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Abstract

Analisam-se os impactos regionais da estagnação produtiva da indústria brasileira em período
recente (2010-2017). Modelos espaciais de dados em painel foram empregados na análise da pro-
dutividade de trabalho classificada segundo quatro padrões tecnológicos. Identificamos aglom-
erações de alta produtividade da Indústria Tradicional formando-se no Centro-Oeste e Norte do
Brasil, enquanto a produção de Commodities Minerais tem crescido rapidamente em áreas no es-
tado do Pará e Minas Gerais. Nestas áreas, a forte especialização produtiva baseada no volume
exportado tem contribuído para a integração de firmas semelhantes. Ficou evidente que fatores de-
terminantes da produtividade de Químicos, Energia e Combustíveis podem ser controlados pelo
modelo SARFE, padrão tecnológico que atualmente dirigi o crescimento industrial no Brasil. As
indústrias de Bens de Capital e Duráveis não têm reagido de modo significante às conexões inter
setoriais e estagnação produtiva vivenciada pela indústria brasileira é explicada, em grande me-
dida, pelo fraco desempenho exportado desse padrão.

Palavras-chaves: Padrões tecnológicos regionais, Produtividade industrial do trabalho, Econome-
tria espacial dados em painel.
Classificação JEL: R11. R12.

Abstract

The study analyzes the regional impacts of the productive stagnation of the Brazilian industry
in a recent period (2010-2017). Spatial models of panel data were used in the analysis of labor pro-
ductivity classified according to four technological patterns. We have identified high productivity
agglomerations of the Traditional Industry forming in the Midwest and North of Brazil, while the
production of Mineral Commodities has grown rapidly in areas in the state of Pará and Minas
Gerais. In these areas, the SEM (Spatial Error Model with Fixed Effects) model demonstrated
that the productive specialization based on primary exports has contributed to the integration of
similar firms. It was evident that factors determining the productivity of Chemicals, Energy and
Fuels can be controlled by the SARFE (Spatial Autoregressive with Fixed Effects) model, a tech-
nological pattern that currently drives industrial growth in Brazil. The Capital Goods and Durable
industries have not reacted significantly to inter-sector connections and the productive stagnation
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experienced by Brazilian industry is partially explained by the poor export performance of this
technological pattern.

Key-words: Regional Technological Pattern, Labor Productivity and Spatial Econometrics of
Panel Data.
JEL Classification: R11. R12.
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1 Introduction

There is a consensus that the stagnation that took over the Brazilian economy, deepened in the
post-crisis period in 2008, is due to the lack of protagonism in the manufacturing industry, particu-
larly, because of the poor performance of technology-intensive sectors, which are unable to introduce
the necessary transformations to sustain growth in the long-term. This observation is corroborated by
recent studies that emphasize the slow capacity for technological accumulation and diffusion, asso-
ciated with the weak commercial performance of the leading sectors of the manufacturing industry,
as the main causes of the productive stagnation of the Brazilian economy (De Negri and Cavalcante,
2014; Souza, 2015).

Since the opening of trade in the 1990s, productivity (labor or total factors) has always been at
the center of the debate on economic growth. Initially, the controversy about rapid productive perfor-
mance involved elements of a macroeconomic nature: whether it would be just a cyclical movement;
or a more relevant structural component would be accommodated (Carvalho and Feijó, 2000). Af-
ter 1996, it was evident that the gains resulted from structural changes (Squeff and De Negri, 2014;
Nogueira et al., 2014), determined by technical progress (Bahia, 2014; Silva et al., 2016), business
cycle (Mation, 2014), labor qualification (Barbosa Filho et al., 2010), insertion in foreign trade (Firpo
and Pieri, 2013) and infrastructure (Campos Neto et al., 2014). With the rise of the commodities cycle
in 2002, the scenario changed completely, and sectors of capital and durables goods began to lose
space, both in the composition of exports and in the VIT (Value of Industrial Transformation), for
sectors based on natural resources (De Negri and Cavalcante, 2014; Souza, 2015).

After 2000, inspired by the argument that the productivity differential is limited in space and
specific to urban environments (Jacobs, 1969; Porter, 1990; Marshall, 1890), a new line of research
appeared investigating the microeconomic nature of agglomeration economies. The first studies an-
alyzed the spatial organization of the industrial company in Brazil (Lemos, Moro, Domingues and
Ruiz, 2005; Lemos, Ruiz, Moro and Domingues, 2005), as well as discussed productivity under an
indirect perspective of the wage differential (Menezes and Azzoni, 2006). Inspired by the growth
sources of North American cities (Glaeser et al., 1992; Audretsch and Feldman, 2004), recent studies
have focused on the controversy between diversification and/or productive specialization (Montene-
gro et al., 2011), or on the regional aspects of industrial competitiveness (Schettini and Azzoni, 2013).

Thus, under the hypothesis of stagnation in Brazilian industrial productivity, the present aims
to contribute to the theme, examining the regional impacts of changes in industrial labor productivity
in Brazil in a recent period (2010-2017). For this purpose, spatial models of panel data (Anselin et al.,
2008; Elhorst, 2014) were specified with the regional determinants of labor productivity, which, due
to strong structural heterogeneity, were classified into four patterns of technological competitiveness
contained in Ferraz et al. (1996), which are: (1) Traditional Industry; (2) Minerals Commodities; (3)
Chemicals, Energy and Fuels; and (4) Capital and Durable Goods.

It is expected that the weak insertion in foreign trade, mainly in the sectors inserted in (4),
explains, even partially, the stagnation of regional labor productivity in Brazil. Furthermore, after
controlling spatial autocorrelation, regional labor productivity must be influenced by the local con-
centration of firms in the same industry (intra-industrial linkages), by the interaction between different
firms (inter-industrial linkages) and by the concentration of skilled workers (labor pooling hypothe-
sis).

In methodological terms, the concentration of firms is measured by a local Gini coefficient
estimated by the employment observed at the industrial plant level (Combes et al., 2008). Similarly,
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a proxy labor pooling is obtained from industrial employment classified according to CBO (Código
Brasileiro de Ocupação).

In addition to this introduction, the article was organized as followed. Section 2 reviews the
literature on the sources of agglomeration economies. Section 3 deals with methodological aspects
such as the criteria for aggregating regional technological standards and the spatial model of panel
data. Section 4 makes an Exploratory Spatial Data Analysis (ESDA) and discusses the results of the
econometric model. Finally, section 5 presents the conclusions.

2 Sources of productivity in agglomeration economies

This section is dedicated to the analysis of theoretical arguments about the sources of agglom-
eration economies and presents a brief review of studies that have estimated the effects of increasing
returns on urban-regional systems.

Hoover (1937) was a pioneer in offering a general classification for the theme. Location
economies, according to the author, occur when especialized firms in a sector are concentrated in
a certain area in search of cost advantages, either in production or transport (trade). Urbanization
economies, on the other hand, occur with productive diversification, benefiting firms and workers
regardless of the sector in which they operate.

Although the development of both occurs in the industrial structure, the first classification
would be closer to the concept of Marshall (1890). According to the author, firms that are indepen-
dent of natural advantages tend to concentrate in urban areas in search of advantages formed by a
dense labor market (labor pooling), a wide network of specialized suppliers (input sharing) and pure
externalities of knowledge (knowledge spillovers). In this theory, the formation of agglomerations and
productivity gains arise with the division of labor.

The labor pooling hypothesis occurs when workers move between similar firms providing
cost economies. Krugman (1991b) was the first to demonstrate that firms are induced to agglomerate
due to labor pooling, which is smaller in large markets. Overman and Puga (2010) offer a general view
of this model, showing that, since it is not transferred to wages, the expectation of profit grows with
the net effect of a productivity shock. As a result, firms prefer locations where productivity shocks
are eliminated rather than reflected in nominal wages.

Input sharing occurs when the productive density reveals that certain inputs are cheaper if
produced by other specialized firms. Venables (1996) was one of the pioneers to demonstrate that, in
search of cost savings in production and freight, suppliers of intermediate goods tend to concentrate
in the vicinity of manufacturing production. Fujita and Thisse (2013) argue that there some kind of
increasing returns in the intermediate production, agglomeration economies arise from the division of
labor, generating cost savings that are shared by locally incorporated firms.

Knowledge spillovers mean that interactions between workers are more productive in environ-
ments with a high concentration of manufacturing firms. Although in modern times, the telecommu-
nications infrastructure facilitates data transmission, authors such as Glaeser et al. (1992), Audretsch
and Feldman (2004) and Cohen and Paul (2009) emphasize that knowledge is best transmitted with
geographical proximity. Although they are present in the qualification of the worker or in invest-
ments in research and development (R&D), such effects are difficult to capture empirically. Krugman
(1991b) argues that knowledge flows do not leave traces on paper that allow them to be traced.
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Based on endogenous growth models, in which the knowledge accumulated via learning-
by-doing sustains long-term growth, Glaeser et al. (1992) developed the concept of MAR (Marshall-
Arrow-Romer) externality. In this case, specialized innovative structures are the main source of knowl-
edge spillovers. There are, however, other contradictory aspects to this argument. For Porter (1990),
the main source of increasing returns would come from a technologically competitive business envi-
ronment. Jacobs (1969), in turn, believes that urban diversity fosters the cross flow of ideas.

Glaeser et al. (1992) were the pioneers in the empirical analysis about the importance of
economies of location and urbanization. They concluded that Jacobs’ externalities are the main drivers
of employment growth among North American cities. There is also evidence in favor of MAR exter-
nalities. Black and Henderson (1999) and Henderson (2003) concluded that this is the main source
of growth for medium-high technology industries in the United States. Combes (2000), on the other
hand, does not attest to the importance of diversification and productive specialization for the growth
of local employment in regions of France.

In Brazil, studies on the subject have evolved on several fronts. Montenegro et al. (2011),
for example, assessed how the degree of specialization and/or productive diversification can affect
innovative performance. They concluded that the externalities MAR and Jacobs are not mutually
exclusive and that the dynamics of diversification versus specialization contributed to the innovative
performance in regions of São Paulo.

Analyzing the regional competitiveness of the industry in the Brazilian territory, Schettini and
Azzoni (2013) observed the permanence of an industrial concentration framework, with openings to
areas specialized in natural resources and a presence, albeit tenuous, of the diseconomies of urban-
ization.

Aggregating sectors of industry and services by the degree of technological intensity, Barufi
et al. (2016) concluded that externalities of Jacobs are more related to the agglomerations of high-
knowledge services, MAR to the industrial agglomerations of low and medium technology, while the
agglomeration of high technology would be influenced by both sources of increasing returns.

In a similar approach, Gonçalves et al. (2019) concluded that low-tech sectors generate spillovers
for several other industrial groups, regardless of the level of technological intensity; while stimuli from
high-tech sectors would be less frequent, although they may occur in some industrial groups.

With respect to foreign trade, there are at least two technological standards sensitive to pro-
ductivity shocks. The first comes from intra-industry trade, associated with global value chains, which
is an important source of technological spillovers. Authors of the new trade theory have shown that
productivity gains arise from this pattern of trade Helpman and Krugman (1985); Grossman and
Helpman (1991).

In this context, some studies at the firm level also find a positive correlation between the export
pattern and labor productivity. Using a gravitational model, Gomes and Ellery Jr (2007) analyzed the
export performance of Brazilian firms in international trade. They realized that the majority have a
weak power of penetration in regional markets, about 40% of these operate only in Mercosur and
would be less productive for those that export to other markets.

Using a non-parametric Kolmogorov-smirnov test, Hidalgo and Mata (2009) compared the
distribution of productivity in different groups of firms classified between exporters or non-exporters
in the period 1997 to 2003. They found that exporting firms are more efficient than non-exporting
firms, this correlation seems to be higher for the group of small firms.

A stylized fact that has been gaining strength in the regional context of the Brazilian economy

5



refers to the growth potential of activities supported by natural advantages. Using a stochastic frontier
model with control of spatial effects, Schettini and Azzoni (2018) found a significant difference in
levels and productivity growth in agriculture, industry and services between Brazilian states in the
period 2000 to 2014.

According to Schettini and Azzoni (2018), two movements were attested. In terms of produc-
tivity levels, estimates indicate that the most productive states are in the richest part of the country,
with some exceptions related to agriculture in the Midwest and North, mainly. As for the estimated
rates, the possibility of changes in the inequality scenario was observed, with signs of convergence in
the industry, mainly. This would point to the emergence of new dynamic centers in free trade zones
in the North, in the petrochemical complex of Bahia, as well as in areas of agricultural specialization
in the Midwest.

3 Methodological strategy

3.1 Determinants of regional labor productivity

The variable to be determined in the empirical model is regional labor productivity aggre-
gated according to technological patterns. An approximation of it can be obtained by the following
definition:

yp
it = log

(
V IT p

it
EPp

it

)
. (1)

Where, V IT is the value of industrial transformation and EP is the employed population.
In each technological pattern indexed by p = 1, ...,4, productivity per worker varies according to
mesoregions i = 1, ...,N and time t = 2010, ...,2017.

In Brazil, data for these two variables and others that represent the structural characteris-
tics of industrial activities (Manufacturing Industry and Extractive Industry), are collected, organized
and disseminated by IBGE (Instituto Brasileiro de Geografia e Estatística), through research PIA
(Pesquisa Industrial Anual Empresa). In a regional context, it is possible to observe them in level
2-digits of the CNAE (Classificação Nacional de Atividades Econômicas), classification equivalent to
International Standard Industrial Classification of All Economic Activities (ISIC).

Considering that the geographic concentration has a strong relationship with the structural
characteristics, the first stage of the methodological procedures consists of the identification of four
regional technological patterns, defined below:

1. Traditional industry. It is composed of competitive firms, with low technological standards,
which mainly serve the domestic market. However, some firms in the food sector compete in
the international market.

2. Minerals commodities. They are firms specialized in homogeneous goods with low added value,
in which most of the production is destined for export. The structure is strongly located due to
its natural advantages.

3. Chemicals, energy and fuels. As in the previous pattern, industrial production is like com-
modities, but most of the production is destined for the domestic market. The structure is also
strongly located due to specific natural advantages.
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4. Capital and durable goods. They are firms that promote technical progress while incorporating
medium-high technological content into production. The location is influenced by industrial
diversification and urban infrastructure.

Under the assumptions of the theory of competitiveness, Ferraz, Kupfer and Haguenauer
(1996) were pioneers in the development of categories for the analysis of Brazilian industrial com-
petitiveness. More recent studies on industrial geographic deconcentration in Brazil have used this
aggregation method, in order to facilitate spatial analysis (Saboia, 2013; Saboia et al., 2014). In this
study, this method helps to minimize the influence of unobservable effects caused by spatial hetero-
geneity. The Table 6 in Annex A, shows the aggregation of regional technological patterns according
to the 2-digit ISIC.

To complete the panel data with stacked cross-sections from 2010 to 2017, information from
other sources has been incorporated. Comex Stat is an open portal with information on Brazilian
foreign trade. Through the correspondence tables provided by this source, we aggregate the value
of exports according to regional technological patterns, which were corrected to constant values in
December 2017 by Funcex (Fundação Centro de Estudos do Comércio Exterior) indexes. Another
metter source of data is RAIS Establishment and RAIS Worker. The first allows to identify the location
and size of industrial firms, while the second provides information about the worker, such as his
remuneration, location and the occupation within the activities. From this wide database, it was then
possible to identify the main producing mesoregions in Brazil (those that together contributed more
than 95% of industrial production in the base year 2010) and the determinants of regional productive
performance, identified by the covariables:

X p
it =

[
AFSp

it ,CIGp
it ,GW p

it ,EXPp
it ,GFq

it
]
. (2)

Where, AFS is the logarithm of the average size of the industrial firm, CIG is logarithm of the
acquisition cost of intermediate goods, GW it is a Gini coefficient with the concentration of skilled
workers, EXP is the logarithm of the value of industrial exports (F.O.B), GF it is a Gini coefficient
with the concentration of the local firm.

The superscript q = 1, ...,4 in the last term indicates that: if p = q, then productivity can be
influenced by the local concentration of similar firms; if p 6= q, then productivity can be influenced by
the concentration of different firms, related to another technological pattern. This is an ingenious way
of isolating the contemporany effect of intra-industrial linkages, from the effects of inter-industrial
linkages.

In each technological pattern, the proxy for local concentration of workers, according to their
specific skills, was obtained by a Gini coefficient similar to that proposed by Combes, Mayer and
Thisse (2008):

GWit = 1−
O

∑
o=1

1
O

[
sit(o−1)+ sit(o)

]
. (3)

Where, sit(o) is the share of occupation o = 1, ...,O in local industrial employment. Occupa-
tions are identified through the CBO (Código Brasileiro de Ocupações).

Thus, a concentration coefficient with a low value is indicative of strong similarity in the
distribution of occupations within each technological standard. In general, similar goods have a lower
replacement cost, resulting in productivity gains.
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The proxy for local concentration of firms GF is calculated based on (3). In this case, the
occupation vector must be replaced by the employment observed at the level of industrial plants.

Under the assumption that small firms are more flexible, achieving greater control over fixed
costs, we believe that productivity will develop better in regions where the industry is made up of
competitive firms, a variable represented by the number of firms per worker AFS. For authors such
as Fingleton (2005) and Glaeser and Gottlieb (2009), the expansion of large markets with large firms
would imply a congestion effect, mobilizing firms to less dense regioes.

On the other hand, the acquisition cost of intermediate goods is reduced in the large markets.
One way to estimate the importance of the backward effects of intermediate goods is by the Cost of
Industrial Operations (CIO), calculated by PIA-IBGE, which includes: consumption of raw materials,
auxiliary materials and components; purchase of electricity; consumption of fuels, parts and acces-
sories for maintenance and repair of machinery and equipment, industrial services and maintenance
and repair of machinery and equipment. A limitation is that it does not identify the source of the input.

In addition, we use Producer Price Indices (PPI), whose scope is the Extractive Industry and
Manufacturing Industry, to correct the data for the VIT and CIO variables to constant values in De-
cember 2017.

3.2 Spatial panel data models

The taxonomy we propose does not completely eliminate the need to control two typical
problems in spatial models: heterogeneity and spatial dependence. In general, unobservable structural
features explain the nature of the former, while the problem of spatial dependence arises when there
is frequent interaction in space. In the panel data structure, these problems usually occur together and,
if not handled correctly, imply bias in the consistency and efficiency of the estimators (Anselin, Le
Gallo and Jayet, 2008; LeSage and Pace, 2009; Elhorst, 2014).

As shown below, spatial heterogeneity is treated under different methods, which depend on
the statistical properties of the individual effects, invariant over time or not. If not correlated, these
effects can take the form of a random errors (random effects model). Otherwise, an alternative is to
use the within estimator for spatial models (fixed effects model), in which the unobservable effects in
µ are simply removed through procedure demeaned (Elhorst, 2003, 2014).

Using the demeaned technique, Elhorst (2003) demonstrated that the principle of maximum
likelihood (ML) can produce consistent and efficient estimators in spatial models. As the estimator
most used in applied studies, the ML principle also contributed to the development of specification
tests in spatial panel data (Baltagi, Song and Koh, 2003; Anselin, Le Gallo and Jayet, 2008; Elhorst,
2014).

With pooled panel data, we begin by examining the SAR model (spatial autoregressive
model), where errors are distributed under classical assumptions.

y = ρ(IT ⊗WN)y+Xβ + ε. (4)

Where, y is a vector NT×1 of regional productivity, Xt is a matrix NT×7 with non-stochastic
regressors defined in (2), β is a vector with fixed parameters, |ρ|< 1 is a spatial autoregressive coeffi-
cient, IT is an identity matrix T ×T , WN is a matrix N×N with special weights and ε ∼ IID(0,σ2

ε ) it
is a vector of idiosyncratic errors. This approach differs from the conventional one, in that it specifies
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block matrices operated by the Kronecker product ⊗, typical in spatial panel data models (Anselin,
Le Gallo and Jayet, 2008; Elhorst, 2014).

In SAR, the spatial correlation occurs due to the simultaneity of the dependent variable. If
not handled correctly, this problem violates the hypothesis of exogenous regressors. Elhorst (2003)
corrects the problem of spatial autocorrelation using instrumental variables extracted from auxiliary
regressions.

The simultaneity of the SAR implies direct and indirect regional impacts, which can be ex-
amined by the model in its reduced form:

y = [IT ⊗ (IN−ρWN)
−1](Xβ + ε). (5)

This equation shows that, a shock imputed by a variable k in the region i, affects not only
its own performance via direct effect, but is distributed in the neighborhoods j, due to the spatial
multiplier effect in ρ .

∂y
∂Xk

= (IN−ρWN)
−1

βk = (IN +ρWN +ρ
2WN + · · ·)βk. (6)

As (IN −ρWN)
−1 is a full weights matrix, the spillover effects of the SAR model are global

(Anselin, Le Gallo and Jayet, 2008).

A second specification refers to the SEM model (spatial error model), where the spatial de-
pendence occurs due to autocorrelated errors.

y = Xβ + ε (7)
ε = λ (IT ⊗WN)ε + v. (8)

Where, |λ | < 1 is the spatial autoregressive coefficient of the SEM and v ∼ IID(0,σ2
v ) is a

vector NT ×1 of idiosyncratic errors.

Just like before, as (IN −λWN)
−1 is a full weights matrix, the shocks imputed by SEM are

also global (Anselin, Le Gallo and Jayet, 2008). This effect is observed in the reduced form of the
model:

y = Xβ +[IT ⊗ (IN−λWN)
−1]v. (9)

But in contrast to SAR, a deterministic change (∂y/∂Xk = βk) only generates local impact, it
does not produce spatial spillovers.

In some panel data distributions, unobserved heterogeneity can be controlled using a time-
invariant parameter. Baltagi, Song and Koh (2003) and Anselin, Le Gallo and Jayet (2008) demon-
strate how this problem can be dealt with in conjunction with spatial autocorrelation. For this, they
propose the following decomposition in errors:

ε = (ιT ⊗ IN)µ +λ (IT ⊗B−1
N )u. (10)

In stacked form, the first term contains µ a vector N×1 of cross-sectional random components
and the second term contains idiosyncratic errors that are autocorrelated in space, such that, (IN −
λWN)

−1ut = B−1
N ut , for each t.
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The corresponding variance–covariance matrix follows as:

Ωε = E[εε
′] = σ

2
µ(ιT ⊗ IN)+σ

2
u [IT ⊗ (B′NBN)

−1]. (11)

The matrix (11) consists of two terms. The first component of variance controls exclusively the
correlation in the time dimension, while the second controls the correlation in each cross-section. If µ

is time-invariant, the matrix refers to the spatial error model with fixed effects (SEMFE). Otherwise,
it refers to a spatial error model with random effects (SEMRE). In the SARRE model, the structure
(11) is more complex. An alternative is to use the within transformation to remove µ from the SARFE
model (Baltagi, Song and Koh, 2003; Anselin, Le Gallo and Jayet, 2008; Croissant and Millo, 2019).

Baltagi, Song and Koh (2003) developed LM tests to verify whether heterogeneity and spatial
dependence are, in fact, a specification problem in the SEMRE model. Based on residues extracted
from (4), five (joint, marginal and conditional) hypotheses are tested (Croissant and Millo, 2019).

1. Ha
0 : λ = σ2

µ = 0, under alternative that at least one component is not zero.

2. Hb
0 : σ2

µ = 0 assuming no spatial correlation, under the one-sided alternative that the spatial
autocorrelatiion is greater than zero.

3. Hc
0 : λ = 0 assuming no random effects, under the one-sided alternative that the spatial autocor-

relation is different from zero.

4. Hd
0 : λ = 0 assuming the possible existence of ramdom effects, under the one-sided alternative

that the spatial autocorrelation coefficient is different from zero.

5. He
0 : σ2

µ = 0 assuming the possible existence of spatial autocorrelation and the one-sided alter-
native that the variance component is greater than zero.

Additionally, the nature of the spatial autoregressive process is investigated by focused LM
tests, which have become popular in the literature. The spatial lag LMρ version of panel data proposed
by Anselin is used to test the null hypothesis of the absence of spatial autocorrelation in the dependent
variable. Similarly, the LMλ test is used to assess whether the problem can be controlled by errors.
As both often reject the null hypothesis, RLMρ|λ e RLMλ |ρ , Elhorst (2014) developed robust condi-
tional tests to identify the nature of the process. Finally, the Hausman test is used to verify whether
heterogeneity is better accommodated in the structure of random or fixed effects.

4 Results and Analysis

4.1 ESDA of regional labor productivity

Through techniques of Exploratory Spatial Data Analysis (ESDA), we examine in this section
the main changes in the spatial distribution of labor productivity according to technological patterns.

The box-plots in Figure 1 illustrate the spatial distribution of the regional labor productivity
logarithm from 2010 to 2017. In level, it shows that the greatest productivity gains occur in regions
specialized in Chemicals, Energy and Fuels. A characteristic of this pattern is the strong regional dis-
parity, indicating that production is strongly concentrated geographically. Although the performance
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of the Traditional Industry, Mineral Commodities and Capital and Durable Goods remains stagnant,
the first results show a slight trend related to the growth of the regions producing Chemicals, Energy
and Fuels.

Figure 1: Box-plots of regional labor productivity.
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Durable Goods. Source: results from research.

Taking the median as a reference, Figure 1 also shows that there is no significant difference
between the productivity levels of Capital and Durable Goods, with respect to Mineral Commodities
and Traditional Industry. Among the hypotheses raised, there is the weak dynamism of innovative
sectors in the composition of industrial productivity in Capital and Durable Goods. During the period,
there is still a small increase in the productivity differential of Chemicals, Energy and Fuels in relation
to the others.

The Figure 2 compares the regional productivity differential in the base year 2010. The map
1 shows the formation of a high-productivity corridor that begins in the North of Brazil, more specif-
ically, in the Amazonense Center (State of Amazonas), going down through the Midwest , cutting
regions of Mato Grosso and Goias, ending large markets in the Southeast and South of the country.
This corridor is known for its strong competitiveness in agribusiness. It is not surprising, therefore,
that traditional firms tend to establish themselves in the vicinity of these regions, in search of cost
advantages.

The map 2 in Figure 2 shows that the production of Mineral Commodities is extremely spe-
cialized and concentrated regionally, with industrial centers established in states of Pará (PA) and
Minas Gerais (MG), mainly. The Central Quadrilátero, a region located in Center-South region of
MG, concentrates the largest production of iron ore and manganese in Brazil, while Serra dos Cara-
jás (PA) is a region with the greatest productive potential in the country, strongly specialized in the
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Figure 2: Distribution of regional labor productivity in 2010.
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Source: results from research.

extraction of iron, nickel, copper, manganese, tin, gold, and others. These regions alone account for
more than 90% of Brazil’s mineral exports.

The map 3 in Figure 2 shows that regions with great potential in the production of Chemicals,
Energy and Fuels are located near to the Brazilian coast. Due to cost economies and other locational
advantages, fuel refining firms are established near the extraction of oil and natural gas, whose main
reserves are found in the offshore fields of the South, Southeast and Northeast of Brazil. There is an
intermodal distribution network that facilitates the distribution of products to other regions with low
labor productivity.

The pattern of Capital and Durable Goods has been historically established in industrial cen-
ters in the South and Southeast of Brazil. These regions, however, are opening space for the productive
insertion of peripheral regions, such as the Manaus Industrial Pole in Northern Brazil. It is important
to mention that many firms moved to PIM because of tax benefits, which was a regional development
policy widely used in the import substitution model in the 1970s. In a way, this artificial performance
appears on map 4.

The figure 2 also shows the presence of other peripheral industrial centers of high produc-

12



tivity developing in the Midwest (Southern Goiás) and Northeast (Metropolitan Area of Salvador in
Bahia) of Brazil. Despite the changes, centers historically specialized in the production of Capital and
Durable Goods (Metropolitan Area of Curitiba, São Paulo, Belo Horizonte and Porto Alegre), still
maintain high levels of productivity and a certain regional hegemony.

4.2 Results of the spatial model

The WN(k) matrix used in the test statistics and in the inference of the spatial models is the ma-
trix of the k-nearest neighbours. An advantage of this criterion is to combat the imbalance of common
regional connectivity in fragmented structures, similar to those shown in Figure 2. A disadvantage,
however, consists in the identification of the k parameter that best accommodates the problem of spa-
tial autocorrelation. To minimize the problem of identification, we constructed six matrices of spatial
weights WN(1), ...,WN(6) and, for each one, we infer Moran’s statistic I from logarithm of regional
labor productivity in 2010. The results are shown in the Table below.

Table 1: Moran’s I statistic and performance k-nearest neighbours matrix.
k-nearest neighbours matrix Regional Technological Pattern (RTP)

(1) (2) (3) (4)
WN(1) 0.3453 0.3217 0.3105 0.2771

[0.001] [0.003] [0.006] [0.022]
WN(2) 0.3464 0.3237 0.3053 0.2807

[0.001] [0.001] [0.005] [0.006]
WN(3) 0.2742 0.3134 0.3433 0.1913

[0.001] [0.001] [0.001] [0.021]
WN(4) 0.2833 0.3165 0.2960 0.1064

[0.001] [0.001] [0.002] [0.089]
WN(5) 0.2942 0.2894 0.3031 0.0897

[0.001] [0.002] [0.001] [0.088]
WN(6) 0.2478 0.2818 0.2818 0.1223

[0.001] [0.006] [0.001] [0.068]
Notes: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and
Durable Goods. Probability [...] calculated by 1000 random permutations. Source: results from research.

Note that, for k≤ 3, all statistics are significant at the 5% level. As Moran’s I coefficients with
the highest absolute value are associated to the WN(2), this matrix was defined in the specification of
the econometric models.

That said, the Table 2 shows the results of the LM tests developed by Baltagi, Song and Koh
(2003) for spatial error correlation and random effects. As seen previously, the test hypotheses vary
according to the combination of random effects and spatial autocorrelation.

The JLM statistical evaluates the hypothesis of no influence joint random effects and spatial
autocorrelation. It is the starting point for the marginal tests LM1 and LM2. If it is not possible to reject
the null hypothesis of any of these tests, we proceed to the analysis of the conditional tests, CLMλ and
CLMµ . In this study, all test statistics are significant at less than 1% probability of error. Therefore,
under any hypothesis (joint, marginal and conditional), autocorrelation combined with random effects
is a problem that cannot be ignored in the structure of the spatial model.
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Table 2: Pooled model and LM test for spatial error correlation and random effects
OLS pooled estimator Regional Technological Patterns (RTP)

(1) (2) (3) (4)
constant 2.3259** 3.1973** 4.0627** 2.7546**

(0.3022) (0.4214) (0.5214) (0.2588)
Average firm size (AFS) -0.0845* -0.0654 -0.4040** -0.1154**

(0.0389) (0.0646) (0.0519) (0.0345)
Consumption of intermediate goods (CIG) 0.5242** 0.2812** 0.3162** 0.3936**

(0.0199) (0.0300) (0.0506) (0.0216)
Gini coefficient of workers (GW ) -1.0475** -0.1923 -0.0552 0.2876

(0.2779) (0.3586) (0.5505) (0.2327)
Exports (EXP) 0.0492** 0.0873** 0.0841* 0.0501**

(0.0110) (0.0199) (0.0352) (0.0121)
Gini coefficient of firms – GF(1) 0.5723** -0.5399** -1.6651** -0.3777**

(0.2080) (0.1879) (0.4745) (0.1239)
Gini coefficient of firms – GF(2) 0.1892** 1.8863** -0.9791** 0.1785

(0.0625) (0.2707) (0.2376) (0.0733)
Gini coefficient of firms – GF(3) -0.1746** 0.2182 1.5001** 0.0961

(0.0605) (0.1172) (0.4562) (0.0776)
Gini coefficient of firms – GF(4) 0.4003** -0.4896** 1.2808** 0.0192

(0.0625) (0.1241) (0.2766) (0.1665)
R̄2 0.6591 0.5914 0.3302 0.7643
N×T 92×8 80×8 58×8 61×8
LM test
JLM 1,876.2** 535.05** 1.051.7** 499.43**

[0.0000] [0.0000] [0.0000] [0.0000]
LM1 42.83** 22.41** 31.27** 21.59**

[0.0000] [0.0000] [0.0000] [0.0000]
LM2 6.47** 5.74** 8.59** 5.74**

[0.0000] [0.0000] [0.0000] [0.0000]
CLMλ 12.47** 5.60** 2.98* 5.68**

[0.0000] [0.0000] [0.0028] [0.0000]
CLMµ 40.99** 21.62** 20.97** 16.41**

[0.0000] [0.0000] [0.0028] [0.0000]
Notes: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and
Durable Goods. ** and * indicate significance at the 1% and 5% levels. Standard deviation (...) and probability
[...]. WN is a k-nearest neighbours matrix with k = 2 for all RTP. Source: results from research.

We used the Hausman test to verify whether the variance component of random errors is time-
invariant. Despite the technological pattern, at 1% probability of error, the statistical results in Table
3 show that the problem of spatial heterogeneity can be corrected by the within transformation of the
model with fixed effects. Completing the diagnosis, the focused LM tests indicate the SARFE model
as the most appropriate to correct the spatial autocorrelation problem in the scope of Chemicals,
Energy and Fuels, while the SEMFE model is more appropriate to explain the distribution of regional
productivity in Traditional Industry, Mineral Commodities and Capital and Durable Goods. However,
in each technological pattern, Tables 4 and 5 show the parameters of SARFE and SARRE models
estimated by Maximum Likelihood (ML).

Some regional impacts are common to the four technological patterns analyzed. For example,
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the average size firm (ASF) is significant and negatively affects productive performance across all
patterns examined. It means to say that more competitive local structures achieved the best perfor-
mances in the analyzed period (2010-2017). This result is likely to be related to fixed costs, which
tend to be higher in large firms. An important result concerns the elasticity of the Chemicals, Energy
and Fuels standard. Based on the SARFE model in Table 4, it is estimated that a 1% reduction in fixed
costs in an important producing region, generates an impact of 0.68% on global productivity. Of this
amount, approximately 0.4% would be internalized by the producing region.1

Another effect common to the technological patterns analyzed comes from the demand for
intermediate goods (CIG). Although the proxy does not allow to identify the location of the suppliers
of intermediate goods, it cannot be denied the importance of market connections and the backward
effects on regional productive performance. Furthermore, under the SEMFE model, It is evident that
the productivity of the Traditional Industry is slightly more sensitive to variations in the demand for
intermediate goods (Table 5).

Table 3: Diagnosis of heterogeneity and spatial dependence of the determinants of regional labor
productivity in panel data (2010-2017)

LM test Regional Technological Pattern (RTP)
(1) (2) (3) (4)

LMρ 17.865** 15.443** 98.707** 18.389**
[0.0000] [0.0001] [0.0000] [0.0000]

LMλ 41.947** 32.987** 73.819** 32.963**
[0.0000] [0.0000] [0.0000] [0.0000]

RLMρ 0.439 0.3097 24.889** 0.7603
[0.5073] [0.5779] [0.0000] [0.3832]

RLMλ 24.522** 17.854** 0.0018 15.333**
[0.0000] [0.0000] [0.9662] [0.0001]

Hausman test
SEMRE vs SEMFE 84.614** 47.109** 29.868** 29.392**

[0.0000] [0.0000] [0.0002] [0.0002]
SARRE vs SARFE 30.166** 60.011** 83.366** 21.571*

[0.0002] [0.0000] [0.0000] [0.0057]
Notes: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and
Durable Goods. ** and * indicate significance at the 1% and 5% levels and probability [...]. WN is a k-nearest
neighbours matrix with k = 2 for all RTP. Source: results from research.

An important source of externality arises in the labor market, more specifically, from the local
concentration of workers with different skills (GW ). As expected, the results related to the Chemicals,
Energy and Fuels and Capital and Durable industries show that productivity develops better where
occupations are more concentrated. The regions that support these industries attract qualified labor,
whose main characteristic is complementarity between specialized activities. The Table 7 in Annex
B, shows that this effect is more intense in the most dense and urbanized mesoregions, mainly located
in the South-Southeast axis of Brazil.

Through Table 4, it is possible to make some inferences about the effects of the concentration
of the labor market. For example, an increase of 1% in the local specialization of workers, would
contribute with a total impact of 1.48% on the growth of the regions specialized in the production of

1The total effect is obtained by (1−ρ)−1β1 =−0,6784, where β1 =−0,3985 is the right or local effect shown in in
Table 4.
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Chemicals, Energy and Fuels. Of this amount, 0.87% correspond to the direct impact internalized by
the region where the shock was imputed.

Table 4: SARFE model with the determinants of regional labor productivity (2010-2017).
Covariables Regional Technological Pattern (RTP)

(1) (2) (3) (4)
Average firm size (AFS) -0.0868* -0.0691 -0.3985** -0.1152**

(0.0417) (0.0628) (0.0449) (0.0339)
Consumption of intermediate goods (CIG) 0.4964** 0.2750** 0.3302** 0.4086**

(0.0212) (0.0290) (0.0436) (0.0208)
Gini coefficient of workers (GW ) -1.0321** -0.2336 0.8705* 0.3726*

(0.2726) (0.3518) (0.4761) (0.1877)
Exports (EXP) 0.0421** 0.0862** 0.0886** 0.0381**

(0.0109) (0.0192) (0.0301) (0.0118)
Gini coefficient of firms – GF(1) 0.6076** -0.4920** -2.0131** -0.2698*

(0.2152) (0.1806) (0.4077) (0.1179)
Gini coefficient of firms – GF(2) 0.1816** 1.7756** -1.2575** 0.1009

(0.0612) (0.2630) (0.2026) (0.0719)
Gini coefficient of firms – GF(3) -0.1590** 0.3013** -0.034 0.0824

(0.0593) (0.1130) (0.3939) (0.0742)
Gini coefficient of firms – GF(4) 0.4181** -0.5222** 1.4101** -0.0539

(0.0611) (0.1199) (0.2360) (0.1617)
ρ 0.1281** 0.1216** 0.4126** 0.1363**

(0.0289) (0.0313) (0.0358) (0.0297)
N×T 92×8 80×8 58×8 61×8

Notes: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and
Durable Goods. ** and * indicate significance at the 1% and 5% levels with standard deviation (...). WN is a
k-nearest neighbours matrix with k = 2 for all RTP. Source: results from research.

In contrast, sectors of Traditional Industry are more productive where the labor market is less
concentrated. It was said in the previous section that many firms migrated to less dense regions due
to cost economies provided by the proximity to agribusiness, known for its strong international com-
petitiveness. One of the characteristics of the peripheral regions specialized in traditional production
is the over-supply of similar workers, which has benefited the productivity of Traditional Industry
(Table 5).

However, there is insufficient evidence to state that the performance of Mineral Commodities,
in global terms, is sensitive to a small change in the concentration of occupations. Although this is a
heterogeneous and capital-intensive pattern, which naturally raises the level of productivity within the
sector, the fragility of its inter-sectoral linkages has restricted the scope of spatial externalities derived
from labor mobility (Table 5).

The parameter that captures the effects of exports was estimated to be positive and significant
in all the technological patterns examined (Tables 4 and 5). This result corroborates with a classic
assumption that productivity gains can come from foreign trade. Although this is not a surprising
result, there are aspects related to the greatness of the elasticities that deserve to be better analyzed.

In Brazil, as in other countries, the abundance of natural resources has contributed to the con-
centration of specialized structures, which have started to explore important comparative advantages
in the production of basic and semi-manufactured goods with low added value. For this reason, 73.8%
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Table 5: SEMFE model with the determinants of regional labor productivity (2010-2017).
Covariables Regional Technological Pattern (RTP)

(1) (2) (3) (4)
Average firm size (AFS) -0.0751* -0.1158* -0.3118** -0.1030**

(0.0426) (0.0639) (0.0289) (0.0327)
Consumption of intermediate goods (CIG) 0.5326** 0.2919** 0.4228** 0.4110**

(0.0216) (0.0278) (0.0478) (0.0198)
Gini coefficient of workers (GW ) -0.8951** -0.4572 1.4872** 0.4253**

(0.2827) (0.3374) (0.4704) (0.2260)
Exports (EXP) 0.0408** 0.0944** 0.0467 0.0658**

(0.0108) (0.0189) (0.0294) (0.0120)
Gini coefficient of firms – GF(1) 0.6630** -0.3460** -1.9124** 0.0551

(0.2249) (0.1710) (0.3885) (0.1086)
Gini coefficient of firms – GF(2) 0.0185 1.6768** -1.3246** 0.0716

(0.0649) (0.2594) (0.2131) (0.0726)
Gini coefficient of firms – GF(3) -0.1575** 0.3925** -0.5618 0.0175

(0.0571) (0.1085) (0.3748) (0.0700)
Gini coefficient of firms – GF(4) 0.4523** -0.5488** 1.4183** 0.1511

(0.0602) (0.1209) (0.2136) (0.1578)
λ 0.3132** 0.2522** 0.5552** 0.4100**

(0.0353) (0.0397) (0.0353) (0.0409)
N×T 92×8 80×8 58×8 61×8

Notes: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and
Durable Goods. ** and * indicate significance at the 1% and 5% levels with standard deviation (...). WN is a
k-nearest neighbours matrix with k = 2 for all RTP. Source: results from research.

of the value of Brazilian exports in 2010 was composed of goods produced by the Traditional Indus-
try (37.9%), Chemicals, Energy and Fuels (19.9%) and Mineral Commodities (16,0%). The trend
towards productive specialization continues until the end of 2017 (76.1%), driven mainly by Mineral
Commodities (25.9%).

Thus, the critical point of the analysis concerns the export performance of Capital and Durable
Goods, which reduced from 26.2% in 2010 to 23.9% in 2017. By adding products of greater tech-
nological intensity, it is expected that the performance of firms of this pattern was more sensitive to
export shocks. But the estimated elasticity reveals a negligible rate of return, when compared to the
rate of other technological patterns (Table 5). This result corroborates with the argument of other au-
thors, that Capital and Durable Goods industry is not inserted in a relevant way in the intra-industry
trade of global value chains (Gomes and Ellery Jr, 2007).

On the other hand, in the domestic market, evidence shows that the location of Capital and
Durable Goods firms is important for the performance of different firms associated with Chemicals,
Energy and Fuels and Traditional Industry (Table 5). The positive and significant sign of the param-
eters is evidence that the firms of these three patterns seek to be located in the vicinity of diversified
urban areas, facilitating intersectoral connections (Jacobs, 1969). The results also corroborate with
the hypothesis of cumulative circular growth defended by authors of the New Economic Geography
(Krugman, 1991a; Venables, 1996).

As shown in Table 5, the effects of Marshallian externalities are significant and evident only
in the composition of productive structures specialized in Mineral Commodities and Traditional In-
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dustry. In both cases, the local concentration of similar firms contributed to productivity gains, which
occur mainly in peripheral regions specialized in the production of Mineral Commodities (Figure 2).

There is not enough statistical evidence to say that the performance of Capital and Durable
Goods was affected by the local interaction between similar (Marshallian externalities) or different
(Jacobian externalities) firms. One explanation would be the lack of dynamism (stagnation) due to
the internal heterogeneity of the technological pattern, since there are technology-intensive sectors,
specialized in the production of final and intermediate goods with high added value, participating in
international trade. It is therefore an inconclusive issue that deserves further investigation.

5 Conclusions

Under the hypothesis of a process of productive stagnation in Brazilian industry, the present
study analyzed the regional impacts of changes in industrial labor productivity in a recent period
(2010-2017). To facilitate the analysis, information on the performance of the main producing mesore-
gions classified according to technological patterns (Traditional Industry, Minerals Commodities,
Chemicals, Energy and Fuels, and Capital and Durable Goods) was organized into four panel data
samples.

Among the main results, it is worth mentioning.

1. It was possible to identify a high productivity corridor of traditional firms forming in mesore-
gions in the North and Midwest of Brazil. Growth in these areas is driven by the volume of
exports, which is reinforced by the concentration of similar firms. These Marshallian externali-
ties provide cost economies in the consumption of intermediate goods mainly.

2. The production of Mineral Commodities is strongly concentrated in areas in the state of Pará
and Minas Gerais. Because it is a pattern typically exports basic and semi-finished products,
productivity is independent of connections with the most dynamic sectors of the economy.
There is also no evidence of positive externality on the labor market, refuting the labor pooling
hypothesis.

3. Currently, the growth of the Brazilian industry is driven by Chemistry, Energy and Fuels. A
feature of this pattern is the ability to generate forward linkages, tracked by the sectoral exports
and the intersectoral connections in the domestic market. The international insertion and in the
domestic market increased the specialization of production, strengthening connections in the
labor market.

4. The critical point of the analysis is the export performance of Capital and Durable Goods. As
they are goods with greater added value, we expected a higher than estimated export elasticity.
But the rate of return is negligible, compared to the other patterns examined. In the local market,
the evidence revealed that productivity did not react significantly to the agglomerations of firms
in the sector itself, nor between different firms. However, the pattern still has dynamism over
the local labor market.

5. Finally, econometric tests have shown that the SARFE (Spatial Autoregressive with Fixed
Effects) model has better control over space spillovers imputed by the performance Chemi-
cals, Energy and Fuels. In other technological patterns, more efficient control results from the
SEMFE (Spatial Error Model with Fixed Effects) model.
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A Industrial aggregation by technological pattern

The Table below shows labor productivity and industry aggregation according to Regional Technolog-
ical Pattern (RTP).

Table 6: Aggregation of industrial activities by technological pattern (R$1,000 per worker).
RTP Division Description Y2010 Y2017

(3) 06 Extraction of crude petroleum and natural gas 1,459.623 4,494.321
(2) 07 Mining of metal ores 959.056 889.203
(2) 08 Other mining and quarrying 81.812 115.986
(1) 10 Manufacture of food products 77.584 129.752
(1) 11 Manufacture of beverages 184.730 271.492
(1) 12 Manufacture of tobacco products 286.700 346.073
(1) 13 Manufacture of textiles 47.062 75.870
(1) 14 Manufacture of wearing apparel 25.741 42.537
(1) 15 Manufacture of leather and related products 30.709 57.469
(1) 16 Manufacture of wood and of products of wood and cork, ex-

cept furniture
40.535 73.303

(3) 17 Manufacture of paper and paper products 135.031 252.933
(1) 18 Printing and reproduction of recorded media 67.479 90.968
(3) 19 Manufacture of coke and refined petroleum products 481.908 787.220
(3) 20 Manufacture of chemicals and chemical products 188.933 305.419
(4) 21 Manufacture of basic pharmaceutical products and pharma-

ceutical preparations
188.914 276.136

(1) 22 Manufacture of rubber and plastics products 67.204 111.151
(2) 23 Manufacture of other non-metallic mineral products 67.467 78.259
(2) 24 Manufacture of basic metals 189.490 296.777
(4) 25 Manufacture of fabricated metal products, except machinery

and equipment
62.663 87.451

(4) 26 Manufacture of computer, electronic and optical products 117.872 215.438
(4) 27 Manufacture of electrical equipment 93.800 132.275
(4) 28 Manufacture of machinery and equipment n.e.c. 96.572 135.310
(4) 29 Manufacture of motor vehicles, trailers and semi-trailers 155.189 173.200
(4) 30 Manufacture of other transport equipment 129.009 211.257
(1) 31 Manufacture of furniture 39.503 59.045
(1) 32 Other manufacturing 56.417 88.960
(4) 33 Maintenance, repair and installation of machinery and equip-

ment
54.265 102.390

Note: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and
Durable Goods. Source: results from research.

B Regions with higher levels of productivity

In each technological pattern, in 2010 and 2017, Table 7 shows labor productivity (Y ), the Gini coef-
ficient calculated from the concentration of specialized workers (GW ) and the Gini coefficient for the concen-
tration of local firms (GF).
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Table 7: Main producing mesoregions according to Regional Technological Pattern.
RTP ID Mesoregion 2010 2017

Y GW GF Y GW GF
(1) 1303 Centro Amazonense (AM) 408.285 0.846 0.711 468.887 0.841 0.699
(1) 5105 Sudeste Mato-grossense (MT) 241.776 0.806 0.739 182.366 0.820 0.729
(1) 5103 Sudoeste Mato-grossense (MT) 194.532 0.864 0.812 161.746 0.846 0.830
(1) 5102 Nordeste Mato-grossense (MT) 186.133 0.821 0.787 149.831 0.846 0.827
(1) 5104 Centro-Sul Mato-grossense (MT) 181.719 0.839 0.707 163.009 0.840 0.716
(1) 5205 Sul Goiano (GO) 156.958 0.889 0.834 162.613 0.893 0.848
(1) 5204 Leste Goiano (GO) 148.835 0.814 0.699 131.837 0.811 0.731
(1) 3105 Triângulo Mineiro/Alto Paranaíba (MG) 141.615 0.874 0.763 154.700 0.868 0.788
(1) 5201 Noroeste Goiano (GO) 140.155 0.873 0.774 124.474 0.854 0.798
(1) 3513 Vale do Paraíba Paulista (SP) 133.990 0.791 0.690 131.139 0.790 0.697
(1) 3509 Marília (SP) 132.126 0.785 0.767 119.242 0.785 0.795
(1) 5101 Norte Mato-grossense (MT) 129.630 0.896 0.677 132.482 0.894 0.731
(1) 5004 Sudoeste de Mato Grosso do Sul (MS) 128.757 0.876 0.825 136.424 0.885 0.847
(1) 3305 Sul Fluminense (RJ) 119.209 0.799 0.675 115.070 0.812 0.687
(1) 3502 Ribeirão Preto (SP) 117.950 0.911 0.759 115.142 0.880 0.788
(2) 1506 Sudeste Paraense (PA) 1,871.597 0.868 0.851 1,220.522 0.882 0.887
(2) 1501 Baixo Amazonas (PA) 1,481.633 0.788 0.752 1,080.158 0.796 0.816
(2) 3203 Central Espírito-santense (ES) 849.505 0.786 0.768 324.291 0.787 0.803
(2) 3101 Noroeste de Minas (MG) 731.042 0.763 0.804 529.063 0.795 0.838
(2) 3107 Metropolitana de Belo Horizonte (MG) 567.973 0.845 0.817 467.376 0.865 0.838
(2) 2102 Oeste Maranhense (MA) 454.857 0.787 0.673 414.363 0.764 0.671
(2) 1602 Sul do Amapá (AP) 406.919 0.700 0.660 64.584 0.682 0.714
(2) 3305 Sul Fluminense (RJ) 383.120 0.854 0.885 196.304 0.882 0.922
(2) 5202 Norte Goiano (GO) 377.624 0.765 0.778 265.586 0.719 0.679
(2) 3108 Vale do Rio Doce (MG) 335.856 0.786 0.801 287.833 0.791 0.843
(2) 2905 Metropolitana de Salvador (BA) 321.715 0.799 0.663 179.218 0.804 0.681
(2) 1503 Metropolitana de Belém (PA) 282.077 0.825 0.743 415.349 0.825 0.801
(2) 2304 Sertões Cearenses (CE) 274.851 0.670 0.544 68.213 0.597 0.542
(2) 5301 Distrito Federal (DF) 243.111 0.768 0.636 128.247 0.757 0.634
(2) 3112 Zona da Mata (MG) 236.499 0.780 0.627 160.171 0.790 0.634
(3) 3302 Norte Fluminense (RJ) 2,874.666 0.857 0.732 5,142.560 0.864 0.835
(3) 2905 Metropolitana de Salvador (BA) 1,152.540 0.805 0.713 1,199.610 0.810 0.707
(3) 3501 São José do Rio Preto (SP) 1,019.515 0.837 0.801 623.739 0.779 0.814
(3) 3306 Metropolitana do Rio de Janeiro (RJ) 872.545 0.845 0.763 979.484 0.830 0.773
(3) 2907 Sul Baiano (BA) 800.963 0.833 0.784 704.301 0.821 0.803
(3) 4104 Norte Pioneiro Paranaense (PR) 764.126 0.722 0.742 499.077 0.768 0.761
(3) 3202 Litoral Norte Espírito-santense (ES) 758.360 0.825 0.677 1,762.957 0.730 0.673
(3) 3502 Ribeirão Preto (SP) 630.571 0.843 0.749 502.538 0.834 0.770
(3) 3503 Araçatuba (SP) 622.972 0.872 0.766 641.304 0.771 0.802
(3) 3510 Assis (SP) 538.223 0.776 0.610 571.248 0.688 0.612
(3) 2703 Leste Alagoano (AL) 533.605 0.859 0.710 474.021 0.770 0.595
(3) 3505 Araraquara (SP) 518.301 0.711 0.624 327.659 0.664 0.695
(3) 4305 Metropolitana de Porto Alegre (RS) 515.527 0.809 0.674 599.855 0.798 0.683
(3) 4307 Sudeste Rio-grandense (RS) 462.817 0.756 0.680 515.068 0.790 0.664
(3) 4103 Norte Central Paranaense (PR) 449.972 0.859 0.691 231.375 0.781 0.651
(4) 1303 Centro Amazonense (AM) 294.464 0.899 0.767 317.467 0.894 0.767
(4) 5205 Sul Goiano (GO) 282.484 0.809 0.706 125.680 0.804 0.674
(4) 2905 Metropolitana de Salvador (BA) 250.930 0.843 0.731 196.458 0.842 0.734
(4) 3305 Sul Fluminense (RJ) 237.721 0.847 0.811 162.753 0.832 0.832
(4) 4110 Metropolitana de Curitiba (PR) 224.421 0.878 0.746 192.783 0.860 0.748
(4) 3513 Vale do Paraíba Paulista (SP) 222.612 0.815 0.809 225.574 0.801 0.822
(4) 3515 Metropolitana de São Paulo (SP) 197.530 0.870 0.694 176.522 0.855 0.697
(4) 3302 Norte Fluminense (RJ) 186.517 0.791 0.695 198.475 0.810 0.745
(4) 3107 Metropolitana de Belo Horizonte (MG) 178.232 0.876 0.749 135.251 0.859 0.742
(4) 3507 Campinas (SP) 176.817 0.859 0.746 162.108 0.844 0.749
(4) 4302 Nordeste Rio-grandense (RS) 160.621 0.886 0.740 136.605 0.859 0.735
(4) 3102 Norte de Minas (MG) 156.812 0.796 0.715 141.312 0.774 0.722
(4) 3306 Metropolitana do Rio de Janeiro (RJ) 156.254 0.839 0.707 163.318 0.834 0.699
(4) 4305 Metropolitana de Porto Alegre (RS) 151.474 0.857 0.722 128.135 0.857 0.719
(4) 3111 Campo das Vertentes (MG) 150.155 0.860 0.784 98.009 0.824 0.776

Note: (1) Traditional Industry, (2) Mineral Commodities, (3) Chemicals, Energy and Fuels, (4) Capital and Durable Goods. Source: results from research.

23


