) and pos-
itively associated with population growth and education. Furthermore, as argued by
Sardadvar (2012), the results show how education levels are beneficial to economic
growth if found within one MCA, but disadvantageous if found in neighboring regions
(W*log education). Moreover, the results show that economic growth within one MCA
is positively influenced by its neighbors’ income per capita levels (W*log per capita
income).18

In the SDM estimation, a change in an explanatory variable in region i has a
direct impact on region i and an indirect impact on other regions. Nevertheless, the
standard SDM estimation presented in Table 2 is unable to disentangle the direct and
indirect effects of explanatory variables on regional growth and raises difficulties in the
interpretation of the estimated coefficients. Table 3 provides results of our preferred
SDM estimations computing the total, indirect and direct effects, as suggested by
Lesage and Pace (2009).

The coefficients of the direct effects (column 1) are in line with the results provided
in Table 2. These coefficients can be compared to the non-spatial estimations. The
direct effect estimation suggests that economic growth within one MCA is negatively

17 Durlauf et al. (2005) explain that standard random effects estimators require that the individual effects
are distributed independently of the explanatory variables, and this requirement is clearly violated for a
dynamic panel by construction given the dependence of log initial period level of the dependent variable
on individual effects.
18 Sardadvar (2012) develops a spatial neoclassical growth model explaining these results.
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Table 3 Direct, indirect and total effects (estimation results for SDM model at the MCA level)

Direct effects Indirect effects Total effects

Coefficients Standard
errors

Coefficients Standard
errors

Coefficients Standard
errors

Log per capita
income

−0.1146*** 0.0009 0.0294*** 0.0017 −0.0852*** 0.0015

Log population
growth
(n + g + d)

0.0480** 0.0161 −0.0593* 0.0294 −0.0113 0.0274

Log education 0.0013*** 0.0004 −0.0024* 0.0008 −0.0011 0.0009

Log transportation
cost to São
Paulo

0.0047 0.0045 0.0148* 0.0052 0.0195*** 0.0028

Log population
density

−0.0018 0.0014 −0.0126*** 0.0020 −0.0144*** 0.0016

For the significance level in the estimations in the table. *** Statistically significant at the 0.1 % level.
** Statistically significant at the 1 % level and * Statistically significant at the 5 % level

related to income per capita (contributing to conditional convergence) and positively
associated with population growth and education.

Interesting results emerge from the indirect effects (column 2). The coefficient
related to initial per capita income is positive, confirming that there is a positive
spillover effect stemming from per capita income levels. This positive spillover effect
is in line with models with endogenous growth characteristics (e.g., López-Bazo et al.
2004; Ertur and Koch 2007; Sardadvar 2012). Nevertheless, the spillover effect stem-
ming from the per capita income level is much smaller than the direct effect, and the
total effect (column 3) of per capita income level indicates conditional convergence.

The indirect effect coefficients also suggest that being surrounded by highly edu-
cated and populated municipalities has a negative effect on growth. The estimation of
the indirect spillover effect related to human capital confirms indications of this pattern
in Brazil as suggested by Cravo et al. (2015) based on panel data SDM estimations.
An increase in the level of human capital in one municipality is caused mainly by
migration of the educated population from neighboring municipalities.19

5.2 Results at the microregional level

In total, the country is divided into 522 microregions. The results for the SDM estima-
tions with direct, indirect and total effects are reported in Table 4. The alternative fixed
effects estimation with and without spatial lags for explanatory variables, is provided
in “Appendix 2” (Table 8). In Table 4, the total effect of the per capita income coef-
ficient is negative, and statistically significant, indicating the process of conditional

19 Negative spillover effects stemming from human capital (estimated by the SDM indirect effect) in Europe
was also found by Lesage and Fischer (2008). Olejnik (2008) also provides results suggesting that human
capital might have negative spillover effects.
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Table 4 Direct, indirect and total effects (estimation results for SDM model at the microregion level)

Direct effects Indirect effects Total effects

Coefficients Standard
errors

Coefficients Standard
errors

Coefficients Standard
errors

Log per capita
income

−0.0966*** 0.0023 0.0240** 0.0086 −0.0726*** 0.0091

Log population
growth (n + g +d)

0.0661* 0.0294 −0.3020 0.1288 −0.2359 0.1388

Log education 0.0015 0.0026 0.0010 0.0063 0.0025 0.0064

Log transportation
cost to São Paulo

−0.0038 0.0069 0.0273* 0.0124 0.0235* 0.0104

Log population
density

0.0006*** 0.0021 −0.0306*** 0.0068 −0.0300*** 0.0070

For the significance level in the estimations in the table. *** Statistically significant at the 0.1 % level.
** Statistically significant at the 1 % level and * Statistically significant at the 5 % level

convergence at the microregional level.20 As in the case for the municipalities, the
direct effect of initial per capita income is negative, and the indirect effect indicates
the existence of positive spillovers stemming from initial income levels. The positive
coefficient of the indirect effect of income per capita means that one microregion
located in a relatively rich neighborhood will tend to have a higher per capita income
growth (with other things being equal). This result also provides support for spatial
growth models with endogenous growth characteristics.

The estimates for population growth are in line with results presented in Table 3
for municipalities. The direct effect of population growth fosters economic growth
within one microregion. However, the indirect effect does not rule out that there are
negative spillovers from population growth. These two effects might counterbalance
each other and contribute to the result that indicates that the total effect of population
growth is not significant.

As in the estimates for municipalities, the results for microregions suggest that the
total effect of human capital is not significantly related to economic growth. However,
for the case of microregions neither direct nor indirect effects are statistically signifi-
cant. Finally, we document that the positive effect of the total effect of transportation
cost is driven by indirect effects. Municipalities and microregions benefit from bad
infrastructure in neighboring regions, perhaps because regions with better infrastruc-
ture attract investment away from neighboring regions with poorer infrastructure.

5.3 Results at the mesoregional level

We now present the results using 134 Brazilian mesoregions. In Table 5, the total effect
of the per capita income coefficient is statistically significant and indicates that direct

20 This result is in line with the estimations presented in Table 8 in the “Appendix 2”. The initial per capita
income-level coefficient is the only coefficient that is significant in all regressions presented in Table 8.
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Table 5 Direct, indirect and total effects (estimation results for SDM model at the mesoregion level)

Direct effects Indirect effects Total effects

Coefficients Standard
errors

Coefficients Standard
errors

Coefficients Standard
errors

Log per capita
income

−0.0879*** 0.0047 0.0073 0.0140 −0.0806*** 0.0148

Log population
growth (n + g +d)

−0.0191 0.0732 −0.4543 0.2382 −0.4734 0.2577

Log education 0.0131* 0.0054 −0.0041 0.0097 0.0090 0.0096

Log transportation
cost to São Paulo

0.0037 0.0116 0.0169 0.0178 0.0206 0.0135

Log population
density

−0.0024 0.0042 −0.0461*** 0.0116 −0.0485*** 0.0120

For the significance level in the estimations in the table. *** Statistically significant at the 0.1 % level.
** Statistically significant at the 1 % level and * Statistically significant at 5 % level

effects drive the conditional convergence process at the mesoregional level, as in the
case of municipalities and microregions. Nevertheless, for the case of mesoregions,
the indirect effect of initial per capita income is positive but not significant, indicating
a lack of spillover stemming from this variable. Moreover, the total effect of education
is not significantly related to higher economic growth. The results for the education
variable show that only the direct effect is significant, indicating once again that
improving education at the regional level has a direct impact on economic growth. At
the mesoregional level, there is no negative spillover effect of education.

The indirect effect of population density continues to driving the negative total
effect of this variable. The higher population density of neighboring mesoregions
negatively influences economic growth. The results also indicate that the coefficients
of transportation cost and population growth are not related to economic growth at the
mesoregional level.

5.4 Results at state level

The results presented in Table 6 confirm that growth convergence occurs at all geo-
graphic scales in Brazil. Interestingly, as in the case of mesoregions, there are no
significant spillover effects from per capita income at state level. Indeed, Resende
(2013) suggests that the diagnostics for spatial autocorrelation in the error terms using
Moran’s I statistics in non-spatial panel models are not statistically significant at the
state level in Brazil. This finding indicates that the spatial dependence is weaker at the
mesoregional and state levels than at finer geographic scales such as municipalities
and microregions. Spillovers are operating inside the borders of larger mesoregions
and states.

At state level, the total effect of education on growth is also not statistically signif-
icant. There is a positive and significant direct effect of education on growth and an
opposite negative indirect effect of education on growth. The negative effect of pop-

123



Evaluating multiple spatial dimensions of economic growth. . . 19

Table 6 Direct, indirect and total effects (estimation results for SDM model at the state level)

Direct effects Indirect effects Total effects

Coefficients Standard
errors

Coefficients Standard
errors

Coefficients Standard
errors

Log per capita
income

−0.1004*** 0.0093 0.0252 0.0274 −0.0752* 0.0299

Log population
growth (n + g +d)

−0.2073 0.1342 −0.6775 0.4282 −0.8848 0.4823

Log education 0.0494*** 0.0129 −0.0786** 0.0263 −0.0292 0.0240

Log transportation
cost to São Paulo

0.0377 0.0194 0.0440 0.0368 0.0818** 0.0270

Log population
density

−0.0048 0.0080 −0.0510** 0.0193 −0.0558** 0.0201

For the significance level in the estimations in the table. *** Statistically significant at the 0.1 % level.
** Statistically significant at the 1 % level and * Statistically significant at the 5 % level

ulation density on growth is also driven by the indirect effect of this variable. Higher
population density of neighboring states negatively influences economic growth.

6 Discussion

This section discusses the results of economic growth regressions estimated at four
geographic scales (MCAs, microregions, mesoregions, and states) using spatial panel
data methods controlling for fixed effects.

First, we note that the total effect of the coefficients of (log) initial income per capita
is negative and statistically significant in all estimations and geographic scales. This
negative correlation between the per capita income growth rate and the initial per capita
income indicates conditional β-convergence. This effect is driven by the direct effect
of initial income per capita for all geographic scales. Interestingly, the coefficients of
the indirect effect are positive and suggest positive spillovers stemming from income
per capita level. This effect is significant only for municipalities and microregions,
indicating that spillovers of income level occur mainly at finer geographic scales. In
other words, spillovers occur inside mesoregions and states. These results support the
arguments of new economic geography models that consider that spatial dependence in
per capita income might be associated with increasing returns to scale characteristics.
The positive coefficient of the indirect effect of per capita income means that regions
with the same parameters can have different growth rates if neighboring regions have
different levels of per capita income. This result can also be interpreted as a sign that
there are spatial externalities stemming from physical capital as noted by López-Bazo
et al. (2004). An alternative interpretation is that some of the spillovers could have been
caused by pecuniary externalities present in models of new economic geography (e.g.
Krugman 1991). These results confirm indications from previous research on Brazil
that suggests positive spillover effects from per capita income (e.g., Cravo et al. 2015).
However, our work provides for the first time, estimations that properly disentangle
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direct and indirect effects in the context of panel growth regressions to provide more
reliable results about the spillover effects.

Interestingly, the results suggest that human capital has a direct effect and a neg-
ative spillover effect on growth. The direct effect of the average-year-of-schooling
coefficient inflates as more aggregate data is used. For instance, using the spatial lag
model, the years-of-schooling coefficient is 0.0013 at the MCA (municipality) level,
0.0015 at the microregional level, 0.0013 at the mesoregional level and 0.04 at the
state level. This might suggest the strength of the spatial interactions across individu-
als within regions, a phenomenon coined as the “social multiplier” effect by Glaeser
et al. (2003). The larger the geographic unit, the stronger this effect. On the other
hand, the indirect effect provides support to Olejnik (2008) and Cravo et al. (2015)
who argue that the level of human capital in neighboring regions may have a negative
effect on the level of per capita income in a given region. A reduction in the level of
human capital in a region is caused mainly by migration of the educated population
to neighboring regions. This reduction in human capital negatively affects economic
growth. This is in accordance with the argument linked to new economic geography
models, where more skilled labor is an important factor that constitutes a centripetal
force toward geographic concentration (e.g., Krugman 1999). Despite the indication
that the total effect of human capital is not positively related to economic growth
due to negative spillover effects, the direct effect reinforces the need for localized
investments in human capital.

In all cases, the coefficients of the total effect of population growth are not statis-
tically significant at the 5 % level. The population growth coefficient likely becomes
statistically insignificant because of a balance between countervailing behavior effects
of fertility, mortality, and migration. The indirect effect at municipality level suggests
negative spillover stemming from population growth; having neighbors with higher
population growth is harmful to local economic growth. This is in line with new eco-
nomic geography models (e.g., Krugman 1999), which demonstrate a tendency for
population to concentrate in a few cities. The negative spillover effect from popu-
lation density in all estimations is also a sign that population concentrates in a few
places.

The coefficients of the total effect of population density are negative and statisti-
cally significant at all spatial scales. These results are contrary to the argument that
agglomeration effects are beneficial to economic growth because the negative signs of
the population density coefficients mean that more highly populated areas are harmful
to economic growth, demonstrating that congestion effects might explain this negative
effect for the analyzed period (1970–2000).

It is worth noting that when panel data with fixed effects are adopted in economic
growth analyses, it creates a bridge between development economics and the neoclassi-
cal empirics of growth, because this framework allows for unobservable differences in
the production function and focuses attention on all the tangible and intangible factors
(e.g., institutional characteristics) that may enter into its respective individual effect.
Islam (1995) argues that persistent differences in technology level and, for instance,
institutions are important factors in understanding economic growth across regions.
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When these variables are included in the regressions in the form of fixed effects, the
convergence process occurs at a faster rate.21

Herein, when the spatial distribution of these fixed effect terms is analyzed across the
four geographic scales (see Fig. 2 in “Appendix 3”)22 we observe a clustering of high
values in the South, Southeast and Central-West of Brazil at the MCA spatial scale, for
instance. This fact suggests that fixed effects are really capturing a higher level of, for
example, technology and institutions in these regions, which are the most developed
areas in Brazil, generating higher growth rates in the analyzed period. However, the
spatial distribution of the fixed effects shows some variation across spatial scales.
If we observe the fixed effect at the MCAs within each state, we clearly find such
variability. For instance, we may conclude that the state of São Paulo presents a higher
fixed effect—which may be interpreted as good institutions—that generates higher
growth rates. However, we need to bear in mind that within this state we have MCAs
(municipalities) that present values for fixed effects as low as those seen in MCAs in
the North and Northeast regions where we observe the clustering of low fixed effects
values.

Furthermore, the evidence of conditional convergence using the fixed effects
approach may lead us to conclude that the club convergence hypothesis23 cannot be
ruled out. Indeed, there is growing evidence that the club convergence hypothesis is
the correct one for the Brazilian case. Classifying regions into similar groups (or clubs)
has been the approach adopted in recent studies (Andrade et al. 2004; Laurini et al.
2005; Coelho and Figueiredo 2007; Cravo 2010; Resende 2011; Cravo and Resende
2013; Cravo et al. 2015). Moreover, the variability of conditional β-convergence coef-
ficients due to the geographic scale of analysis seems to be small using fixed effects
models. It is worth noting that higher rates of convergence at the MCA level suggest
that municipalities are more open economies (Barro et al. 1995) than more aggregated
regions such as mesoregions. For this reason, MCAs present faster convergence rates
towards their own state-steady levels of income per capita.

Finally, the evidence collected from spatial spillover coefficients shows that their
magnitudes vary according to the spatial scale under analysis. In the SDM specifica-
tion, the spatial lag for the dependent variable (λ) presents positive and statistically
significant coefficients at the MCA (0.0744), microregional (0.6188) and mesoregional
(0.4310) levels (last column of Tables 2, 8, 9 and 10). On the other hand, at state level

21 Islam (1995) explains the faster convergence rate in the FE framework compared with the pooled OLS
approach, arguing that in the latter approach (or in the framework of single cross-section regression) the
technology variable, A(0), being unobservable or unmeasurable, is left out of the equation (or incorporated in
the error term): “[t]his actually creates an omitted variable problem. Since this omitted variable is correlated
with the included explanatory variables, it causes the estimates of the coefficients of these variables to be
biased. The direction of bias can be assessed from the standard formula for omitted variable bias. The
partial correlation between A(0) and the initial value of y (income per capita) is likely to be positive, and the
expected sign of the A(0) term in the full regression, (...), is also positive. Thus, the estimated coefficient of
yi , t −1, is biased upward. (...) This explains why we get lower convergence rates from single cross-section
regressions and pooled regressions that ignore correlated individual country effects” Islam (1995: 1147).
22 These fixed effects come from the Spatial Durbin Model (SDM). The spatial distribution of fixed effects
using other spatial models is very similar, and for this reason, they are not shown here.
23 See Ertur et al. (2006).
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such coefficient is no longer statistically significant suggesting that spatial spillovers
are bounded in space, as found in Resende (2011). In the growth model proposed by
Ertur and Koch (2007), this spatial autoregressive parameter can be interpreted as the
magnitude of interregional spillovers stemming from technological spatial interdepen-
dence. According to this model, the results suggest that technological spillovers are
bounded within state borders. Moreover, as pointed out earlier, the mechanisms that
might explain the spatial interactions among regions may be related to nuisance or sub-
stantive arguments. The results suggest that both mechanisms may be the origin of the
spatial linkages observed in this empirical exercise. This model can be supported by
theoretical spatial growth model such as those developed by López-Bazo et al. (2004),
Ertur and Koch (2007) and Sardadvar (2012). For instance, spatial Solow growth mod-
els demonstrate that regional spillovers of the diffusion of technology across regions
are caused by the spatial dimension of investments in physical and human capital
(López-Bazo et al. (2004). However, it is important to note that the correct identifi-
cation of the most appropriate empirical spatial model is still a challenging issue to
be addressed by the spatial econometric literature [see, for instance, Partridge et al.
(2012) and Gibbons and Overman (2012)].

7 Conclusions

The goal of this paper was to analyze the results of regional economic growth estimates
at multiple spatial scales using spatial panel data models. The spatial scales examined
were minimum comparable areas, microregions, mesoregions and states between 1970
and 2000. Spatial panel data models with fixed effects that estimate the direct, indirect,
and total effects of regression coefficients were systematically estimated across those
spatial scales to demonstrate that the estimated coefficients change with the scale level.

Spillovers stemming from per capita income level and its growth are stronger at
the finer geographic scales of municipalities and microregions, suggesting that spatial
spillovers are bounded in space. The total effect of the average-years-of-schooling
coefficient is not significant in all spatial scales. However, the direct effect is posi-
tive and increases as more aggregate spatial scales are used. Noticeably, there is an
indication of negative human capital spillovers. These findings reinforce the need for
localized investments in human capital and suggest regional competition for human
capital. Qualified workers seem to migrate to regions with better labor market condi-
tions.

In all cases, the coefficients of the total effect of population growth are not sta-
tistically significant. The population growth coefficient likely becomes statistically
insignificant because of a balance between countervailing behavior effects of fertil-
ity, mortality and migration. The indirect effect at the municipality level suggests a
negative spillover stemming from population growth; having neighbors with higher
population growth is harmful to local economic growth.

Interestingly, the fixed effects used in the spatial models allowed differences in
the aggregate production function focusing attention on all the tangible and intan-
gible fixed effects that underlie much of the discussion of development economics.
Improvements in unobserved fixed factors (e.g., institutions) produced positive effects
on growth rates at the four spatial levels. The spatial distribution of these fixed effect
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terms is clustered across space and indicates that there are differences in the conver-
gence processes between the north and south in Brazil.

In sum, the empirical evidence in this paper raises some public policy issues. The
indication of spatial spillover from income level and its growth, especially at munic-
ipality and microregional levels, suggests that it would be desirable for economic
growth policy to be coordinated with a broader regional focus in order to explore
possible income and technology externalities. The negative spillover effect of human
capital should not discourage local authorities from investing in human capital. The
results, indeed, encourage local human capital investment, as the direct effect is pos-
itive. Particularly, state governments should pay particular attention to investments
in human capital as a result of possible stronger “social multiplier effects” at state
level. Finally, fixed effect estimations are in line with the argument that policy makers
should improve institutional settings to promote regional economic growth. Our results
indicate that this multiscalar approach provides better insights to explain regional eco-
nomic growth process.
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Appendix 1: Lagrange Multiplier tests

A summary of the LM tests at the MCA level are presented in Table 7 below. To
test for the presence of individual regional effects, the tests are based on random
effect models. The null hypothesis contain an assumption that σ 2

μ = 0. Nonetheless,
if the null hypothesis is rejected, there is evidence against using a pooled regression
estimator or some variation of it, accounting for spatial dependence.

The results indicate the presence of both regional individual effects and spatial
correlation in the panel regression model. For tests (2) and (3), the resulting tests
statistics had negative values, which may be due to the fact that these tests assume the
absence of spatial correlation. In the same way, test (5) had a resulting p value very
close to one, although the unstandardized version resulted in p value close to zero.
In any case, tests (2), (3), (4) and (5) suffer from a lack of robustness, because they
assume either absence of spatial correlation or absence of regional individual effects.
Tests (6) and (7) are more robust tests, and they both indicated the presence of both
effects (spatial correlation and idiosyncratic effects).
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Table 7 Lagrange multiplier
tests for the presence of regional
individual effects and the
presence of spatial correlation

Author’s elaboration

Test # Hypothesis tested p value

1 Null hypothesis of λ = 0
and σ 2

μ = 0, under the
alternative that at least
one of these two
components is not zero

<0.0000

2 Null hypothesis of
σ 2
μ = 0, assuming

λ = 0, under the
one-sided alternative
that σ 2

μ > 0

–

3 Standardized version of
test (2) above

–

4 Null hypothesis of λ = 0,
assuming that σ 2

μ = 0,
under the two-sided
alternative that λ �= 0

<0.0000

5 Standardized version of
test (4) above

0.9992

6 Null hypothesis of
σ 2
μ = 0, assuming

possible existence of
spatial dependence (λ
may be different than
0), under the one-sided
alternative that σ 2

μ > 0

<0.0000

7 Null hypothesis of λ = 0,
assuming possible
existence of random
effects (σ 2

μ may be
different that 0), under
the two-sided
alternative that λ �= 0

<0.0000

Appendix 2

See Tables 8, 9 and 10.
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8 Appendix 3

See Fig. 2.

Fig. 2 Spatial distribution of estimated fixed effects. Note: On the map, the ranges were defined using
natural breaks (Jenks) intervals. Estimated individual fixed effects come from the Spatial Durbin Models
(SDM)
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