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Complexity-based diversification strategies: a new 
method for ranking promising activities for regional 
diversification

João P. Romero a, Elton Freitas b, Fabrício Silveira a, Gustavo  
Britto a, Fernanda Cimini a and Frederico G. Jayme Jr. a

ABSTRACT
Following the increasing upsurge in works using economic complexity to devise smart diversification 
strategies, this paper proposes a new complexity-based method to be used by policymakers to rank 
promising activities for short, medium and long-term diversification. After reporting the positive impact 
of regional complexity on employment and gross domestic product (GDP) per capita growth for Brazilian 
regions, the paper assesses the potential of the smart diversification score (SDS) to increase regional 
complexity. Looking backwards, the paper finds that SDS can predict up to 39.4% of the diversification 
of 1033 Brazilian cities that have increased complexity between 2007 and 2018. Looking forward, the 
paper calculates the SDS for the city of Belo Horizonte, suggesting a portfolio of related and unrelated 
activities, finding high potential gains to be obtained following alternative paths.
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1. INTRODUCTION

Economic development is intrinsically related to structural change. The classical literature on econ
omic development highlights the importance of increasing the share of manufacturing in the econ
omy, while reducing the share of agriculture (e.g., Furtado, 1964; Hirschman, 1958; Kaldor, 1966; 
Prebisch, 1962; Schumpeter, 1934). Structural change, therefore, involves learning and mastering 
new economic activities. As technology evolved, some sectors became more science-based than 
others and markets for manufacturing products changed markedly. Accordingly, modern approaches 
to economic development started stressing the importance of moving into high-tech manufacturing 
for sustainable development (e.g., Lundvall, 1992; Nelson, 1993; Romero & Britto, 2017).

With the rapid changes in science and technology observed in the past few decades, high-tech 
manufacturing industries have become increasingly more heterogeneous, requiring highly 
specialised knowledge. The path-breaking work of Hidalgo et al. (2007) explored fine-grained 
international trade data to build a network that interconnects products according to the 
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probability of competitive co-production. This network, the Product Space, indicates the proxi
mity of the productive knowledge required to produce each pair of goods. Moreover, it makes 
it clear that development is heavily path-dependent due to the differences in accumulated knowl
edge between economies. As Britto et al. (2019) have shown, the shape of the Product Space has 
gradually changed over time, with clusters of products becoming clearer and more separated. 
This illustrates the increase in specialised knowledge that led to higher separations between man
ufacturing fields.

Exploring even further the information contained in disaggregate international trade data, 
Hidalgo and Hausmann (2009) showed that the ubiquity of the competitive production of differ
ent goods varies markedly. Furthermore, they also showed that the level of diversification of each 
economy is associated with its level of income per capita. Combining these two raw measures, the 
authors created the product complexity index (PCI) and the economic complexity index (ECI). 
The former indicates the amount of productive knowledge required to produce each good com
petitively. The latter indicates the amount of productive knowledge available in each economy. 
Hausmann, Hidalgo, et al. (2014) provided evidence that indicates that increasing economic 
complexity predicts considerably higher growth rates of income per capita in the future, even 
after controlling for several additional variables.

In parallel to the development of the economic complexity literature, several studies have 
also investigated the importance of diversification for regional development. Glaeser et al. 
(1992) have provided seminal evidence of the importance of regional diversification vis-à-vis 
specialisation for employment growth. A few years later, Frenken et al. (2007) showed that 
it is diversification into related activities that contributes to employment growth, while diver
sification into unrelated activities contributes to increased regional resilience, reducing unem
ployment growth.

In the last few years, therefore, some works have been combining the evidence on regional 
diversification with the evidence of the importance of economic complexity for regional 
development. At the regional level, patent and employment data have been used to compute 
economic complexity indicators. Balland et al. (2019), for example, use patent data to 
measure local technological knowledge, using the same methods proposed by Hidalgo et al. 
(2007) and Hausmann, Hidalgo, et al. (2014). The authors found that related diversification 
increases the probability of becoming competitive in a given industry. Moreover, 
the authors used this finding to guide the formulation of regional smart specialisation 
strategies.

Despite the mounting evidence on the importance of related diversification for regional 
growth, to the best of our knowledge, no study has yet investigated whether economic complexity 
is associated with gross domestic product (GDP) per capita and employment growth at the city 
level in developing countries. In the specific case of Brazil, Geleti et al. (2021) have investigated 
the importance of economic complexity for regional diversification, while Teixeira et al. (2022) 
have tested the impact of economic complexity, calculated using export data, on GDP growth, 
but only at the state level. Queiroz et al. (2023) have tested the effect of economic complexity 
on employment growth for Brazilian states, while Chávez et al. (2017) have used employment 
data to test the relationship between economic complexity and GDP per capita growth for Mex
ican states. Furthermore, even for developed countries the evidence is still scarce (Davies & 
Maré, 2021; Li & Rigby, 2023).

The reasoning for this analysis is straightforward. Although related diversification is found to 
be important for regional growth, diversification into more complex activities is crucial, as found 
in the literature on economic complexity at the country level. Furthermore, the high correlation 
between measures of industry cohesion, such as regional density (Hausmann, Hidalgo, et al., 
2014) and economic complexity, provide initial evidence that it might be relevant for regional 
development.
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The realised potential of the economic complexity approach has been shown by Hidalgo 
(2021), who stressed that the literature has branched out considerably towards many different 
areas and issues. In one branch of this literature, recent studies have been using indicators 
based on the economic complexity methodology to guide the design of development policies. 
Hausmann and Chauvin (2015) used a series of indicators constructed based on economic com
plexity and relatedness between products to identify promising sectors for the development of 
Rwanda, while Hausmann, Hidalgo, et al. (2014) used a similar methodology to identify diver
sification possibilities for Uganda. Soon after the research moved to the analysis of the diversi
fication possibilities of regions in Panama (Hausmann et al., 2017), Brazil (Romero and Silveira, 
2019; Queiroz et al., 2023), Mexico (Hausmann et al., 2020a) and Argentina (Hausmann et al., 
2020b).

Nonetheless, there is still considerable room for improvement in the methods used to 
identify promising activities for economic diversification, as stressed by Hidalgo (2023). 
Most of the studies have sought to combine several variables to identify promising 
activities attributing ad hoc weights to each of them. Yet, using a better method to 
establish the weights of each variable would most likely improve the quality of the identified 
activities.

This paper provides three contributions to the literature on economic complexity and 
regional development using data from Brazilian municipalities and microregions. First, it pro
poses a new method to rank promising activities to be targeted by regional development pol
icies, providing two improvements to previous works: (i) the method combines a series of 
indicators, as proposed by Hausmann et al. (2017), but uses weights estimated using principal 
component analysis and (ii) it identifies promising activities for short, medium and long-term 
diversification proposing a balanced portfolio between related and unrelated activities. This 
methodology is illustrated using the example of the Brazilian city of Belo Horizonte. A second 
contribution of the paper is to report econometric regressions of the impact of regional econ
omic complexity, estimated using employment data from Brazil, on the growth rates of GDP 
per capita and of formal employment per capita. These regressions investigate whether the 
results found by Hausmann, Hidalgo, et al. (2014) are also valid at the regional level. To 
the best of our knowledge, this is the first paper to perform such analysis for Brazil at the 
most granular spatial units. Third, using the estimates of the relation between economic com
plexity, income and employment, it presents projections of the potential gains to be obtained 
following different development paths.

The remainder of the paper is organised as follows. Section 2 presents a literature review on 
economic complexity and regional development. Section 3 presents the methodology for devising 
complexity-base smart diversification strategies. Section 4 presents the empirical investigation on 
the relationship between economic complexity, GDP per capita and employment growth. Sec
tion 5 discusses the application of the methodology for the case of the city of Belo Horizonte. 
Section 6 present the concluding remarks.

2. REGIONAL ECONOMIC COMPLEXITY AND REGIONAL 
DEVELOPMENT

2.1. Economic complexity
The seminal paper by Hidalgo and Hausmann (2009) proposed to calculate the complexity of 
products and countries based on information on the diversification of economies and the ubiquity 
of products. The level of diversification of each country is defined as the number of products the 
country produces with revealed comparative advantage (RCA) above one, while the level of ubi
quity of each good is defined as the number of countries that produce the good with RCA above 
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one. Formally:

RCAcp =
xcp/

􏽐
p xcp

􏽐
c xcp/

􏽐
c
􏽐

p xcp
(1) 

Diversification = kc,0 =
􏽘

p
Mcp (2) 

Ubiquity = k p,0 =
􏽘

c
Mcp (3) 

where x denotes the export quantum, while subscripts c and p denote country and product, 
respectively. M is a dummy variable which equals one if country c exports the good p with 
RCA, and zero otherwise. An RCA above one shows that the country is competitive in the pro
duction of the good, while the opposite holds if the index is below one.

Hidalgo and Hausmann (2009) showed that there is a strong positive association between 
diversification and income per capita. In addition, they showed that diversification and ubiquity 
are negatively correlated, which suggests that countries that are more diversified tend to produce 
goods that are less ubiquitous.

Based on the information from these indexes, Hidalgo and Hausmann (2009) calculate a pro
duct complexity index (PCI) and an economic complexity index (ECI). A country with a high 
level of diversification is considered less complex if the products produced competitively (with 
RCA) present high ubiquity. Analogously, a product with a low level of ubiquity is considered 
more complex if it is produced by countries with high diversification. Consequently, by repeating 
this process and performing continuous iterations between the two indexes it is possible to extract 
more refined information about the economic complexity of each country and product. Formally:

kc,N = (1/kc,0)
􏽘

p
Mcpk p,N − 1 (4) 

k p,N = (1/k p,0)
􏽘

c
Mcpkc,N − 1 (5) 

where N denotes the number of iterations.
Substituting (4) into (5) yields:

kc,N =
􏽘

c′
M̃cc′kc′,N − 2 (6) 

where M̃cc′ =
􏽐

p
(McpMc′p)/(kc,0k p,0) and c’ denote other countries besides c.

Equation (6) is satisfied when kc,N = kc,N − 2 = 1. This is the eigenvector associated with the 
highest eigenvalue of M̃cc′ , which is formed of ones and, therefore, is uninformative. Conse
quently, the eigenvector associated the second highest eigenvalue ( 􏿻K ) of M̃cc′ is used to capture 
the highest part of the variance. Hence, ECI is calculated as:

ECI = 􏿻K − 􏿻K
􏽄 􏽅􏼐 􏼑

/sd( 􏿻K ) (7) 

where < > denotes the average and sd denotes the standard deviation.
An analogous procedure is used to calculate PCI, but substituting (5) in (4) and using the 

eigenvector associated with the second highest eigenvalue (􏿻Q) of the matrix M̃ pp′ :

PCI = 􏿻Q − 􏿻Q
􏽄 􏽅􏼐 􏼑

/sd(􏿻Q) (8) 
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Following their seminal results, a series of papers explored other effects of economic complexity. 
Hausmann, Hidalgo, et al. (2014) provided evidence that indicates that increasing economic 
complexity predicts considerably higher growth rates and levels of GDP per capita in the future, 
even after controlling for a series of additional variables. Hartmann et al. (2017), found evidence 
that economic complexity is correlated with lower income inequality. Mealy and Teytelboym 
(2021) and Romero and Gramkow (2021) found strong evidence indicating that increasing econ
omic complexity contributes to reduce greenhouse gas emissions and other environmental 
impacts.

2.2. Product space
The pathbreaking paper of Hidalgo et al. (2007) explored whether the sectoral composition of 
each country’s competitive exports influences the path of its structural transformations. In this 
paper the authors explore the idea that each country’s productive structure influences its growth 
and development possibilities, stressing the path-dependence of knowledge and capabilities 
accumulation. Hidalgo et al. (2007) assume that the probability of producing two products 
that require similar capabilities for their competitive production is higher than the probability 
of producing two goods that require different capabilities. The proximity between two products 
(p and j) is given by:

w p,j = min{P(RCAj = 1|RCAp = 1), P(RCAp = 1|RCAj = 1)} (9) 

Adopting a threshold value for proximity, the authors established the active links between pro
ducts, creating a network that they called Product Space. In this network, products that use similar 
capabilities for their competitive production tend to form clusters. Moreover, complex products 
tend to be located towards the centre of the network, while least complex products tend to locate 
towards the fringes.

Using the Product Space, Hidalgo et al. (2007) showed that, on average, less developed 
countries produce goods with a limited number of links. This restricts these countries’ diversifi
cation possibilities, making it more costly for these countries to move towards the production of 
more complex products. The opposite holds true for developed ones. Hence, they show that 
different countries face different opportunities to diversify their economies and increase their 
economic growth, given their distinct productive structures and associated capabilities. More
over, these results indicate that achieving competitiveness in the production of complex goods 
takes time, since it requires learning new capabilities (Hidalgo et al., 2007, p. 487).

Seeking to explore the implicit information contained in the Product Space, Hausmann, 
Hidalgo, et al. (2014) developed an indicator that measures the ease of acquiring competitiveness 
in any given industry as a function of existing capacities in the economy. This indicator would 
help to identify new diversification possibilities based on the implied costs associated with the 
acquisition of the new capabilities required for performing new activities competitively. This 
index, called product density index (PDI), measures the proximity of a given product to the coun
try’s current production structure (products with RCA), indicating the difficulty (or cost) of 
achieving RCA in this product. Hence, this measure reflects the amount of new productive 
knowledge that a region needs to acquire to be able to produce and export a particular product 
with RCA. Formally:

PDI pct =

􏽐
p Mict w pi
􏽐

p w pi
(10) 

Hausmann, Hidalgo, et al. (2014) also proposed a second indicator, called the opportunity gain 
index (OGI). This index measures the gains that achieving RCA in any given good brings in terms 
of facilitating the production of more complex goods that were not previously produced/exported 
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competitively in this economy. Formally:

OGI pct =
􏽘

p

(1 − Mcit)w piPCIit
􏽐

p w pi
− (1 − PDI pct)PCI pt (11) 

A high value in the OGI, therefore, indicates that the product under investigation is closer to 
complex products. Hence, this index can be used to devise policies that aim to increase an econ
omy’s economic complexity by considering several rounds of diversification into progressively 
more complex goods.

2.3. Activity space
At the regional level using export data to measure economic complexity is highly problematic 
since transactions between regions within the same country are not computed. Furthermore, 
economic interactions between neighbours are stronger at the regional level, making knowledge 
spillovers more relevant. In addition, in regions services play a more prominent role, so that it 
becomes more relevant to take these activities into account.

To solve these issues, some studies have been using employment or patent data instead of 
trade data to calculate the indicators of economic complexity. Using employment data has one 
additional advantage: it makes it possible to use information on the number of occupations 
within companies or regions to measure proximity through occupational similarities (Farjoun, 
1994, p. 188). Moreover, a growing number of works have been using occupations and skill to 
measure regional complexity, finding evidence of its relevance for regional diversification and 
growth (e.g., Buyukyazici et al., 2023; Lo Turco & Maggioni, 2022).

Following Freitas (2019), from the concept of co-occupation it is possible to estimate the 
proximity of activities with similar jobs and build the complexity indicators through employment 
data. First, we define the indicator of effective occupations (EO), analogous to the revealed com
parative advantage index (RCA), as the basis for calculating the complexity indicators using 
employment data. Formally:

EOs,o =
emps,o/emps

empo/emp (12) 

where emps,o is the employment of occupation o in sector s and emps is the total employment of 
sector s in the country. In addition, empo is the total employment of the occupation o in the 
country and emp is the total employment in the country.

Thus, if the EO indicator is equal or greater than one, the contribution of occupation o 
in sector s is greater than the participation of occupation o in the country. Hence, the 
sector in question effectively employs such an occupation. Otherwise, if EO is less than 
one, the conclusion is that the sector does not effectively employ this occupation in the ana
lysed location.

Using the EO indicator it is possible to estimate the proximity between activities and for an 
Activity Space. Proximity is calculated as the probability of an industry employing a certain occu
pation, given that another industry also employs that occupation. This represents a different way, 
although similar, of measuring the similarities between industries in terms of occupations. Thus, 
following Freitas (2019), Equation (9) can be adapted to establish the relationship between 
activities s and i replacing RCA by EO.

The strategy of using co-occurrence of occupations in each industry was employed to establish 
the links between industries because this method resulted in a more coherent description of the 
connections between sectors than the links established though co-occurrence of industries with 
RCA in each region.
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2.4. Regional development
Understanding how new regional growth paths emerge has been repeatedly raised by economic 
geographers as one of the most intriguing and challenging questions in the field (Martin & Sun
ley, 2006; Scott, 1988; Storper & Walker, 1989). After all, the industrial history of regions is 
expected to affect how regional structures give rise to new activities over time, and how they 
transform and restructure their economies.

The issue of structural change in regional and urban economics gained new impetus through 
recent reassessments of the works of Jane Jacobs and Alfred Marshall. Glaeser et al. (1992) pro
vided important contributions to the framework of agglomeration economies, by presenting evi
dence of the economic importance of the diversification of urban areas. Henderson et al. (1995) 
found that new industries, especially the high-tech, entered diversified cities where Jacobs’ 
externalities were available, while mature industries benefited more from location externalities 
generated in more specialised cities. According to Simões and Freitas (2014), Jacobs’ externalities 
are more relevant in sectors of high technological intensity, while sectors with low and medium 
technological intensity benefit more from locating in medium-sized urban centres, relatively less 
diversified.

Jacobs’ main argument for new industries benefiting from diversified urban economies was 
that urban diversity prompts the division of labour in the city. However, the division of labour 
contributes to urban growth due to its effect on opportunities for innovation, and not so 
much due to its effect on technical efficiency. This fits very well into the Schumpeterian concept 
of innovation as successful new combinations of productive forces, i.e., old ideas.

Cognitive theory, however, emphasises a trade-off between diversity and similarity. Although 
cognitive proximity (overlapping competencies) facilitates communication between agents, only 
the ones who do not share overlapping competencies and knowledge can offer something new to 
be learned by its counterpart (Nooteboom, 2000). Hence, the fact that social learning may 
require an optimal level of cognitive distance may explain why, after several empirical studies, 
the evidence on the effects of Jacobs externalities is still inconclusive (De Groot et al., 2009).

Regional knowledge spillovers only happen between certain industries, since more effective 
communication is often hampered by cognitive distance. Recently, several authors have suggested 
that industries are more likely to learn from each other when they are technologically related 
(Almeida & Kogut, 1999; Boschma & Frenken, 2009, 2011; Gilsing et al., 2007). Thus, a diver
sified portfolio of technologically related industries should be more beneficial for regional growth 
than a diversified portfolio of industries in a broad range of technological areas, given that it is the 
combination of distance and cognitive proximity that brings together the positive sides of diver
sity and similarity across industries.

Frenken et al. (2007) argue that regions with a greater degree of variety in related industries 
present more learning opportunities and, consequently, higher dissemination of local knowledge. 
Using data for the Dutch economy, the authors show that regions with a higher degree of ‘related 
variety’ present higher employment growth. The same result was also found for other countries 
(Bishop & Gripaios, 2009; Essletzbichler, 2005). Moreover, Boschma and Iammarino (2009) 
argue that related variety can also flow from one region to another through commercial links 
between industries. Using regional trade data, the authors show that inter-regional knowledge 
flows are associated with regional employment growth, when these come from industries related 
to industries in the region.

According to Boschma and Frenken (2009), the process through which new activities arise 
from technologically related industries can be termed ‘regional branching’. The reason this pro
cess of regional branching takes place is that new industries can connect to existing ones through 
various knowledge transfer mechanisms. These mechanisms are: (i) diversification of firms; 
(ii) entrepreneurship in the form of spinoffs; (iii) mobility of workers and (iv) social networks. 
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The branching process is essentially a regional phenomenon, as these mechanisms operate pri
marily, although not exclusively, at the regional level, that is, within subnational regions rather 
than across regions.

Nonetheless, despite the mounting evidence on the importance of related diversification for 
regional growth, the number of papers that have investigated the importance of economic com
plexity for regional development is relatively lower than the ones on technology complexity or 
related diversification (Balland et al., 2022). At the regional level, patent and employment 
data have been used to compute economic complexity indicators, since exports are not as infor
mative as they are at the national level because trade between regions within the same country is 
not computed.

Balland et al. (2019), for example, use patent data to measure local technological knowledge, 
employing the same methods proposed by Hidalgo et al. (2007) and Hausmann, Hidalgo, et al. 
(2014). Using data from the European Union, the authors found that higher knowledge com
plexity and related diversification increase the probability of becoming competitive in a given 
industry. Moreover, the authors used these findings to guide the formulation of regional smart 
specialisation strategies. Nonetheless, they do not test the impact of technological complexity 
on regional GDP per capita growth. This investigation was carried out by Li and Rigby 
(2023) who, using patent data, provided evidence that the technological complexity of Chinese 
regions had a positive and significant impact on GDP growth.

Using employment data from Mexican states, Chávez et al. (2017) found that economic com
plexity predicted higher GDP per capita growth. In a similar analysis using employment data 
from New Zealand, Davies and Maré (2021) found that economic complexity and relatedness 
impacted on employment growth, but only in large cities.

In the case of Brazil, specifically, Geleti et al. (2021) used employment data from Brazil to 
calculate the skill relatedness between activities. They tested the relationship between skill relat
edness, entry, exit and employment growth in a panel of microregions and found that relatedness 
is in general positively associated with entry and employment growth, and negatively associated 
with exit. Moreover, they also found a similar association between economic complexity, entry, 
exit and employment growth. As in the case of Balland et al. (2019), Geleti et al. (2021) did not 
test the impact of economic complexity on regional GDP per capita growth either. Using export 
data from Brazilian states, Teixeira et al. (2022) found that economic complexity had a positive 
and significant impact on GDP growth, while Queiroz et al. (2023) found that economic com
plexity predicted higher employment growth. Both studies, however, used a high level of aggre
gation for economic activities (CNAE at two digits). Finally, Gao et al. (2021) apply the 
economic complexity methodology using employment data from both China and Brazil, to 
show that knowledge spillovers are relevant at the regional level, and that improving transport 
infrastructure helps increasing these spillovers and the productive diversification they foster.

Despite this evidence, however, no paper has yet explored whether economic complexity is 
associated with GDP per capita and employment growth at lower regional levels (municipality 
and microregion) in Brazil. The reasoning for this investigation is straightforward. Although 
related diversification is found to be important for regional employment growth, diversification 
into more complex activities might also be relevant for regional development, as found in the lit
erature of economic complexity at the country level. Furthermore, the high correlation between 
measures of industry cohesion such as regional density and economic complexity provide initial 
evidence that economic complexity might be relevant for regional development.

Finally, several works have used economic complexity and relatedness indicators to identify 
promising activities for regional development. The first of such works was Hausmann, Hidalgo, 
et al. (2014), which used a series of indicators constructed based on economic complexity and on 
relatedness between products to identify promising sectors for the development of Uganda. 
Hausmann and Chauvin (2015) and Romero and Freitas (2018) used a similar method to 
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identify promising sectors for the development of Rwanda and Brazil, respectively. Hartmann 
et al. (2019), on the other hand, explored different rules to establish diversification strategies 
for Paraguay, taking into account not only their growth prospect but also their impact on redu
cing inequality. Moreover, similar approaches have also been applied to the analysis of the diver
sification possibilities of regions in Panama (Hausmann et al., 2017), Brazil (Romero and 
Silveira, 2019; Queiroz et al., 2023), Mexico (Hausmann et al., 2020a) and Argentina (Haus
mann et al., 2020b).

Moreover, economic complexity indicators have also been used to analyse and propose smart 
specialisation policies. Balland et al. (2019), for instance, proposed a framework for the European 
smart specialisation policy based on relatedness and complexity indexes calculated using patent 
data. Buyukyazici et al. (2023), on the other hand, used measures of skill relatedness and skill 
complexity to assess the European smart specialisation policy, and found that regions have 
been focusing more on skill relatedness than on skill complexity.

As stressed by Pinheiro et al. (2022a; 2022b), however, there is a downside in related diver
sification. Countries and regions at low levels of economic complexity tend to diversify into low- 
complexity activities while the opposite holds true for countries and regions at high levels of com
plexity. This tends to increase income disparities. Hence, it becomes crucial for underdeveloped 
regions to implement unrelated diversification in order to improve their development paths. Yet, 
as Pinheiro et al. (2022b) has shown, unrelated diversification becomes more relevant for 
countries with intermediate complexity levels. This evidence is directly connected to the 
middle-income trap literature. Hartmann et al. (2021) show that while some countries managed 
to perform this transition, most were not able to do so. Hence, as stressed by Hidalgo (2023), 
development policies should focus both on related and unrelated diversification, although at 
different proportions in different moments of the development trajectory of the country.

The main contribution of this paper to this literature is to propose a method to improve the 
selection of promising sectors for regional diversification in two ways: (i) by using principal com
ponent analysis to weight the variables considered and (ii) by dividing promising activities into 
different subgroups in order to promote both related and unrelated diversification, organised into 
short, medium and long-term strategies.

3. COMPLEXITY-BASED DIVERSIFICATION STRATEGIES

3.1. Database
The empirical investigation presented in this paper is based on employment data for the muni
cipalities and microregions of Brazil over the period 2006–2017. Employment data used for the 
construction of the Activities Space and of the economic complexity indicators of local activities 
come from RAIS (Annual Report of Social Information), of the Brazilian Ministry of Employ
ment. The database provides information on the number of employees by economic activity 
classified according to the CNAE (version 2.0) classification and by occupation within each 
activity at both regional levels explored here. The CNAE classification comprises 672 activity 
classes from all sectors (services, manufacturing and agriculture). Moreover, employment is 
divided into 596 occupations within each activity. The database covers the 5570 Brazilian muni
cipalities, which are grouped into 558 microregions, which represent the effective economic areas 
according to IBGE (Brazilian Institute of Geography and Statistics).

Brazilian foreign trade data were gathered from SECEX and UN COMTRADE classified 
by product according to the Mercosur Common Nomenclature (NCM) classification. Import 
data was used as a proxy of the demand for the output of each activity. A correspondence 
table provided by IBGE was used to associate NCM products to economic activities classified 
by CNAE (version 2.0). Four-year averages of the variables were calculated to smooth short-term 
fluctuations and reduce eventual measurement errors. Year 2006 was dropped from the analysis.
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3.2. The Brazilian activity space
Using the employment information from the RAIS database it is possible to build the Activity 
Space for Brazil following the methodology presented in Section 2.3. The network,1 displayed 
in Figure 1, presents the active links between the activities from the CNAE classification, so 
that each node represents an activity. Figure 1 shows that manufacturing activities (in brown) 
and modern services (in dark green) are more connected and localised towards the centre of 
the network, highlighting their importance for diversification and development.

3.3. Smart diversification score
Several studies have sought to use the indicators discussed in the previous section to devise 
diversification policies (e.g., Hausmann et al., 2017; Hausmann & Chauvin, 2015; Romero 
& Freitas, 2018). These studies gathered a series of variables related to three relevant dimen
sions related to each product not exported with RCA: (i) Markets; (ii) Capabilities and (iii) 
Gains (in terms of economic complexity). The variables were then normalised and put together 
in a weighted sum to generate a score of promising industries to be fostered through devel
opment policies. The main problem with this methodology is that the weights attributed to 
each variable are completely arbitrary. Hence, in this paper, we seek to solve this problem 
and improve the economic complexity smart diversification score by using principal component 
analysis (PCA).

PCA is used to explain the structure of variance and covariance of a random vector, composed 
of p-random variables, through the construction of a linear combinations of the original vari
ables. It allows the researcher to reorient the data so that the first few dimensions explain as 
much information as possible. The individual main components are linear combinations of ran
dom variables X1, X2, Xn. Geometrically, these linear combinations represent the selection of a 
new coordinate system obtained by rotating the original system with X1, X2, Xn as the coordinate 
axes. Hence, PCAs are used to discover and interpret dependencies that exist between variables 
and to examine relationships that may exist between individuals.

The procedure carried out to estimate the weights of the variables followed a series of steps. 
First, sub-samples of municipalities/microregions were defined based on the characteristics of 
their productive structures in terms of high/low density and complexity. Second, the weights 

Figure 1. Activity space for Brazil
Source: Authors own elaboration based on employment data from RAIS.
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attributed to each variable within each dimension (Capabilities, Markets and Gains) were defined 
by applying the PCA method. It was decided to keep the ‘n’ components generated that cumu
latively explained at least 80% of the variance of each one of the dimensions.

Table 1 shows the variables considered to calculate the smart diversification score (SDS) 
and the weights estimated using PCA, which was carried out considering the sample of 
municipalities/microregions belonging to the high-density (average PDI > median PDI) and 
high-complexity (ECI > 0) quadrant and which presented growth in the ECI in the three 
periods evaluated in this research. In other words, only the information of a relevant subgroup 
of regions was used to calculate the weights. In this case, considering that the score would be 
applied to a region in the high-density and high-complexity group. To calculate the weights, 
the variables referring to the most recent period available in the database were used, from 
2015 to 2018.

To assess the predictive capacity of the SDS proposed in this paper, we investigated the 
capacity of the rule to predict the activities that acquired RCA in municipalities that presented 
an increase in their economic complexity during the period under analysis. First, we created 
rankings for the activities identified as promising by each of the SDS in period 1. Then, 
we selected the industries in which the municipalities that have increased their ECI did not 
have RCA in period 1 (2007 to 2010) and achieved RCA in period 3 (2015 to 2018). Finally, 
from the number of activities found in the previous step, we verified how many of them were 
on the top of the ranking built using the SDS. The limit was defined by the number of 
activities that transitioned from RCA < 1 to RCA > 1. For example, if a municipality X had 
14 activities that had reached RCA > 1 in period 3, we evaluated the top 14 activities indicated 
by the SDS to identify how many of the activities were correctly identified as promising. 
Similarly, if a municipality Y had 30 activities that reached RCA > 1 in period 3, we verified 

Table 1. Variables considered in the smart diversification score (SDS).

Dimensions Weights Indicators
Weights via 

PCA

Capabilities 0.33 Employment 0.359

Revealed comparative advantage (RCA) 0.583

Employment growth rate 0.058

Markets 0.33 Imports (municipality/microregion) 0.104

Revealed comparative disadvantage (RCD) (municipality/ 

microregion)

0.040

Import growth (municipality/microregion) 0.042

Imports (state) 0.120

Revealed comparative disadvantage (RCD) (state) 0.093

Import growth (state) 0.216

Imports (country) 0.132

Revealed comparative disadvantage (RCD) (country) 0.102

Import growth (country) 0.150

Gains 0.33 Activity density index (ADI) 0.216

Activity complexity index (ACI) 0.293

Opportunity gain index (OGI) 0.271

Number of connections in the network 0.220

Source: Authors own elaboration.
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the top 30 activities indicated by the SDS. From these comparisons we calculated the 
average rate of success the score as the ratio of the number of activities found in the final 
step of the process in relation to the total number of new activities with RCA for each 
municipality.

Table 2 shows the mean percentages of correct predictions for the SDS in comparison to the 
activities identified as promising using equal weights for each variable (within each dimension) 
instead of the weights calculated using PCA. Column 1 shows the percentages of the two rules if 
applied to all municipalities. Both rules have a similar rate of correct predictions, around 30%, 
which indicates that about one in every three activities that actually obtained RCA in period 3 
were targeted as promising by the rules. Column 2 presents the percentages only for the sectors 
that gained RCA in period 3 and that had PCI > 0, that is, above average. As can be seen, in this 
case the results improve considerably: the SDS predicts 39.4% of the activities, 1.4 percentage 
points better than the rule that applies equal weights to all variables. The same pattern is observed 
in columns 3 and 4. The difference is that now the rates are assessed considering only the muni
cipalities with high density and high complexity, which was the subsample used to calculate 
weights using PCA. The results are similar to the ones found in columns 1 and 2, with similar 
improvements found.

The results suggest the importance of the refinements carried out in the research, indicating 
that the use of weights calculated via PCA increase the proportion of sectors predicted as prom
ising by the scores and that effectively achieved RCA in municipalities where an increase in econ
omic complexity was observed.

It is important to note, however, that the assessment presented in Table 2 does not indicate 
the quality of the proposed smart diversification strategy (SDS). It is very likely that the percen
tages reported in Table 2 are relatively low because the actual diversification path followed by the 
municipalities that have increased their complexity is in fact sub-optimal in relation to the diver
sification path proposed by the SDS. In other words, the percentages might be low not because of 
a problem of the SDS, but because of its quality. This is made clear by the comparison of columns 
1 and 3 with columns 2 and 4. The percentage of correct predictions of the SDS increases with 
the introduction of a filter to focus on activities with a product complexity index (PCI) above 
average. This shows that without this filter the percentage is lower because there has been in 
fact more diversification towards activities with below average complexity than what would be 
desirable.

Table 2. Assessment of the smart diversification score (SDS) for municipalities with increasing 
economic complexity index (ECI).

Test 1 Test 2 Test 3 Test 4

All 
municipalities

All municipalities 
& Products with 

PCI > 0

All municipalities 
with high density 

and high ECI

All municipalities with 
high density and high 
ECI & Products with 

PCI > 0

Ranking 1 

(equal 

weights)

31.6% 38.0% 30.6% 35.7%

Ranking 2 

(PCA weights)

30.5% 39.4% 30.0% 37.0%

Number of 

observations

4440 1033 635 362

Source: Authors own elaboration.
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3.4. Alternative strategies
To improve even further the smart diversification strategies established following the score pro
posed in the previous sub-section, activities were classified according to four strategies, following 
a classification proposed by the Brazilian National Export Plan (2015–2018), namely: (i) Recov
ery, (ii) Consolidation and (iii) Strategic Bets. The scores were used to rank the most promising 
sectors within each of these strategies. The purpose of this ranking is to bridge the gap between 
the proposed methodology for the selection of promising sectors and different smart diversifica
tion strategies, based on extra information about characteristics of local competitiveness and of 
sectoral market dynamics.

Table 3 shows the parameters of the proposed typology and strategies. Through the typology 
presented in Table 3 it becomes possible to outline short, medium and long-term development 
strategies. Notice that a fourth type was included: Maintenance. The latter is not considered a 
development strategy since these are well developed in the municipality/microregion. This sub
group is introduced to stress the importance of keeping the competitive position of the region in 
these key activities.

It is important to stress that the criteria listed in Table 3 represent a second layer, applied after 
determining the promising activities using the smart diversification score (SDS) presented in 
Table 1. Short-term strategies should focus on strengthening activities classified as Recovery, 
since it encompasses sectors that were once competitive in the municipality but are now declining 
in the region. The Consolidation strategy is associated with medium-term development strategies, 
since it focuses on sectors that the municipality already has a certain level of competitiveness in but 
does not yet have RCA. Finally, the Strategic Bets strategy is associated with long-term strategies, as 
it considers promising high-complexity sectors in which the region’s competitiveness is still low.

It is crucial to note that the different strategies aim to create a portfolio of activities that take 
both related and unrelated activities. While the short and medium-term activities associated with 
the Recovery and Consolidation strategies promote related diversification, the long-term activities 
associated with the Strategic Bets strategy are more focused on unrelated diversification. 
Although this is not explicit in the rules presented in Table 3, it is well known that for regions 
that do not present high economic complexity, activities with lower RCA, tend to be the ones 
with higher complexity. This information, along with the others, is nonetheless considered 
through the ranking constructed using the smart diversification score.

Table 3. Smart diversification strategies – subgroups.
Subgroups Definition Parameters

Maintenance Sectors that are well positioned in the market and 

have a comfortable situation in relation to their 

main competitors

RCA >= 1.5 and municipal and 

national employment growth > 0

Recovery (Short- 

term)

Sectors that have not yet consolidated or products 

that were once consolidated but have been 

reducing their market share.

RCA >= 0.5 and employment 

growth < 0 and national > 0

Consolidation 

(Medium-term)

Sectors that are not yet consolidated but are 

growing at a pace close to or above that of their 

competitors.

0.5 =< RCA < 1.5 and Municipal 

and national employment growth >  

0

Strategic Bets 

(Long-term)

Sectors whose participation is very low, but whose 

exports are growing in the market.

0 < RCA < 0.5 and municipal and 

national employment growth > 0

Note: Based on the National Export Plan 2015–2018. Activities that did not fit into subgroups were discarded. 
Source: Authors own elaboration.
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4. EMPIRICAL INVESTIGATION

4.1. Econometric specification
To analyse the impact of the ECI on economic growth at the regional level, we estimate a set of 
regressions in which the dependent variable is either the annualised growth rate of GDP per 
capita, or the growth rate of the share of formal employment in total population. ECI was cal
culated following the methodology presented in Section 2.1 but using employment data instead 
of export data to calculate RCA in each activity (CNAE) in each municipality or microregion.

The estimated equation for GDP per capita follows the specification used by Hausmann, 
Hidalgo, et al. (2014), but in a panel data form:

log(y)i,t = a+ fi + ft + b1ECIi,t− 1 + b2ECIi,t− 1∗ log (y)i,t− 1 + b3 log (y)i,t− 1

+ bi log (x)i,t− 1 + 1 (13) 

where y is the GDP per capita (gathered from the Brazilian Institute of Geography and Statistics 
– IBGE), f are fixed effects for individuals i (municipalities/microregion) and periods t (annual 
dummies), a is the constant, 1 is the residuals. Among the explanatory variables are the initial 
GDP per capita (log) and a multiplicative variable between ECI and GDP per capita. The former 
seeks to capture the effect of the hypothesis of convergence or technological catch-up. The multi
plicative term seeks to capture the non-linearity of the effect of ECI on the growth rate. 
Hypothetically, this effect is negative because the potential gains from increasing ECI also reduce 
with the increase in GDP per capita and ECI over time. Finally, x indicates three control vari
ables introduced in the regressions: (i) population and (ii) the percentage of workers with tertiary 
education.

The explanatory variables are introduced with a lag to assess if they predict increases in GDP 
per capita in the subsequent period. Although this does not solve potential simultaneity, it pro
vides a stronger indication of the relevance of each variable.

The impact of ECI on the evolution of formal employment was evaluated estimating the fol
lowing equation, analogous to Equation (13):

log(l)i,t = a+ fi + ft + b1ECIi,t− 1 + b2ECIi,t− 1∗log(l)i,t− 1 + b3log(l)i,t− 1

+ bi log (x)i,t− 1 + 1 (14) 

where l is the ratio of formal jobs in the economy in relation to population. The interpretation of 
the variables is the same as in Equation (13).

It is important to note that although the smart diversification score presented in Section 3 is 
carried out at the industry level, the econometric investigation is carried out at the regional level. 
Hence, the investigation aims to explore the relationship between economic complexity and 
regional development. The coefficients of these regressions will then be used to estimate the 
results of different diversification strategies in Section 5.

Equations (13) and (14) were estimated using region and time fixed effects. Moreover, the 
system GMM estimator was used to control for the endogeneity of ECI and of the lag of the 
dependent variable. The method uses lags of the variables in levels and in difference as instru
ments for the endogenous variables. The identification of the parameters using the system 
GMM estimator requires both overidentification, tested using Hansen’s J test, and no autocor
relation, tested using Arellano and Bond’s autoregressive (AR) test.

4.2. Results
The estimation results for Equation (13) are presented in Table 4. Columns (i) to (iv) present the 
results for municipalities. ECI is always positive and significant. Most importantly, the models 
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corroborate all assumed hypotheses, including very similar parameters for the ECI at the muni
cipality level to those of the seminal study by Hausmann, Hidalgo, et al. (2014) at the country 
level and using export data. This result is important as it validates the use of employment data 
in the assessment of economic complexity. The interaction between ECI and GDP per capita 
is only significant when population is introduced, and its effect, although negative (as expected) 
is very small. It is interesting to note that population enters with a positive sign, which indicates 
that at the regional level, increasing the city’s population is associated with future increase in its 
GDP per capita. The lag of GDP per capita is positive, but lower than one, which supports the 
hypothesis of technological absorption when the log of GDP per capita is used as the dependent 
variable. The share of employees with tertiary education is not significant. The system GMM 
regression corroborates the importance of economic complexity as in the fixed effects regressions, 
but although the Arellano-Bond AR test indicates there is no autocorrelation, Hansen’s J test 
does not suggest overidentification. Hence, these results must be taken with caution. Tertiary 
education becomes significant, while the coefficients of population and the interaction term 
change signs.

Columns (v) to (viii) of Table 4 present the results for microregions. The results are similar, 
but the coefficient of ECI is larger as well as of the interaction with GDP per capita, while popu
lation loses its significance except in the system GMM regression. These estimates reinforce the 
robustness of the results found for municipalities, especialy because now the Arellano-Bond AR 
test and Hansen’s J test suggest the validity of the instruments in the microregion sample.

The findings for Equation (14) are presented in Table 5. Columns (i) to (iv) present the 
results for municipalities. ECI is not significant in column (i), when introduced along with 
the interaction of ECI with employment per capita, but when the interaction is removed, it 
enters with a positive and significant coefficient in columns (ii) and (iii). This is probably due 
to a high correlation between the two variables. Population enters with a negative sign, which 
indicates that at the regional level, increasing the city’s population is associated with future 
decrease in employment per capita. The share of employment with tertiary education is positively 
associated with employment per capita only in the system GMM regression. Yet, the Arellano- 
Bond AR test and Hansen’s J test reject the validity of the instruments.

Columns (v) to (viii) of Table 5 present the results for microregions. The results are once 
again similar, but the coefficient of ECI is smaller and the interaction with employment per 
capita enters with a positive coefficient but not significant. Population is still negative and sig
nificant, while the share of employment with tertiary education loses its significance. Overall, 
therefore, it is possible to consider the estimates for microregions more robust. This is not unex
pected, since these regions are defined based on the economic interaction within them.2 The sys
tem GMM regression corroborates the importance of economic complexity and once again the 
associated tests indicate the validity of the instruments. Hence, the more robust system GMM 
regressions suggest the importance of economic complexity for regional growth.

5. THE CASE OF BELO HORIZONTE

To illustrate how the smart diversification score (SDS) can be used to help in devising regional 
development policies, this section illustrates analysis with the case of the city of Belo Horizonte. 
The city, located in the state of Minas Gerais, in the centre of Brazil, is among the top 10 cities of 
the country both in terms of GDP per capita and economic complexity. Moreover, its microre
gion covers a large industrial area where one of the main automobile factories in Brazil (Fiat 
autos) is located. Nonetheless, during the period under investigation, it has fallen from the 
fifth to the ninth position in the ranking of economic complexity of municipalities and microre
gions in Brazil, which causes concern about the diversification trajectory of the city and stresses 
the importance of a smart diversification strategy for the region.
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5.1. Identifying promising activities for Belo Horizonte
Figure 2 shows the Activity Space of the municipality and of the microregion of Belo Horizonte in 
2018. The coloured dots mark the activities in which the region is competitive, i.e., with RCA >  
1. In this figure it is possible to identify four clusters: (1) public services; (2) modern services; 
(3) trade; (4) manufacturing; (5) construction.

Using the SDS presented in Section 3.3 it is possible to identify the top 10 most promising 
activities within each the diversification strategy presented in Section 3.4. Figures 2C and D 
show the position of these 40 promising activities in the Activity Spaces. Tables A1 and A2, in 
the Appendix in the online supplemental data, present the list of activities in each of the four 
subgroups of Table 3. The figure shows that activities in the Strategic Bets (in yellow) strategy 
are in general associated with industrial activities, which tend to present higher complexity, 
while the remaining activities identified are spread around the network.

Figure 2 also illustrates that some of the activities identified as promising for the municipality 
of Belo Horizonte are already competitive in its microregion, such as Manufacture of measurement, 
test and control equipment (CNAE 26515). This highlights the importance of further investi
gation into what is the adequate regional level of analysis, since using different levels will lead 
to different prescriptions. Moreover, this finding stresses the importance of considering regional 
interactions, since the decision to foster one activity might be hampered by the existence of a 
strong competitor nearby. Furthermore, it might be counterproductive for nearby cities to incen
tivise the same activity simultaneously.

To identify promising macro-sectors, it is also possible to group promising activities into 
more aggregated CNAE sectors, at two digits, as shown in Figure 3. Among the promising 
activities, the macro-sectors Machines, Electronics and Vehicles encompass eight activities. 
Among these activities, six are from the Bets strategy. Next comes the Chemical-Pharmaceutical 
(three activities) sector, and Metallurgy (two activities). Moreover, several specialised services 

Figure 2. Activity space of Belo Horizonte in 2018
Source: Authors’ elaboration.
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associated with production are identified as promising, such as Infrastructure, IT and Machine 
Maintenance (six activities). The results are very similar both for the municipality and the micro
region. The message that emerges from this analysis of promising sectors classified into macro- 
sectors, therefore, is that the Machinery, Chemicals and Metal-Mechanical sectors are the ones that 
concentrate the greatest number of promising activities. More generally, the importance of devel
oping High-Tech Manufactures and Modern Services linked to production is also highlighted.

5.2. Projecting the diversification gains of Belo Horizonte
Using the estimates of the impact of ECI on the growth rates of GDP per capita and employment 
presented in Section 4 it is possible to estimate by how much would these variables increase in 
response to the increase in the city’s ECI generated by becoming competitive in the industries 
identified as promising.

Table 6 presents the average marginal effects of different diversification strategies. Notice that 
the number of activities is not equal to 10 in all subgroups. In the case of Consolidation, these are the 
activities in this subgroup that do not have RCA > 1, while in the case of Recovery, these are the 
activities in this subgroup that have RCA > 1 (see Appendixes in the online supplemental data). 
We devote special attention to the Consolidation and Bets strategies, and their combination. The 
Recovery strategy is presented to show the inverse relationship, measuring the negative effects of 
losing RCA in these activities.3 The estimated effects of RCA loss in Recovery activities indicate 
that losing competitiveness in these seven sectors could lead to a 3.41% decrease in the municipal 
ECI, which would result in reductions of 0.57 percentage points in the municipality’s growth rate 
and of 0.22 percentage points in the growth rate of the formal employment ratio. At the other end 
of the analysis, the acquisition of RCA in the 10 products of the Bets strategy would bring a 7.9% 
increase in ECI and an increase in the municipal GDP per capita growth rate of 1.3 percentage 
points. The effect in the formal labour market is also considerable, increasing the formal employ
ment growth rate by almost 0.5 percentage points.

The results presented in this section demonstrate the importance of devising short-, medium- 
and long-term development strategies. The results show that the opportunity cost for the muni
cipality of Belo Horizonte is considerably higher than that of the microregion in all the strategies 
presented, something to be carefully looked at by local public managers.

Finally, it is important to note that the increase in complexity has effects not only on growth, 
but also on exports (Romero & Britto, 2017), on inequality (Hartmann et al., 2017) and on 
greenhouse gas emission (Romero & Gramkow, 2021). The combination of this evidence, there
fore, supports the need for smart diversification strategies to overcome the bottlenecks faced by 
peripheral regions, reinforcing the importance of structural change for economic development. 

Figure 3. Promising macro-sectors for Belo Horizonte in 2018
Source: Authors’ elaboration.
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The challenge is to create the right incentives for economic diversification to take place in the 
most promising direction.

6. CONCLUDING REMARKS

This paper sought to contribute to the literature on economic complexity and regional develop
ment in three ways: by (i) conceiving of a new method – smart diversification score (SDS) – to be 
used by policymakers to rank promising activities for short-, medium- and long-term diversifica
tion, (ii) testing its validity in the municipal and microregion levels and (iii) exemplifying its use 
for policy purposes. The SDS method combines a series of indicators, as proposed by Hausmann 
et al. (2017), but uses weights estimated using principal component analysis.

After reporting the positive impact of regional complexity, calculated using employment data, 
on employment and GDP per capita growth for Brazilian municipalities and microregions, the 
paper has assessed the potential of SDS to increase the ECI at the municipal and 
microregion levels. Looking backwards, i.e., using data from 2007 and 2018, the paper found 
that SDS can predict up to 39.4% of the diversification activities that happened in 1033 Brazilian 
municipalities that experienced increases in ECI during the period. Looking forward, the paper 
calculated the SDS for the city of Belo Horizonte, suggesting a balanced portfolio of related and 
unrelated activities for diversification and estimated the potential economic gains to be obtained 
following different development paths. As expected, the results suggest substantial gains to be 
obtained from the proposed diversification strategies.

The evidence presented in this paper, therefore, provides important contributions for the for
mulation of regional development policies. More specifically, it provides an interesting frame
work for identifying promising activities to be candidates to be targeted by policymakers to 
promote regional economic development. Moreover, the investigation presented in the paper 
highlights the importance of defining the appropriate regional level for the policies in order to 
avoid unproductive competition between neighbouring regions.

Nonetheless, research is still required to improve even further the methods used to identify 
promising activities for regional diversification. Although the framework outlined in this 
paper contributes to the definition of short-, medium- and long-term diversification strategies, 
associated with related and unrelated activities, it is still necessary to investigate the right pro
portion between each of these types of activities, taking into account the complexity level of 
each region (Hidalgo, 2023). Moreover, further research is still required to determine more pre
cisely the key variables that should be taken into account to identify promising activities. And 
finally, there is still considerable room to explore the specific policy measures that should be 
taken to foster the development of the activities identified as promising in each territory.
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NOTES

1 This network can also be found and explored in the DataViva platform, at www.dataviva.info/en/.
2 The regressions presented in Tables 4 and 5 were also performed using clustered standard 
errors, but the results did not change significantly. The results are available from the authors 
upon request.
3 Maintenance is not considered an actual strategy, since these sectors are well developed in 
either the municipality/microregion of Belo Horizonte. That is, the model assumes that these 
sectors are not under risk, they were shown to illustrate the most competitive products and activi
ties of Belo Horizonte.
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