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Abstract

In this paper we present a new set of detailed evidence about the location patterns of Brazilian
manufacturing using a detailed microgeographic panel data for ten-year period and a distance-
based measure not influenced by MAUP. Our results show that 89.9% and 91% of manufacturing
at 3-digit have statistically significant localization for 2006 and 2015, respectively and that these
patterns remain high when we consider 4-digit in weighted and unweighted versions of the measure.
High-tech industries have location patterns at short distances being located mainly in the large
urban areas while low-tech industries are located at great distances. Consistent with Marshallian
agglomeration forces and with for transport cost, proxies for labor pooling, knowledge spillovers
and transport costs are related to measures of geographic localization indicating that these factors
are associated with plant location patterns.
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Resumo

Este artigo apresenta um novo conjunto de evidências sobre os padrões de localização da indústria
da transformação no Brasil, usando um conjunto de dados georreferenciados ao ńıvel de firma para
um peŕıodo de dez anos e uma medida cont́ınua de localização não influenciada pelo MAUP. Os
principais resultados mostram que 89,9% e 91% da indústria a 3 d́ıgitos em 2006 e 2015, respectiva-
mente, estão estatisticamente localizadas (de forma não aleatória) e este padrão se mantém quando
considera-se diferentes ńıveis de desagregação setorial e versões do ı́ndice ponderada e não ponderada
pelo emprego. Indústrias de alta tecnologia estão localizadas a curtas distâncias, principalmente
nos grandes centros urbanos, enquanto as indústrias de baixa tecnologia apresentam padrões de
localização a longas distâncias. Consistente com os argumentos das forças de aglomeração Mar-
shallianas e sobre custos de transporte, proxies para o labor pooling, spillovers de conhecimento
e custos de transporte estão relacionadas com o ı́ndice de localização, indicando que estes fatores
locais estão associados aos padrões de localização observados.
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1 Introduction

In the last two decades, the use of distance-based measures of spatial concentration allowed obtaining
new detailed evidence about location patterns of economic activities, mainly for developed countries.
Despite theses recent advances, at least two issues remain under-explored: the measuring of spatial
agglomeration in developing countries and the role played by economic variables determinants of ag-
glomeration economies. The first is associated with the lack of detailed microgeographic data, the second
with the complicated challenges of identifying specific effects among simultaneous agglomeration forces.
Nevertheless, both areas are essential for understanding the spatial economy of developing countries.

Because of the scarcity of appropriate data and computational limitations, studies that use distance-
based metrics are still scarce. A set of recent evidence for a small group of European, Asian and American
countries shows that industrial activity exhibits specific location patterns. These findings suggest, there-
fore, that high level concentration of manufacturing can be observed in different countries of the world.
Duranton and Overman (2005), e.g., analysed location patterns for the manufacturing industry in the
UK and showed that 52% of industry has a non-random localization. The main findings of Nakajima
et al. (2012) indicate that 50% of the manufacturing industry in Japan have spatial location patterns.
Vitali et al. (2013) present evidence of industrial concentration patterns for six European countries: Bel-
gium, France, Germany, Italy, Spain and the UK. Its main findings suggest that for all countries studied,
traditional industries have significant localization patterns. For Germany, Koh and Riedel (2014) also
finds evidence that the manufacturing industry, 71%, and the service sectors, 97%, exhibit significant
geographic localization. Also in line with these results, Behrens and Bougna (2015) finds, for manufac-
turing industries in Canada, which depending on the industrial sector and the studied year of 40% to
60% are geographically localized.

For developing countries the available evidence is all the more scarce. To be precise, only Brakman
et al. (2017) and Aleksandrova et al. (2019) analyzed the location of manufacturing in China and
Russia, respectively. The authors finds that around 80% of industries at 4-digit in China and 3-digit in
Russia are significantly localized, indicating higher patterns than some developed countries. In Brazilian
regional context, the available evidence about manufacturing spatial concentration is based exclusively
on measures that are sensitive to the Modifiable Areal Unit Problem (MAUP) (see, e.g., Silveira Neto,
2005; Resende and Wyllie, 2005; Lautert and Araújo, 2007; Rocha et al., 2019, Ferreira et al., 2019).
Within urban spaces, Silva et al. (2019) present evidences based on Duranton and Overman (2005)’s
metric (hereafter DO index) to Recife Metropolitan Region (RMR). The spatial limitation of this work
is obvious; these patterns of location in RMR do not necessarily reflect those observed on a national
scale.

This research seeks to contribute to this gap. In the current research, we provide evidence about
the patterns of location of Brazilian manufacturing activities using detailed microgeographic panel data
and DO index. Our geocoded dataset for all manufacturing firms from 2006 to 2015 include a universe
of approximately 2,8 millions of establishments (on average, 7,033,906 employments by year). We also
explore how industrial location patterns change according to technological intensity. High-tech industries
have a larger share of workers with degree college, invest more in R&D and innovate together with other
establishments, characteristics that can favor the location of these industries in large urban centers. Fur-
thermore, we investigate what economic factors are associated with the location patterns observed using
proxies for Marshallian agglomeration forces, transport cost, spatial heterogeneity, market structure and
controlling for observable and unobserved characteristics fixed in time specific to each industry.

In addition to the lack of evidence, others factors turn the investigation for Brazilian manufactur-
ing particularly suitable. First, the heterogeneous spatial distribution historically observed on Brazilian
territory, its persistence through time, and the importance of industrialization to explain regional in-
equalities. Within this context, regional development policies have historically been associated with
incentive to manufacturing activities. Second, unlike other countries like China, Brazil is historically
more market oriented and the inter-regional mobility of workers is higher, what may substantially affect
agglomeration patterns. Third, we observe that, from the first decade of this century, there was a re-
duction in household income inequality per capita (see, e.g., Hoffmann, 2006). By analyzing the period
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2016-2015, we investigate if there was any change in manufacturing location patterns consistent with
this inequality reduction. Fourth, different from investigations based traditional spatial concentration
measures (e.g., Gini, EG), note that our strategy is not affected by changes in municipal boundaries
which directly, something not so rare in Brazil.

We can summarize our key results as follows: (i) 89.9% and 91% of 3-digit Brazilian manufacturing
plants is significant localized in 2006 and 2015, respectively – higher than those documented for other
countries in transition such as China (Brakman et al., 2017) and Russia (Aleksandrova et al., 2019)
and developed countries (Duranton and Overman, 2005; Koh and Riedel, 2014; Behrens and Bougna,
2015). When we consider the employment weighted version of the DO index at 3-digit and also at 4-digit
(weighted and unweighted), the results are also high. (ii) location patterns vary greatly depending on the
technological level of the industry, high-tech industries have location patterns at short distances being
located mainly in the large urban areas of the Southeast region while low-tech industries are located
at great distances. (iii) consistent with Marshallian agglomeration forces and with Krugman (1991b)’s
arguments for transport cost, proxies for labor pooling, knowledge spillovers and transport costs are
related to measures of geographic localization indicating that these factors are associated with plant
location patterns. (vi) the evidence is weak for spatial heterogeneity. Last, (v) competition can act as a
force contrary to industrial localization, favoring dispersion.

The remainder of the paper is structured as follows. In section 2 we present an exploratory overview
of the spatial distribution of the industry in Brazil and we highlight the main details about our dataset.
In section 3 we present the methodology and results from the DO index. In section 4 we explore the
conditionings of manufacturing localization. Last section shows the final comments.

2 Snapshot of Brazilian manufacturing, 2006-2015

With 8,510,820.623 km2 and a population of 190,755,799, according to data from the 2010 Demographic
Census provided by the Brazilian Institute of Geography and Statistics (IBGE), the Brazil is a urban
country (84.36% of population). The process of structural change of the rural to urban population
occurred together with the different phases of industrialization of the country’s economy. As the IBGE
data show, since the 1960s the urban population is growing and the rural population declined since the
1970s. These characteristics show the great importance of urban centers as dynamic environments. In
fact, when distributed within the country the manufacturing activity appears clearly more dense in some
regions with emphasis on the Southeast (46,18%). In a more disaggregated way, the state of São Paulo
concentrates 26.81% of the manufacturing plants in the country and, when we consider urban contexts,
the São Paulo Metropolitan Region (SPMR) the largest and most important metropolitan region in the
country, concentrates 11.66% of the plants in 2015. (see Table 1). This indicates that the forces in favour
of the concentration of firms and workers in large cities outweigh the forces of dispersion (Duranton and
Puga, 2014).

Table 1. Descriptive statistics by large regions, state of São Paulo and SPMR

2006 2015

Large regions empl.
# of share Avg.

empl.
# of share Avg.

plants # of plants empl. plants # of plants empl.
Southeast 3,301,753 124,029 49.85 26.62 3,596,277 146,133 46.18 24.61

São Paulo 2,238,987 74,911 30.11 29.89 2,371,621 84,853 26.81 27.95
SPMR 1,001,086 35,827 14.40 27.94 925,665 36,791 11.63 25.16

South 1,624,587 73,749 29.64 22.03 1,919,087 93,492 29.54 20.53
Northeast 798,372 28,794 11.57 27.73 980,464 43,823 13.85 22.37
Midwest 298,999 15,064 6.05 19.85 441,679 23,134 7.31 19.09
North 229,973 7,153 2.88 32.15 248,005 9,891 3.13 25.07
Total 6,253,684 248,789 100 25.14 7,185,512 316,473 100 22.70

Source: Authors’ computations using informations from RAIS (Annual Report of Social Information).

The dataset used in this current research comprises the universe of all manufacturing plants from
2006 to 2015. Identified data with restricted access non-geocoded make up the RAIS data made available
annually by the Ministry of Labor and Employment. It is a survey that encompasses all universe of formal
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plants in the country providing a very rich source of data on the formal labor market. Information on
firms and workers is available. For plants: the establishment identifier through the National Registry
of Legal Entities (CNPJ), data on geographic location, National Classification of Economic Activities
(CNAE) that is compatible with the International Standard Industrial Classification of all Economic
Activities (ISIC) revision 4, date of opening and closing of activities, if applicable, declared by the
establishment, stock of active jobs, size of the establishment (classification based on the number of
workers employed), and legal nature of the establishment; and for workers: information on schooling,
age, wage, race, the firm in which are employed, among other important characteristics.

Using geocoding techniques, we obtained a unique microgeographic dataset for 2,775,799 plants and,
on average, 7,033,906 employments by year. Of all the plants identified in RAIS dataset, our sample
represents is 95.97% of total1. When consider employment, the geocoded percentage is higher, 96.82%
of the total. Note also that when we disaggregate by year, our percentage of plants and employment
geocoded is never less than 95.5% and 96.6%, respectively. Our dataset accurately characterises the
distribution of the manufacturing activities in the country without having to use an a priori definition
of geographic space.

The set of evidence about the location patterns of plants of different manufacturing activities in Brazil
was obtained by considering a 3-digit level of sector desegregation using the official CNAE 2.0. This is
the common level of sector desegregation used in similar studies (see, e.g., Duranton and Overman,
2005; Aleksandrova et al., 2019) and comprises 285 groups of different economic activities (including
agriculture, manufacturing, and services). As a robustness check, we also present our baseline results
considering 4-digit code of sector desegregation. After the constraints imposed in dataset, we finally
work with 103 manufacturing activities (sectors). Note that we have a panel with 103 cross-sectional
and 10-year data units between 2006 and 2015 which allows us to control for unobserved and fixed effects
in time of each sector at 3-digit. We will analyze the results of only industries with at least 10 plants
each year.
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Figure 1. Distribution of all manufacturing plants in Brazil - 2015

Reflecting the spatially concentrated and market-oriented development process observed in Brazil
(Baer, 2002), Figure 1 (a) and (b) presents the a detailed picture about distribution of manufacturing
plants in the national territory (boundaries refer to large region’ limits) and a surface that represents
the bivariate kernel density function2 in 2015, respectively. Note that the figure highlights the Southeast
and South regions as the most dense areas, i.e., they are the most industrialized regions and, even within
these regions, patterns of location can be observed with denser areas close to the large urban centers
and on the coast. In Figure 1 (b) the main distortion of the spatial grid represents the SPMR, followed
by the other major urban centers in the country, such as Rio de Janeiro, Belo Horizonte and Porto
Alegre Metropolitan Regions. This representation provides a preliminary general characterization of the

1Due to space limitations, we have not included the Appendices with more detailed information. This information can
be made available upon request.

2Quartic kernel form.
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location of plants, in the next sections we will present how this pattern may change when we consider
the heterogeneity of manufacturing sectors, especially in relation to the technological intensity of the
production process. In line with these arguments, 33% and 19.8% of the high and low-tech industries are
located in the five largest metropolitan regions3 of the country – in order: São Paulo, Rio de Jaineiro,
Belo Horizonte, Porto Alegre and Recife –, repectively.
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Figure 2. Distribution of plants of m. of electromedical equipment in Brazil - 2015
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Figure 3. Distribution of plants of manufacture of food in Brazil - 2015

Just as a preliminary illustration, we separate an example of high-tech and a low-tech industrial
sector in the Figures 2 and 3 for manufacture of electromedical and electrotherapeutic equipment and
manufacture of other food products, respectively. The latter sector encompasses a wide variety of products
and is characterized by low use of skilled labor. There are clearly differentiated location patterns, plants
of low-tech industries appear clearly much more sprawled. As shown by the surface on Figure 3 (b),
besides the distortions in the large urban centers, it is also possible to observe that the plants of this
industry are also located near or outside them. Note, however, that although they are more spread out,
this industry follows the pattern of stronger general location on the coast. For the low-tech sector, 39.7%
of the total plants are located in the Southeast region, on the other hand, for the high-tech sector, 79.8%
of the total plants are in the same region. When we look at the urban context, for the low-tech sector
15.2% of the total plants in the Southeast are in the SPMR contrasting with the 36% in the high-tech
sector. Obviously we recognize that this simple initial exploration does not consider the differences in
the location of other sectors of the manufacturing industry as well as does not allow for a detailed
understanding of how location patterns vary with distance as it is limited to geographic unit definitions,
we overcome these limitations in the next sections.

3According to the 2010 Demographic Census made available by IBGE
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3 Methods and Results

In this research we used a distance-based measure to analyse the spatial distribution of manufacturing
establishments. As outlined above, more traditional measures of concentration of productive activity
are susceptible to MAUP. The Duranton and Overman (2005)’s index overcomes this problem4. The
general idea of this index is estimate the bilateral distances distribution between establishments – or, in
its weighted version, of all employees in an industry – and then compare the estimated distribution with
a set of randomly distributed bilateral distances. An industry can be classified as localized if we observe
a higher K-density than that of randomly drawn distributions or dispersed if we observe a lower K-
density than that of randomly drawn distributions. We can also measure the strength of localization and
dispersion, Γm and Ψm for each industry m, repectively, by the area between the observed distribution
and the upper- and lower-bounds of the confidence bands. Consider localized industries as an example,
then we can interpret Γm as “excess probability” to find another firm in the same industry closer than
some distance r after controlling for the reference distribution at the 5% risk level (Behrens and Bougna,
2015, p.50).

To exemplify and understand the logic the DO index, we illustrate the possible patterns with the help
of Figures 4 and 5. In each of the figures, the black solid line represents the observed value of the DO
index, K̂dobs(r), for the selected industry; the upper and lower bounds, K̂dhi(r) and K̂dlo(r), respectively,
are represented by the extremes of the hatched area that determine the confidence interval containing
95% of counterfactual distributions. Therefore, when K̂dobs(r) is within this range, we cannot reject
the null hypothesis (at the 5% level) that the specific industry is randomly distributed in space. When
K̂dobs(r) is above the upper confidence band, the distribution of bilateral distances observed among the
companies belonging to the industry in question exceeds the random standard and this is interpreted as
localization. When this occurs over short distances – remember that we are analyzing the whole country
– we say that firms in this particular industry are located at short distances (see Figure 4 (a) and
(b)). At the other extreme, i.e., when K̂dobs(r) falls below the lower confidence band, bilateral distances
between firms are underrepresented relative to the random pattern, and this is interpreted as dispersion
(see Figure 5 (a) and (b)).

Consistent with previous evidence that capital intensive industries in Brazil are more concentrated
(Silveira Neto, 2005), Figure 4 (a) and (b) for 2006 and 2015, respectively, indicates that the manufacture
of electromedical equipment - CNAE 266 is located at short distances (up to 552 kilometers). Interestingly
because this distance approximate the exact distance between two of the largest metropolitan regions
in the country, between the municipality of São Paulo (core city of SPMR) and Belo Horizonte (core
city of BHMR) of 587 km. The locations of this set of plants were previously illustrated through the
map of Figure 2, more specifically, these two cities are represented by two of the main cones on the
surface of Figure 2 (b), first São Paulo on the main cone and then Belo Horizonte on the farthest cone
in the northern direction. According to the crossing5 between CNAE 2.0 and the OECD technological
classification proposed by Cavalcante (2014), this industry is classified as technology intensive (high
level). Therefore, in order with the arguments associated with human capital spillovers in metropolitan
areas, the sector is part of a more aggregate group of industries (Computer & electronic products - CNAE
2-digit 26) characterized by the intensive use of technology in its production process and employment
of skilled workers.

On the other hand, Figure 4 (c) and (d) shows, for the same periods, an example of long distance
location (after 1170 kilometers). The manufacturing of other food products6 - CNAE 109 is character-
ized by low technology productive processes and, therefore, generally do not need high value-added
production inputs or more sophisticated machines and employ low skilled workers. This location pattern

4Due to space limitations, we have not included the Appendices with detailed information about methodology. This
information can be made available upon request.

5This classification proposed by Hatzichronoglou (1997) for OECD countries and adapted for Brazil by Cavalcante
(2014) through compatibility with CNAE is based on the relationship between expenditures in R&D and added value,
intermediate and capital goods.

6With the exception of meat products, canned fruit, vegetable and animal oils and fats, dairy products, sugar refining
and coffee grinding, the sector of manufacturing other food products includes all other segments.
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was previously shown in Figure (3), more specifically, this distance is in accordance with the distances
between the main cities in the Southeast-South (e.g., distance between São Paulo and Porto Alegre is
1150 km) and Southeast-Northeast (e.g., distance between São Paulo and Recife is 2600 km). These
characteristics are also observed in the other food and beverage manufacturing sectors. As part of the
agribusiness production chain, the food industry is directly related to agricultural production and for
these reasons tends to be more scattered. The geographical and climatic characteristics of Brazil favor
the location of these industries in all regions of the country, that is, the availability of natural resources
favor the pattern of location over long distances and, certainly, are more important for these industries
than for the high-tech sectors.
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Figure 4. K-density estimates for selected manufacturing sectors (CNAE 3 digit)
localized at short (a and b) and long (c and d) distances in 2006 and 2015

Figure 5 (a) and (b) shows the pattern of dispersion of preservation and manufacture of fish products
- CNAE 102 for 2006 and 2015, respectively. This industry is part of the large food manufacturing group
(CNAE 2 digit 10) that is labour-intensive, low-technology, and traditionally more dispersed than high-
tech industries. As an example of the random location pattern, Figure 5 (c) and (d) shows that for the
manufacture of pulp and other pulp for papermaking - CNAE 171 we do not reject the null hypothesis
of randomness. This is also a low-tech industry and makes up a branch of Brazilian agribusiness. Like
the food industry, also is intensive in natural resource. The results obtained for these sectors, in general,
present similar patterns when compared with those obtained for developed countries such as Japan
(Nakajima et al., 2012), some European countries (Belgium, Germany, Italy, France, Spain and UK in
Vitali et al. (2013)) and Canada (Behrens and Bougna, 2015), another geographically large country.
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When we compare our results with those obtained for other countries in transition, such as China
(Brakman et al., 2017) and Russia (Aleksandrova et al., 2019) the results, in general are also similar,
for example, as in Brazil, in the two aforementioned countries the manufacture of electronic equipment
appears among the most localized while the manufacture of food appears dispersed.
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Figure 5. K-density estimates for selected manufacturing sectors (CNAE 3 digit)
scattered (a and b) and random (c and d)

3.1 General results

We now examine the general patterns of location. Table 2 outlines the set of evidence on geographical
distribution patterns for all manufacturing sectors. Our results indicate that 89.9% and 91% of the
manufacturing sectors analyzed are localized in 2006 and 2015, respectively. These results clearly remain
robust when considering the weighted version (82.83% and 80%) of the DO index and 4-digit sector
breakdown unweighted (83.33% and 86.67%) and weighted (65.48% and 70.98%). The patterns observed
are higher and more general than those obtained for manufacturing when compared with previous studies
using traditional (not distance-based) geographical concentration measures for Brazil (see, e.g., Azzoni,
1986; Silveira Neto, 2005; Resende and Wyllie, 2005; Lautert and Araújo, 2007) and suggests that
the manufacturing presents heterogeneous patterns of geographical distribution which persists across
years. In the two years analyzed, only 4 industries were classified as dispersed (unweighted 3-digit
version) while the great majority are classified as localized. This evidence indicates that despite the
changes in the spatial dimension of Brazilian industrial development expanding to other regions of the
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country, especially the Midwest region (Costa and Biderman, 2016; Rocha et al., 2019), this process was
accompanied by increased internal heterogeneity of the regions favoring the emergence of productive
clusters (Pacheco, 1999; Lima and Simões, 2010).

Table 2. Summary of location patterns for manufacturing

Unweighted Employment weighted
2006 2015 2006 2015

3-digit industries # of ind. % # of ind. % # of ind. % # of ind. %
Localized 89 89.90 91 91 82 82.83 80 80
Dispersed 4 4.04 4 4 9 9.09 12 12
Random 6 6.06 5 5 8 8.08 8 8

Γ̄|Γm>0 0.0247 – 0.0259 – 0.0246 – 0.0279 –
Ψ̄|Ψm>0 0.0232 – 0.0196 – 0.0112 – 0.0070 –

99[a] 100 100[b] 100 99 100 100 100
4-digit industries

Localized 210 83.33 221 86.67 165 65.48 181 70.98
Dispersed 16 6.35 14 5.49 38 15.08 34 13.33
Random 26 10.32 20 7.84 49 19.44 40 15.69

Γ̄|Γm>0 0.0244 – 0.0267 – 0.0241 – 0.0253 –
Ψ̄|Ψm>0 0.0114 – 0.0133 – 0.0080 – 0.0048 –

252 100 255 100 252 100 255 100

Notes: The values of Γ̄|Γm>0 and Ψ̄|Ψm>0 report average for all significantly localized services and for
all significantly dispersed, respectively. The manufacturing industry is divided into 103 3-digit groups,
after the restrictions imposed on the number of minimum 10 plants in each sector: [a] four sectors
were discarded and [b] three sectors were discarded. The confidence bands are computed using 1,000
bootstrap replications. Source: Prepared by the author based on estimates.

Consistent with the historical process of industrial development and the greater mobility of factors
in Brazil, our evidences indicates that Brazilian manufacturing has stronger location patterns than
those found for other developing countries like China (Brakman et al., 2017) and Russia (Aleksandrova
et al., 2019) and clearly much stronger than those found for developed countries like UK (Duranton and
Overman, 2005), Japan (Nakajima et al., 2012), Belgium, France, Germany, Italy, Spain (Vitali et al.,
2013), and Canada (Behrens and Bougna, 2015). For example, Brakman et al. (2017) show that 81%
of manufacturing is located in China while Aleksandrova et al. (2019) show that 80% follow the same
pattern in Russia. In developed countries Duranton and Overman (2005) for UK, found that 52% of
manufacturing is located, while Nakajima et al. (2012) for Japan finds a percentage of 50%, for Germany
and Canada the percentages are around 71% and 60% as shown in the results of Koh and Riedel (2014)
and Behrens and Bougna (2015), respectively.

In a decade, when we consider the classic version of DO Index both 3-digit and 4-digit, Brazilian
manufacturing presented stronger location patterns, especially when we consider 4-digit, 11 industries
became located in 2015. Furthermore, the strength of localization – as measured by the average across
all localized sectors, Γ̄|Γm>0 – is greater in 2015. However, in the weighted version at 3-digit we observe
a subtly inverse process – reducing the number of localized industries –, although the strength of local-
ization is greater in 2015 and at 4-digit the number of industries located is more high. This evidence
presents a set of information not available in studies using traditional measures of spatial concentration
of employment (such as the EG index). In general, except in technology intensive sectors, the authors
argue that the EG index shows a decreasing trend during the last decades, which supports the spatial
deconcentration argument. Our approach is more general and can identify patterns of spatial location
that occur at short or long distances separately for plants and employment. Therefore, our results indi-
cate that although manufacturing employment has tended to deconcentrate in the last decades (Resende
and Wyllie, 2005; Lautert and Araújo, 2007; Rocha et al., 2019), this process occurs simultaneously with
an increase in the number of manufacturing sectors with statistically significant localization patterns.

By exploring the advantages of the DO index we can obtain the distances at which the location or
dispersion occurs. Figure 6 (a) and (b) illustrates the share of localized and dispersed industries between
0 and 1700 kilometers, respectively. Figure 6 (a) indicates that the number of industries that are located
at 0-200 km remains relatively stable (around 62%) in 2006 and from there decreases sharply with
the distance up to approximately 800 km, when industries located at long distances leave the upward
curve. The reason why this pattern is observed at short distances is associated with the fact that most
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industries are located in or near large urban centers (the 0–200 km range is at the scale of Brazilian
metropolitan regions). The pattern observed in intermediate distances (300-700 km) is associated with
location between large urban centers and with long distances associated with the location of the industry
between the large regions of the country. Additionally, another important feature of these results is that
long distance localization is mainly associated with low-tech industries. We return to that point later
when investigating the differences between low and high-tech industries location patterns. In 2015 this
pattern repeats but with the shift of the curve, i.e., a larger number of industries located over shorter
distances (around 65%). Figure 6 (b) gives the share of dispersed industries. Only 1% of industries are
dispersed within 0–100 km and 3% within 200–400 km.
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Figure 6. Share of localized or dispersed industries (3-digit)

Although the deviations from randomness are presented in Figure 6, the extent of these deviations
are not (see, e.g., Nakajima et al., 2012; Brakman et al., 2017). So, to measuring the extent of localization
across all industries7 for each distance, we use summation over industries as measure of the extent of
deviations at any given distance, i.e., Γ(r) =

∑
m
Γm(r) for localization and Ψ(r) =

∑
m
Ψm(r) for

dispersion. Figure 7 (a) and (b) reports this set of information for 2006 and 2015. As shown in (a), the
extent of localization is greater at smaller distances, around 0-100 km. On the other hand, much less
expressive, the extent of dispersion is greater between 600-800 km as shown in (b). Note also that no
major changes occurred between 2006 and 2015. Note that although the share of localized industries is
higher in 2015, as shown in Figure 6 (a), the intensity of agglomeration is smoother in 2015.
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Figure 7. Extent of localization and dispersion (3-digit)

Last, we rank the industries in descending order of the indices of localization. Figure 8 (a) and (b)
presents this ranking for versions unweighted and weighted in 2006 and 2015, respectively. In both cases,
the distribution is clearly skewed, with a group of 10 industries with higher levels of localization and

7After the sample restrictions, we analyzed only industries with 10 or more plants, so these measures were calculated
for 99 and 100 industries in 2006 and 2015, respectively.
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there are no major changes in the localization patterns between the years 2006 and 2015. This suggests
how strong are the forces that favor agglomeration in the country. Furthermore, Figure 8 provides an
interesting overview of small changes in the localization pattern across years. Note that although the
number of localized industries was lower in 2015 in the weighted version of the DO index (as shown
in Table 2), the localization increased at the very top and decreased at the bottom of the distribution
(Figure 8 (b)). Suggesting that the trend of spatial sprawl of employment does not affect all industries
in the same way.
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Figure 8. Rank-order distributions of location indices for manufacturing sectors

3.2 Sectoral scope

As previously mentioned, the high-tech industries present different patterns of location from the low-tech
industries, as they are more strongly located at short distances (e.g., sectors presented in Figure 4). So,
we will now analyze these two types of industries separately. Initially, to identify the industries presented
in Figure 8 (a), Table 3 present the rankings of the twenty most localized industries for the years 2006
and 2015 and, all industries classified as dispersed and randomly distributed. In both years, 70% of
the most localized industries are technology intensive (e.g., manufacture of electromedical equipment -
CNAE 266, manufacture of accessories for vehicles - CNAE 294, manufacture of control devices and
instruments - CNAE 265 and manufacture of railway vehicles - CNAE 303).

When we compare our results to those obtained for other developing countries with large territorial
extensions, such as China and Russia, the industrial location patterns are similar. As Brakman et al.
(2017) shows for China, “Machinery Manufacturing” and “Textile” sectors are among the most localized
while Aleksandrova et al. (2019) shows that these sectors are also among the most localized in Russia.
Furthermore, traditional industries such as food are more dispersed. In fact, in Table 3, among the 20
most localized, there is no food industry. Labor-intensive industries (low-skilled) such as the manufacture
of food products (CNAE 10) have weaker concentration patterns and pointed to trend of spatial scat-
tering as studies on the spatial concentration of employment in Brazil show from discrete concentration
measures (see, e.g., Silveira Neto, 2005; Resende and Wyllie, 2005; Lautert and Araújo, 2007; Almeida
and Rocha, 2018). Our results indicate that 89% of the food manufacturing sectors presented statistically
significant location patterns over long distances in 2006 and 2015. These results are associated with the
spatial structure of the labor market. The spatial distribution of education is very heterogeneous, poorer
regions have fewer skilled workers (Suliano and Siqueira, 2012; Silva and Silveira Neto, 2015). On the
other hand, the spatial distribution of low-skilled labor is more homogeneous, which favors the lower
levels of concentration of intensive industries in this type of workers.

To illustrate the differences between the location patterns between the low and high-tech industries,
analogous to Figure 6, we present in Figure 9 (a) and (b) the share of high and low-tech localized
industries across all distances, respectively. There’s a clear difference, while high-tech plants have a
strong location (around 78%) at short distances 0-200 km, low-tech plants have a smaller share (around
50%). Furthermore, unlike the high-tech industry, low-tech plants also exhibit a similar pattern over
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Table 3. Twenty most localized, dispersed and random industries in 2006 and 2015

CNAE
3 digit

Industry name
Tech
level

Localization/Dispersion ranking

Most localized Γm,2006 2006 Γm,2015 2015

266 M. of electromedical and irradiation equipment high 0.0718 3 0.0891 1
304 M. of aircraft high 0.0436 18 0.0785 2
294 M. of parts and accessories for motor vehicles m-high 0.0718 4 0.0650 3
263 M. of communication equipment high 0.0461 16 0.0644 4
286 M. of machinery for industrial uses m-high 0.0584 10 0.0641 5
265 M. of measuring, testing and control instruments high 0.0661 5 0.0635 6
154 M. of parts for footwear, of any material low 0.0820 2 0.0623 7
133 M. of knitted and crocheted fabrics low 0.0357 25 0.0603 8
261 M. of electronic components high 0.0573 11 0.0580 9
132 Weaving, not knitted or crocheted low 0.0661 6 0.0575 10
279 M. of electrical equipment not otherwise specified m-high 0.0597 9 0.0570 11
284 M. of machine tools m-high 0.0623 7 0.0555 12
274 M. of lamps and other lighting equipment m-high 0.0417 20 0.0553 13
153 Footwear manufacturing low 0.0546 12 0.0543 14
322 M. of musical instruments low 0.0460 17 0.0540 15
282 M. of general-purpose machinery and equipment m-high 0.0525 14 0.0524 16
281 M. of engines and transmission equipments m-high 0.0506 15 0.0498 17
303 M. of railway vehicles m-high 0.0890 1 0.0489 18
209 M. of miscellaneous chemical products m-high 0.0369 23 0.0454 19
273 M. of equipment for distribution of electrical energy m-high 0.0543 13 0.0450 20

Dispersed Ψm,2006 Ψm,2015

102 Preservation and manufacture of fish products low 0.0575 1 0.0423 1
301 Shipbuilding m-low 0.0124 3 0.0293 2
267 M. of optical and cinematographic equipments[a] high – – 0.0063 3
272 M. of batteries and electric accumulators[a] m-high – – 0.0005 4
122 M. of tobacco products[b] low 0.0196 2 – –
192 M. of oil products[b] m-low 0.0036 4 – –

Random

171 M. of pulp and other pulp for papermaking low
211 M. of pharmaceutical products high
292 M. of trucks and buses m-high
204 M. of man-made fibres m-high
183 Reproduction of recorded materials on any medium m-low
193 M. of biofuels[c] m-low
252 M. of tanks, metal containers and boilers[c] m-low

Note: Γm and Ψm are computed at 1708.11 kilometers distance. Column 3 presents the levels of technological classifica-
tion by sectors of manufacturing industry: low, medium-low (m-low), medium-high (m-high), and high. We consider as
technology intensive industries those with m-high or high levels. “M.” is manufacture. [a] are industrial sectors classified
as dispersed only in 2015, while [b] are those dispersed only in 2006. [c] are the sectors that presented random location
pattern only in 2006. Source: Authors’ computations based on estimates.

long distances (around 48%). Note also that for low-tech industries there is a strong reversal of the
curve around 800 km both in 2006 and 2015 (Figure 9 (b)), which is not observed for high-tech plants,
especially in 2015 (Figure 9 (a)). As previously presented, the pattern of location of high-tech industries
within a radius of 0-700 km represents the localization of these plants in major Brazilian cities.

These differences are even clearer when we analyze the extent of localization across high and low-tech
industries for each distance, as shown in Figure 10 (a) and (b), respectively. Initially, when we compare
the side (a) with the side (b) notably the high-tech plants are more strongly located in short distances
with the highest values between 0-100 km suggesting that geographical proximity is more important
for these sectors. Note that this evidence is clearly in accordance with the map previously presented
in Figure 2 about location patterns of high-tech industries in metropolitan regions, although here we
are considering all high-tech sectors. Furthermore, as observed for the share of localization of low-tech
industries, the localization also increases from 900 km in clear contrast to the pattern observed for
high-tech industries.

These results provide an overview of the differences between the localization patterns of low and
high-tech industries, but do not allow the exact identification of the denser areas. The mapping of the
denser areas allows geographic targeting in terms of policy. Note that the evidence obtained from the
index Γm (Table 3) highlight different patterns of location between plants in different sectors but do
not inform much about the degree of geographical proximity they have. By definition, the index Γm

construction considers different distances so that a sector can be located at long distances (see, for
example, manufacture of other food products - CNAE 109 in Figures 4 (c) and (d)). We now provide
evidence of geographical proximity between plants in the same manufacturing industry from the DO
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Figure 9. Shares of localized industries by technology group (3-digit)
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Figure 10. Localization indices by technology group (3-digit)

index. First, among the different cluster definitions, we consider one based on the DO Index, i.e., distance-
based. More specifically, we use distances where statistically significant location patterns are observed.

To illustrate this pattern of geographic proximity in high-tech manufacturing industries, Figure 11
presents the industrial cluster for manufacture of electromedical equipment - CNAE 266. We identified a
cluster in the Southeast Region with a radius of 282 km containing 75% of the total plants in the sector.
The cluster includes plants located in five different metropolitan regions: three in the state of São Paulo,
one in Minas Gerais and one in Rio de Janeiro. We can list the different characteristics by which we
select this industry. First, it is located mainly in the major urban centers of the country, among them the
three largest metropolitan regions (SPMR, RJMR and BHMR). Second, the other two urban centers,
Campinas MR (CAMR) and Ribeirão Preto MR (RPMR) are national references in the health field.
CAMR has one of the best medical schools in the country, is one of the most industrialized metropolitan
regions and together with SPMR is considered one of the main areas of innovation in Latin America
(Suzigan et al., 2005). On the other hand, in RPMR there is a health cluster – nationally recognized as
a medical equipment export center – that encompasses companies from the medical-hospital equipment,
animal health, drugs and biotechnology, and cosmetics segments (Santana and Marques, 2014). Third,
for all these characteristics this industry can be a good example of the attraction force exerted by the
agglomeration economies.

Unlike high-tech industries, as previously shown in Figure 4 (c) and (d), the manufacturing sector
of other food products - CNAE 109 presents location at great distances consequently, for this sector the
maximum location distance coincides with a range of 1708.11 km. Therefore, a cluster with a radius equal
to the range loses the sense of geographic proximity indicating that the sector is more spatially spread
as previously presented in Figure 3. Other sectors of the food industry, such as the manufacture of meat
products - CNAE 101, the manufacture of canned fruits and vegetables - CNAE 103, the manufacture
of vegetable and animal oils - CNAE 104, dairy products - CNAE 105 and the manufacture of starch
products and animal feeds - CNAE 106 present similar patterns.
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Figure 11. Cluster of manufacture of electromedical equipment in 2015

4 Conditionings of manufacturing localization

We have observed so far that some industries present patterns of geographic location at shorter distances
(high-tech industries) while others (low-tech industries) present at longer distances. What are the po-
tential drivers of this agglomeration of industries? To provide a set of answers to these question, we use
the location index as the dependent variables in a multivariate regression model whit potential economic
local forces associated the pattern of location of manufacturing activity. Briefly, these economic argu-
ments for understanding firms’ location patterns derive from traditional location factors about external
economies (via sharing, matching and learning)(Marshall, 1890; Duranton and Puga, 2004), transport
cost (Krugman, 1991b), spatial heterogeneity’s (Rosenthal and Strange, 2001; Ellison et al., 2010), lo-
cal market structure (Glaeser et al., 1992; Combes, 2000) and scale economies. Given the longitudinal
structure in which our data are organized, we explore the characteristics observed and unobserved and
fixed in time specific to each CNAE 3-digit industry. It should be noted that most of the papers when
performing this type of analysis use only cross-section data. Formally the general specification is given
by:

Γmt = α +Xmtβ + Zmtθ + αm + ηst + ǫmt (1)

where Γmt is the location index for industry m and year t ; Xmt is a matrix formed by explanatory
variables discussed below; Zmt is a matrix formed by the control variables; αm are sector-specific fixed
effect in time; ηst is a industry×year effects at 2-digit; and ǫmt is an error term.

The vector of parameters of interest is β, that captures the effects of Marshallian agglomeration forces,
transport cost, spatial heterogeneity’s and competition on industry localization. The first local factor
potentially associated with location patterns of manufacturing activity included is based on Krugman
(1991a)’s model. The model shows that labor pooling can lead to spatial concentration. Consider, for
example, that many firms are locally concentrated because of the abundant supply of local labour. Due
to the large number of firms, the demand for labor at the industry level tends to be more stable that
demand at the firm level, this occurs because while some firms are hiring, others are firing. As aggregate
demand for labor remains relatively stable, local wages tend not to vary much. So the individual firm can
hire more without major changes in labor costs. The idea is that through the concentration of workers
firms can benefit by sharing the risks (see Krugman, 1991a; Duranton and Puga, 2004; Combes and
Duranton, 2006; Ellison et al., 2010). Following the strategy of Overman and Puga (2010), we included
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in our regressions a direct measure for labor pooling that captures how much idiosyncratic volatility is
faced by individual establishments in each sector. By the way it is constructed, this variable captures
risk sharing effects of labor pooling8.

Also in line with one of the fundamental arguments of agglomeration economies, education degree
can be related to patterns of location (Moretti, 2004a, 2004b; Fu, 2007; Duranton, 2016). As Greenstone
et al. (2010) points out, knowledge spillovers can occur by sharing knowledge and skills through the
formal and informal interaction of workers. Through the concentration of skilled workers, firms and
workers can benefit from technological spillovers and the urbanization of high human-capital industries
is evidence for the role that density plays in speeding the flow of ideas (Glaeser and Kahn, 2001). We
include the percentage of workers with at least one college degree in the sector to capture that effect on
the location index.

As established by the model presented by Venables (1996) for sharing intermediate inputs, firms
tend to be more productive when located close to each other to share the same supplier of intermediate
inputs. So, the location of input providers can importantly affect the location decision of firms and
favor agglomeration (see, e.g., Holmes, 1999; Rosenthal and Strange, 2001; Billings and Johnson, 2016).
To include these important effect in our analysis on the location of manufacturing we use detailed
information from Brazilian input–output tables to construct measures of the strength of interactions
between industries. Official input-output tables provided by IBGE are not available for all years of our
sample and are also not aligned with CNAE 2.0. To deal with the absence of annual data, we used the
input-output tables estimated based on the Guilhoto and Sesso Filho (2005, 2010) methodology from
the Brazilian National Accounts data made available by the Nucleus of Regional and Urban Economy
(NEREUS) of the University of São Paulo (USP). As shown by the authors, for the years when the
official tables are available (only 2010 and 2015 in the period of our sample), the estimated tables are
not statistically different from the official ones and are therefore a good alternative.

According to the traditional arguments of location models based on transport costs (Krugman, 1991b;
Fujita et al., 1999), this is an important determinant of firms’ location in space. When inputs are far
away from the eventual market, firms will trade off the distance between customers and suppliers based
on the transport costs (Marshall, 1890). Despite their fundamental theoretical role in spatial location
models, empirically there is little evidence about how transport costs drive the spatial location patterns
of industries (Behrens et al., 2018). Unlike most literature about related subjects, which uses proxies
based on distances or infrastructure for transport costs, Behrens et al. (2018) and Behrens and Brown
(2018) use a direct measure obtained from the Origin-Destination Survey for Canada. The authors
highlight that measuring transport costs directly helps better understand how they affect geographic
patterns of economic activity. Our measure, although not as sophisticated as those presented by the
aforementioned authors, is obtained directly from the freight cost data available at the Annual Industry
Survey (PIA) of IBGE. Basically this variable is given by relative freight costs, i.e., freight costs divided
by the value of industrial production (real values).

Additionally, we also use proxies to capture the effects of spatial heterogeneity and competition
on industrial concentration. First, some regions simply possess better natural environments for certain
industries – a classic example is the natural resource-based industries as manufacture of oil products
and biofuels – and spatial concentration can follow from these natural cost advantages (see, e.g., Ellison
and Glaeser, 1999; Ellison et al., 2010). In a similar way to Rosenthal and Strange (2001), we use the
industry-specific ratio of energy and water expenses to the value of production to measure energy input
cost and water-related costs (both in real values), respectively, for include the importance of natural
advantages associated with proximity to inputs. Second, traditional arguments of externalities models
indicate that the innovator companies realize that some of their ideas will be imitated on by their
neighbors without compensation, therefore, local competition reduces the returns to the innovator. On
the other hand, it also increases pressure to innovate. Thus, the impact of competition on information
spillovers is ambiguous and difficult to separate empirically (see, e.g., Glaeser et al., 1992; Combes,
2000). We include this effect in our empirical model adapted the local competition indicator used by
Glaeser et al. (1992) to our sectoral data, i.e., number of firms per worker in this industry relative to

8More details can be made available upon request.
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the number of firms per worker in all manufacturing industries in the Brazil. A value high means that
this industry has more firms relative to size in the all manufacturing sector.

Finally, using PIA dataset we can get some control variables. The first control variable used is
associated with rental expenses. As highlighted by Dekle and Eaton (1999), the competition for scarce
land in large cities location provides a centrifugal force to offset centripetal agglomeration effects. These
authors point out that for a firm to locate in a region with high costs of land rents, the region should
yield productivity benefits to the firm that are higher than those of regions with lower rents. So, we use
industry-specific ratio of rental expenses to the value of production to control this effect. Our last control
is associated with tax expenses. Adapting Baldwin and Krugman (2004)’s argument to the geographical
context within a country, other things being equal, producers will move to whichever region has the
lowest tax rates. This issue is especially important in Brazil due to fiscal disputes9 between federal
entities (Nascimento, 2008) and because the country has one of the highest tax burdens in the world
(Afonso et al., 2005). So, we use industry-specific ratio of tax expenses to the value of production to
control this effect.

Table 4 summarizes the results of regressions of localization measure at industry-level on proxies for
labor pooling, knowledge spillovers (college degree), input sharing, transport costs, spatial heterogeneity
and competition when we control for other time-varying local factors that can affect the location of
industries and for scale economies captured by the industrial fixed effect. Given the limitations imposed
by our input sharing variable, we estimate each specification with and without this variable. In columns
(1) and (2) we present the results obtained from simple OLS regressions with control variables. As can
be seen in the first column from Table 4, the estimated coefficients for our proxies for labor pooling,
water expenses and competition are positive, while the college, energy expenses and transport costs are
negative, although only the latter two are significant. When we include our input sharing proxy (column
2), the results are similar and the college coefficient appears positive. We can summarize these basic
results as follows: (i) although they are not significant, the parameters associated with Marshallian
external economies via sharing (labor pooling and input sharing) and learning are positive (except
college in column 1); (ii) only with simple specifications, without considering observed and unobserved
characteristics fixed in time specific to the sectors, transport costs appear as a force contrary to industrial
location in line with the Krugman (1991b)’s arguments that high transport cost industries should be
relatively dispersed; (iii) the spatial heterogeneity captured by the coefficients associated with our proxy
for water expenses was not significant, although positive in both columns and there is no evidence that
energy expenses are associated with higher levels of location; (iv) the coefficients associated with our
proxy for competition were also not significant in OLS estimates. These results can be interpreted only
as initial steps, since they do not consider industry characteristics that are associated with concentration
but are not included in the model, which potentially generates omitted variables bias. Besides, of course,
possible endogeneity problems of our regressors. For the first problem, we believe that the longitudinal
structure of our sample can help us to minimize this bias by including the sectoral fixed effect. The second
problem is more delicate and a possible way to address it would be through appropriate instrumental
variables, which is beyond the scope of this work.

In columns (3) to (6) we use FE estimators without and with input sharing variable and sector-
time-specific effects at 2 digit. The coefficient associated to labor pooling variable shows positive and
significant values in all specifications, with and without our input sharing variable and after including
sector-time effects of industries at 2-digit, i.e, on average, plants that face more idiosyncratic shocks
relative to their industry are more spatially localized (Overman and Puga, 2010). These results indicate
a positive association between plan-industry hiring variance and industry concentration according to
the classic Marshall (1890) arguments formalized by Krugman (1991a). This mechanism that favors
industrial concentration is especially important for Brazil due to the high regional mobility and the profile
of migrant workers. In general, migrants are young and more qualified workers seeking the amenities and
greater employment opportunities in the large urban centers of the Southeast region (Barbosa et al.,
2010). This makes large cities where the labour market is more competitive, specialized and dense act as

9When federative units compete to offer greater “comparative advantages” to private initiative by promoting investment
incentives.
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Table 4. Conditionings of manufacturing location

Dependent variable: Γm

(1) (2) (3) (4) (5) (6)
Labor Pooling 0.0030 0.0053 0.0033* 0.0037*** 0.0035* 0.0034**

(0.0049) (0.0033) (0.0018) (0.0014) (0.0019) (0.0016)
College -0.0016 0.0067 0.0193*** 0.0104* 0.0227* 0.0013

(0.0087) (0.0089) (0.0068) (0.0057) (0.0121) (0.0105)
Transport costs -0.3956*** -0.3891*** -0.0817*** -0.0578** -0.0957*** -0.0668**

(0.0860) (0.0839) (0.0292) (0.0232) (0.0328) (0.0273)
Transport costs2 -0.0444*** -0.0434*** -0.0109*** -0.0085*** -0.0132*** -0.0098***

(0.0110) (0.0107) (0.0034) (0.0027) (0.0039) (0.0032)
Water 0.0017 0.0047 0.0039 0.0053* 0.0028 0.0057*

(0.0072) (0.0075) (0.0037) (0.0029) (0.0039) (0.0033)
Energy -0.0130* -0.0100 -0.0029 -0.0064 0.0140 -0.0053

(0.0067) (0.0070) (0.0062) (0.0051) (0.0085) (0.0079)
Competition 0.0031 0.0051 -0.0173*** -0.0200*** -0.0368*** -0.0387***

(0.0062) (0.0065) (0.0062) (0.0053) (0.0103) (0.0093)
Input sharing 0.0174 0.0099 0.0691

(0.0215) (0.0066) (0.1108)
Control variables X X X X X X

3-digit FE X X X X

Industry×year effects[a] X X

F-statistics 7.5233 7.0896 4.8984 8.0894 1.5876 1.3527
R-squared 0.0610 0.0626 0.0534 0.1040 0.3388 0.3192
Observations 892 799 892 799 892 799

Note: The dependent variable is ln(Γm + 1). [a] Industry×year effects at 2 digit (2-digit × year). All
explanatory and control variables are standardized. Heteroskedastic robust errors are given in parentheses.
Significance levels: * p ≤ 0.10; ** p < 0.05; *** p < 0.01. Source: Prepared by the authors based on
estimates.

polarizing centers of firms reinforcing the agglomeration allowing the establishment to better adapt to
productivity shocks. Also in line with the arguments of effects through sharing, the estimated coefficients
for our proxy for input sharing were positive although not significant.

The coefficient estimated for the percentage of college degree in individual industries is also positive
in all specifications and significant in most, except in column (6). This evidences indicates that, on
average, industries are more localized when their workers are more qualified which suggests the presence
of knowledge spillovers, as documented in the literature (see, e.g., Moretti, 2004a, 2004b; Greenstone
et al., 2010), firms may be more productive when located in cities with a larger share of skilled workers,
which favors industrial concentration. The gains through the learning effect in the large ones appear as
a force favoring the location at short distances consistent with the location of these industries in and
between large urban centers (see, e.g., Figure 2).

For transport costs, all coefficients are negative and strongly significant indicating that, on average,
lower transport costs are associated with more relative geographic concentration – in line with findings
about transport costs for Canada (Behrens et al., 2018; Behrens and Brown, 2018) and Russia (Aleksan-
drova et al., 2019). This mechanism is expected to act strongly in Brazil given the characteristics of the
transport infrastructure in the country. Since the 1990s, the road modal accounts for more than 60% of
the total cargo transport in the country (Campos Neto et al., 2011) when we compare this participation
with that of other developed countries of continental dimension such as USA (26%) and Australia (24%)
and in transition such as China (8%) (Bartholomeu and Caixeta Filho, 2008), it becomes evident the
excessive dependence of cargo transport on roads.

The coefficients associated with proxy for spatial heterogeneity for water expenses, were significant
only in some specifications, while for energy expenses it is not significant in all. First, for water expenses
the estimated coefficients are always positive although significant only in columns (4) and (6), which
indicates that, on average, the larger the participation of this resource in the intermediate consumption,
the more localized the industry will be. This may indicate that proximity to natural resources acts as a
force that favors the concentration of industries. Second, the coefficients associated with energy expenses
do not allow us to obtain clear evidence of the importance of the resource for industrial concentration,
and are not significant in specifications with fixed effects. Last, the coefficients associated with our
competition proxy are negative and significant in all specifications with fixed effects. These results
suggest that the effects of competition act in the contrary direction of localization when we control
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specific industry characteristics.

5 Concluding remarks

In this current research we present a detailed analysis about the location patterns of manufacturing
industries in Brazil and, also provide suggestive evidence on the main mechanisms associated with
observed patterns. This analysis contributes to reducing the lack of evidence on the location patterns of
manufacturing industries in developing countries that are still scarce in the literature – available only
for China (Brakman et al., 2017) and Russia (Aleksandrova et al., 2019) – and, provides insights into a
wide range of factors – Marshallian agglomeration forces, transport cost, spatial heterogeneity, market
structure, and scale economies – associated with the spatial localization of industries. Our evidence set
is supported by distance-based measure obtained from microgeographic data for a ten-year period.

In general terms, we can highlight some aspects about the location patterns of manufacturing in
Brazil. First, these evidences point out that Brazilian manufacturing presents higher levels of spatial
location when compared with outher countries in transition (Brakman et al., 2017; Aleksandrova et al.,
2019) and much higher when compared to developed countries (Duranton and Overman, 2005; Koh and
Riedel, 2014; Behrens and Bougna, 2015). Second, when we consider the technological heterogeneity of
the industries, we find that high-tech industries are more located at short distances (78% of industries)
than low-tech ones (50%). Last, we present evidence about the relationship between location patterns
(index of location, Γm) and the Marshallian agglomeration forces, transport cost, spatial heterogene-
ity and, market structure when we control for the observed and unobserved characteristics specific to
industries fixed in time and other control variables.

Our evidence provides a new insight into the location patterns of manufacturing not available in
previous studies for Brazil and allows a more detailed analysis by overcoming limitations of more tradi-
tional concentration measures. This information generates more in-depth knowledge about the location
and the mechanisms associated with it that can serve as inputs for the formulation of regional and
urban development public policies in the country. In addition, also suggests different ways to continue
exploring this questions in the country. For example, in identifying industry clusters, we perceive dif-
ferent patterns associated with the technological levels of plants. This is an issue that can be explored
in more detail through the analysis of the location patterns of individual sectors. Also can explore the
co-agglomeration patterns among manufacturing industries. More detailed analyses of location patterns
by size and export status are also welcome. Besides that more work exploring the identification of the
causes of the industry’s spatial concentration is needed. All these points make up our research agenda.
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Afonso, J. R. R., Araújo, E. A., and Biasoto Júnior, G. (2005). Fiscal space and public sector investments
in infrastructure: a Brazilian case-study.

Aleksandrova, E., Behrens, K., and Kuznetsova, M. (2019). Manufacturing (co) agglomeration in a
transition country: Evidence from Russia. Journal of Regional Science.

Almeida, E. T. and Rocha, R. M. (2018). Labor pooling as an agglomeration factor: Evidence from the
Brazilian northeast in the 2002–2014 period. EconomiA.
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