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Abstract

This paper examines the effects of economic complexity and relatedness (proximity of pro-
ductive knowledge) on the economic growth of Brazilian microregions. The perspective of
economic complexity suggests that countries advancing in terms of productive sophistication
and relatedness tend to achieve higher levels of income and economic growth. Additionally,
regional-level analyses have consistently contributed to the growing body of evidence suppor-
ting this assertion. We employed dynamic spatial econometric models (SDM, SDGMM-SYS, and
SDGMM-DIF) across 558 Brazilian microregions, utilizing employment data for 59 economic
activities from 2002 to 2020. Ouir findings suggest that, firstly, an increased level of economic
complexity in microregions is associated with a higher GDP per capita. Secondly, the density
around industries (relatedness density) positively affects GDP per capita. Thirdly, and most im-
portantly, our analysis reveals that economic complexity has unequal effects on the economic
growth of microregions when examining distinct major Brazilian regions, particularly concer-
ning per capita GDP A lack of empirical evidence exists regarding the effects of relatedness
and economic complexity on regional growth in Brazil, with issues of endogeneity and spatial
dependence often overlooked. Our study addresses this gap by providing new insights into
the effects of economic complexity and relatedness on regional growth, as well as the varying
effects among Brazilian regions. Understanding these processes aids in formulating strategic
interventions to promote economic complexity, relatedness, and regional economic growth.
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2 The effect of economic complexity and relatedness on the economic growth

O efeito da complexidade econdémica e relatedness sobre o cresci-
mento econdmico das microrregides brasileiras

Resumo

O objetivo deste artigo é examinar os efeitos da complexidade econémica e relatedness (pro-
ximidade de conhecimentos produtivos) sobre o crescimento econémico das microrregioes
brasileiras. A perspectiva da complexidade econdmica sugere que os paises que avangam em
termos de sofisticacdo produtiva e relatedness tendem a alcangar altos niveis de renda e cresci-
mento econdmico. Além disso, estudos com analises em nivel regionais tem consistentemente
contribuido para o conjunto de evidéncias favoraveis a esta afirmacao. NOs utilizamos modelos
dindmicos de econometria espacial (SDM, SDGMM-SYS e SDGMM-DIF) com as 558 microrregioes
do Brasil, usando dados de emprego para as 59 atividades econémicas no periodo de 2002 a
2020. Nossos resultados sugerem que, em primeiro lugar, elevacoes nos niveis de complexidade
econdmica sao associadas a elevacoes no PIB per capita. Em segundo lugar, a densidade das
atividades (relatedness density) exibe uma correlacao positiva com o PIB per capita. Em terceiro
lugar, um achado importante é que existem efeitos desiguais da complexidade econémica
sobre o crescimento econdmico quando examinadas separadamente as grandes regides no
Brasil, principalmente em relacao ao PIB per capita. H4 uma falta de evidéncias com relacdo aos
efeitos da relatedness e da complexidade econémica sobre o crescimento regional no Brasil e,
as questdes de endogeneidade e dependéncia espacial tém sido desconsideradas. Este estu-
do considera este gap relatando novas evidéncias dos efeitos da complexidade econémica e
relatednesssobre o crescimento regional, bem como dos efeitos diferenciados com relacdo as
regides brasileiras. Um maior entendimento destes processos contribui para a formulacao de
intervengdes estratégicas para promover complexidade econdémica, relatednesse crescimento
econdmico regional.

Palavras-chave
Complexidade econdmica; relatedness; PIB per capita; Microrregioes; Brasil.

Classification JEL
047 ;R11;RI11.

1. Introduction

The literature on economic complexity argues that creating more sophis-
ticated and higher value-added products and services necessitates greater
specific capabilities and productive knowledge. Consequently, countries en-
dowed with these attributes excel in producing a wider array of products.
This domain of research has engendered new indicators that encapsulate
the benefits of specialization and productive diversification, endeavoring
to illuminate the wealth-generation potential of nations (Hausmann and
Hidalgo, 2011; Hidalgo and Hausmann, 2009; Simoes and Hidalgo, 2011).
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The role of geographical location in the evolution of economic structu-
res has garnered considerable attention in theoretical and empirical dis-
courses, underscoring the geographically bound dynamics of place-based
capabilities. This perspective has gained particular relevance in formula-
ting smart specialization policies (Balland et al. 2018). Such an approach
investigates how closely related activities within specific areas influence
economic growth and the emergence of new industries, extending beyond
the mere capacity to manufacture specific products. Recent studies have
aimed to elucidate how increased economic complexity affects regional
income, indicating that a stronger relatedness between activities promotes
local economic growth, inequalities, employment creation, and the deve-
lopment of new industries (Balland et al., 2018; Chavez, Mosqueda, and
Gomez-Zaldivar, 2017; Hartmann et al., 2020; Hausmann and Hidalgo,
2011; Mewes and Broekel, 2022; Queiroz, Romero, and Freitas, 2023; Vinci
and Benzi, 2018).

Moreover, research efforts have been made to assess the effects of eco-
nomic complexity on economic growth across various geographical scales,
including nations and regions within economic blocs. For instance, Chévez
et al. (2017) observed favorable effects of complexity on the income of
Mexican states. Likewise, Gao and Zhou (2018) and Zhang et al. (2018)
delved into the context of Chinese provinces and manufacturing sectors,
corroborating the significant influence of complexity on regional growth.

In the Brazilian context, studies have identified a positive correlation
between economic complexity, regional development, and diversification
(Galetti et al., 2022; Teixeira, Missio, and Dathein, 2022). Furthermore,
these studies have shown that increased relatedness increases de likelihood
of entry into new sectors in more complex regions and dissects the analysis
into various levels of regional complexity. Conversely, the complexity of a
sector decreases the likelihood of its specialization in less complex regions

while amplifying it in more complex regions (Freitas, Britto and Amaral,
2024; Queiroz, Romero, and Freitas, 2024).

This research, however, draws conclusions from methodologies that consi-
der the simultaneity effects of the primary variables under investigation,
a gap in the literature according to Teixeira, Missio, and Dathein (2022),
and the influence of spatial heterogeneity and temporal dynamics. Hence,
our study offers a significant opportunity to enhance the understanding of
the relevance of complexity and relatedness to economic growth, making
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4 The effect of economic complexity and relatedness on the economic growth

an original contribution to the regional literature on economic complexity.
Although these investigations represent progress in the literature by con-
centrating on regional diversification, research remains scarce on related-
ness, complexity, and regional growth, particularly in emerging countries.

Moreover, there is a considerable gap in our understanding of the varia-
tions and implications associated with the adoption of more complex ac-
tivities in the country. It is crucial to discern the presence of unequal
regional effects in Brazil to obtain deeper insights into the challenges
and the continuity of income growth in historically disadvantaged areas.
Simplifying the complex phenomena of economic development presents
a significant challenge (Pereima 2020), making it necessary to devise no-
vel policies to addressdeal with short- and long-term economic objectives
(Dosi et al. 2020). In this regard, economic complexity methods of di-
mensionality reduction can contribute by handling data from thousands of
economic activities and summarizing the geography of economic outputs
(Hidalgo 2021; Hartmann et al. 2020).

In this context, the main objective of this study is to investigate the ef-
fects of economic complexity and relatedness on the GDP per capita
growth of 558 microregions in Brazil from 2002 to 2020. This research
contributes to the existing literature by providing new insights into the
roles played by economic complexity and relatedness in driving economic
growth in the microregions of an emerging country. Notably, this study
utilizes employment data, departing from the conventional reliance on
trade or export information to assess complexity, representing a significant
advance in regional economic complexity studies.

Following this introduction, Section 2 elucidates the core concepts under-
pinning the framework of economic complexity and relatedness density,
emphasizing their significance in the study of economic growth within a
specific context. Section 3 offers a thorough description of the research
methodology. Subsequently, the study presents the main findings and dis-
cussions, culminating in the concluding remarks.

Estud. Econ., Sdo Paulo, vol.54(4), e53575442, 2024
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2. Economic Complexity and Territory

The perspective of economic complexity has aimed to amplify its analy-
tical framework, thereby facilitating a deeper insight into the structural
transformations within nations and their respective territories. This has
been achieved by introducing new empirical and longitudinal indicators
(Hausmann and Hidalgo, 2011; Hidalgo and Hausmann, 2009; Simoes
and Hidalgo, 2011). At its core, this approach evaluates the makeup of
the local productive structure, often referred to as the product space.
Therefore, the complexity and productive sophistication of a country or
locality are quantified through methods derived from computer science,
relying on the portfolio of local export production. This quantification
indirectly assesses the technological sophistication embedded within
the productive framework, generally called economic complexiry (Gala

2017).

In light of this viewpoint, it is critical to consider that impoverished
nations might predominantly export a single, scarce natural commodity,
thereby impacting their economic complexity (Gala, 2017; Hidalgo and
Hausmann, 2009). This consideration underscores the importance of
two key indicators: non-ubiquity and diversity. Non-ubiquity rises in ac-
cordance with the level of complexity inherent in a product. Following
the principles of economic complexity, not all products can be unifor-
mly produced across all regions. Products that are more ubiquitous
typically require lower productivity, knowledge, and technological ca-
pacities for their production. Conversely, products characterized by
non-ubiquity demand a broader spectrum of expertise for their manu-
facture and, therefore, are exclusive to a select few regions. According
to Gala (2017), the index depends on the combination of non-ubiquity
and the diversity of distinct products that a location has the capacity
to produce.

As a result, the ratio of non-ubiquitous exported products, economic
activities, labor, or even research relative to their diversity indicates
the inherent economic complexity within a locality. This highlights
the crucial role of productive specialization in understanding the me-
chanism of wealth accumulation within a nation, potentially driving
its economic development. Evidence indicates a negative correlation
between the diversification of domestic production and the average ubi-
quity of exported products. Conversely, diversifying a nation’s export
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6 The effect of economic complexity and relatedness on the economic growth

portfolio positively correlates with the complexity of the manufactured
goods. Essentially, more diversified and less ubiquitous economies tend
to display higher economic complexity, indicative of more advanced
production methodologies (Gala, 2017, Hausmann and Hidalgo, 2011).

Consequently, the paradigm of local specialization encompasses not only
the composition of a nation’s production and export portfolio in terms of
diversification but also the complexity level of occupations and activities
within regional areas, making it a pivotal factor in shaping economic gro-
wth and dynamism (Hausmann, Hwang, and Rodrik, 2007). Variations in
regional income can thus be attributed to differences in territorial econo-
mic complexity, which aims to elucidate the localized capacity to create
distinct economic production configurations (Hidalgo and Hausmann,
2009). The economic complexity perspective show that more intricate
activities tend to cluster in larger urban centers due to their demand for
profound knowledge and a division of labor. This clustering denotes a wi-
despread network of individuals and public and private institutions equi-
pped with complementary expertise required for engaging in complex
services and industries (Balland et al. 2020).

Therefore, the local production structure depends on the degree of proxi-
mity between agents, known as the relatedness between activities, in which
the ability to assimilate the knowledge essential for performing specific
activities within a country and/or its regions is crucial. Achieving success
in producing a particular good within a region or sector extends beyond
just geographic or cultural proximity among activities; it also hinges on the
degree of technological and cognitive proximity. Hidalgo (2021) articulated
that the proximity between activities suggests that knowledge acquisition
is encouraged through interactions among closely related sectors, striking
a balance between similarity and differentiation, thereby fostering coope-
ration rather than competition. This conceptual framework has developed
measures to assess the proximity between products, industries, sectors,
occupations, and research fields, thereby understanding the dynamics, in-
terrelations, and territorial capabilities required to produce specific goods.

The principle of relatedness, thus, implies that activities, research areas,
sectors, or industries are closely related when they require similar types
of knowledge or inputs for their execution, reflecting the various ways
in which economies and organizations acquire knowledge (Hidalgo et al.
2018). Furthermore, it introduces the notion of agents’ absorptive capacity,
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suggesting that assimilating new knowledge depends on the pre-existing
knowledge associated with a specific activity within the region (Hidalgo
2021). As elucidated by Balland et al. (2018), regions marked by greater
complexity and enhanced cognitive proximity between activities boost
the potential for local economic advancement and the emergence of novel
combinations. Therefore, the concept of relatedness holds significant im-
portance within the literature on economic complexity as it underlines the
interdependence of a country’s ability to manufacture a specific product
with its capacity to produce others, contingent upon their resemblance and
the local potential to do so.

3. Methodology

3.1.  Economic Complexity and Relatedness Indicators

We utilized employment data to calculate the Economic Complexity
Index and the measure of relatedness, adhering to the methods outlined
in previous studies for Brazilian microregions from 2002 to 2020 (Gao and
Zhou, 2018; Queiroz, Romero, and Freitas, 2023; Zhang, Wu, and Wang,
2018). In accordance with the methodology developed by Hausmann and
Hidalgo (2009; 2011), the economic complexity index juxtaposes the pre-
valence of specific product production within a particular location against
the diversity of products available in that geographical area. It encapsulates
the synergy of local productive knowledge or skills necessary for manufac-
turing goods that demand a high level of expertise or capabilities and thus
is not commonly produced (non-ubiquity) with the breadth of productive
specializations in a given locale (diversity).!

To determine the degree of local specialization in a particular activity, we
used the revealed comparative advantage (RCA) indicator, initially propo-
sed by Balassa (1965). Equation 1 illustrates the RCA:

X %X
RCA = < C”>+< ””) (D
ZPXCP ZCVPXCP

By examining the relationship between products and countries, their objective is to identify the
unique capabilities or productive capacities inherent to specific regions. Through this analysis, it
generates indicators of relative standings among countries/regions, shedding light on disparities in
technological advancements and income levels over time.
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8 The effect of economic complexity and relatedness on the economic growth

X.p represents the level of employment in economic activity p within
microregion c, Zcch indicates the total employment in microregion
¢ across all activities, Z,,ch represents the total employment in ac-
tivity p for the microregion and 2.cpXcp represents the total employ-
ment across all activities in the country. A microregion is deemed to pos-
sess a comparative advantage in a specific activity when its RCA exceeds
1, denoting for RCA.¢(i) = 1 each activity.

The matrix M, acting as the foundation for measuring diversity and ubiquity,
is subsequently generated based on the RCA cutoff points (0,1) for each
microregion and economic activity using Equations 2 and 3:

Diversity: kco = Xp My 2)

Ubiquity:k,o = YcMcp (3)

Where the diversity of a particular region (k) is determined by the cou-
nt of specialized activities within the microregion, whereas the ubiquity
of a specific economic activity is assessed by the number of microregions
specializing in that particular activity (kp).

From the averages of diversity for each microregion ¢ and ubiquity of activi-
ties p produced by the locations in the analysis at hand, the economic com-
plexity index (ECI) of the region (kc) is calculated with Equations 4 and 5
(Hidalgo, 2021; Hidalgo and Hausmann, 2009):

1
kc,N = :,0 Zp Mcpkp,N—l (4)

kpn = - Yp Mepken-1 (5)

kp,o

The reflections method calculates economic complexity because it creates
“a symmetric set of variables for the two types of nodes in the network”
(Hidalgo and Hausmann, 2009, p. 10572), microregions, and economic
activities. This technique is iterative and involves the calculation of acti-
vity and microregion complexities using previous values of ubiquity and
diversity, where N = 1 indicates the number of iterations. It begins with
the average values of &, and k.o. Subsequently, in the following rounds
(kp: ky:.. kyn and k. ke .. k.y), previously calculated values are used until
stability in the rankings of ECI and activity complexity index (ACI) com-
plexities is achieved, without providing any new additional information.
This is conducted using Equations 6 and 7:

Estud. Econ., Sdo Paulo, vol.54(4), e53575442, 2024
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k., = M. k. (6)
kp = Mpp’kp' (7)

In order to eliminate constant factors, the indices are standardize using Z
score, Equation 8 (Hidalgo, 2021; Hidalgo and Hausmann, 2009):

(K. — mean(k.))

standard_deviation(l_fc)

(8)

ECI, =

where k is the eigenvector associated with the second-largest eigenvalue
Mcc' Of Mpp' and .

Our second variable of interest examines the effect of relevant microregio-
nal capabilities. Drawing from previous studies (Davies and Maré, 2021;
Elekes, Baranowska-Rataj, and Eriksson, 2023; Galetti et al., 2022; Hane-
Weijman, Eriksson, and Rigby, 2022; Hidalgo et al., 2007), we applied the
concept of relatedness density. This metric quantifies the proximity of
a new economic activity to the set of activities present in each location.
Essentially, it assesses the probability of a location specializing in a new
activity by considering the presence of activities with closely related ca-
pabilities within the same region. Therefore, the indicator for the density
of activity i in a microregion c is derived from the relatedness of activity
i to the activity for which the microregion holds an RCA, divided by the
sum of the relatedness of activity i to all other activities in the country.

The first step involves identifying the proximity (¢) or relatedness bet-
ween economic activities to compute the relatedness density. This is deter-
mined through the conditional probability that pairs of activities, denoted
as i, are jointly produced in territory j (Equation 9):

¢; ;¢ = min{P(RCAx;|RCAx; ), P(RCAx; |RCAx; )} 9)

For this purpose, among the various established methods for measuring
co-occurrence (Hidalgo, 2021; Van Eck and Waltman, 2009), we employed
the cosine similarity, which is represented by Equation 10:

Cijt

bij = /———
Vit *Sj¢

(10)
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10 The effect of economic complexity and relatedness on the economic growth

Where C; represents the frequency with which two activities are observed
together in period t; S; and S; denote the occurrences of activities i and j in
time t. The relatedness density of a specific activity i in a microregion ¢ is
calculated from the relatedness between activity i and the ones for which
the microregion has revealed RCA, divided by the sum of the relatedness
between activity i and all other activities in the country. This calculation
is illustrated by Equation 8, which assesses the proximity of a new product
to the existing set of products in a given region:

RDiCt _ Z}EC,]iLq)l,],t.lOO (11)
T LjziPijie

The relatedness density (RD) indicator ranges from 0 to 100%. A reading

of 0% for microregion ¢ indicates that no activity i is related to another

activity i within microregion c. Conversely, a value of 100% suggests that

all activities related to activity i are included in the portfolio of activities

in microregion ¢, drawing from the framework of Hausmann and Hidalgo
(2011; 2009) and Boschma et al. (2015).

3.2. Data and Variables

In this study, we utilized annual data for 558 microregions in Brazil (a
spatial classification similar to the European Union’s NUTS-3), covering
the period from 2002 to 2020. The variables are presented in Table 1.
Analyzing microregions is a common practice in the pertinent literature
(Frangoso, Boschma, and Vonortas, 2024; Galetti, Tessarin, and Morceiro,
2021; Queiroz, Romero, and Freitas, 2024). This approach helps control for
unobserved factors derived from the administrative autonomy of different
configurations (e.g., municipal units, states), thereby fostering a better un-
derstanding of the results and avoiding issues related to endogeneity and
unobserved heterogeneity in panel data (Wooldridge 2010).

The dependent variable in this analysis is the economic growth of Brazil’s
microregions, denoted as Ilgdppc (and its first difference, Algdppc).
Economic growth is quantified using the logarithm of the GDP (Gross
Domestic Product) per capita of the microregions. Data for this variable
were sourced from the Brazilian Institute of Geography and Statistics

(IBGE 2022).
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Our main variables of interest are Economic Complexity, denoted as
EClactiv, and relatedness density, represented by RDactiv. Both indica-
tors are derived from employment data of economic activities’ from the
RAIS (2022) database, compiled by the Brazilian Ministry of Labor and
Employment. The database reveals detailed records of formal activities, quan-
tity and salary, educational characteristics of the workforce employed, and
data from establishments in Brazil across all public and private administrative
structures, covering about 65% of the workforce and providing comprehensive
information (Freitas, Britto, and Amaral, 2024; Galetti et al., 2022; Ulyssea,
2018). The RAIS database thus presents a faithful portrait of the formal sec-
tors. However, it does leave out informal economic activities, which is seen as
a limitation in this literature (Queiroz, Romero, and Freitas, 2024).

For robustness checks, we also created an alternative measure of economic
complexity using the Fitness Complexity Method ([fitness — logarithm of
fitness), presented in Appendix B (definition) and C (regressions). This me-
thod, introduced by Tacchella et al. (2012), defines the economic complexity
index by adopting non-linear iterative equations that favor regions with di-
versified activities and penalize activities realized in many regions (Mariani
et al. 2015). The fitness variable has also been employed in previous studies
such as Gao and Zhou (2018), Fritz and Manduca (2021), Teixeira, Missio,
and Dathein (2022), and Stojkoski, Koch, and Hidalgo (2023).

The variables wEClactiv and wRDactiv are indicators for adjacent regions,
as defined by the spatial weight matrix, which will be elucidated in the
subsequent section. It is important to note that wEClactiv and wRDactiv
are indicative of their neighboring regions, as determined by the spatial
weight matrix (Knn3).

Additionally, other control variables were also employed, namely lgdppc, 1,
ldens, pempind, pexpcom, pempsup, and exppartbra., pexpcom, pempsup,
and exppartbra. lgdppc,; represents the logarithm of the GDP per capi-
ta from the previous period, ldens denotes the natural logarithm of the
population density in the microregions and is derived from data provi-
ded by IBGE (2022). This variable was used to control for the poten-
tially positive expected effects of population and urban agglomerations
on economic growth, a practice employed in other studies (Mewes and
Broekel, 2022; Balland et al., 2018; Frenken et al., 2007; Boschma and

2 By employing data from the Annual Report of Social Information (2022) and using the National
Classification of Economic Activities (v. 1.0), 59 activity groups (activ) were added.
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12 The effect of economic complexity and relatedness on the economic growth

[ammarino, 2009; Queiroz, Romero, and Freitas, 2024). Lastly, pempind
pertains to the proportion of industrial employment relative to the overall
employment within the microregion. This information is derived from
RAIS (2022). Following Davies and Maré (2021), Galetti et al. (2022),
and Hane-Weijman, Eriksson, and Rigby (2022), we expected a positive
effect of industrial activities on economic growth.

Table 1 - Description of the variables and data sources used.

Variables Description Source Signal Reference

Dependent )
Hidalgo and Hausmann (2009),

Hausmann et al. (2011), Salles,

lgdppc Logarithm of the GDP per capita IBGE (2022) Pinto, and Vasconcelos (2018),
Gao and Zhou (2018), Zhang, Wu
and Wang (2018)

Independent

EClactiv Economic Comp_lexﬁy Index (ac- RAIS (2022)
tivities)

Ifitness Logarithm of fitness (activities) RAIS (2022)’

Gao and Zhou (2018), Zhang, Wu
and Wang (2018)

Stojkoski, Koch, Hidalgo (2023)
Davies and Maré (2021), Galetti
RDactiv Relatedness Density (activities) RAIS (2022) (+) etal. (2022), Frangoso, Boschma,
Vonortas, (2024)

x =
x £

Controls
Mewes and Broekel (2022), Bal-
land et al. (2018), Frenken, Van
Natural logarithm of the population Oort and Verburg (2007), Boschma
ldens density in the microregions IBGE (2022) (+) and lammarino (2009), Queiroz,
Romero and Freitas, (2024), Sto-
jkoski, Koch, Hidalgo (2023)
Proportion of industrial employ- Davies and Maré (2021), Galetti et
pempind ment in relation to the overall RAIS (2022) (+) al. (2022), Hane-Weijman, Eriks-
employment within the microregion son and Rigby (2022) o
' . COMEXSTAT (2022), Hausmann et al. (2011), Stojkoski,
pexpcom The proporton °;p””.‘ary products (+) Utkovski and Kocarev (2016),
exported by the microregion IBGE (2022) Salles et at. (2018)
ighotaccaon e e Zh and i (2017), Geo and Zhou
pempsup 9 . : RAIS (2022) (+) (2018), Mewes and Broekel (2022),
the total population of the micro- Galetti et al, (2022)
region '
Microreaional export share of Hausmann et al. (2011), Salles et
exppartbra gional exp COMEXSTAT (2022)  (+) al. (2018), Stojkoski, Utkovski and
Brazil’s total exports Kocarev (2016)
Spatial heterogeneity
wlgdppc (rho)  GDP spatial autocorrelation with
wlgdppc.. neighboring regions at time ¢ and (+) Verheij and De Oliveira (2020)
t-1
) . . Fawaz and Rahnama-Moghadamm
WEClactiv . EClactivand RDactiv spatial (2019), Verheij and De Oliveira
) autocorrelation with neighboring (+-) (2020)
WRDactiv .1 regions at time ¢-1

Gomez-Zaldivar et al. (2020)
Note: “Index developed by the authors. Source: Developed by the authors.
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pexpcom, which corresponds to the natural logarithm of the propor-
tion of primary products exported by the microregion, using data from
COMEXSTAT (2022). This variable assesses the effects of exporting na-
tural products on regional income, considering the potential positive re-
lationship of the commodity cycle in the Brazilian economy. Researchers
such as Hausmann et al. (2011), Stojkoski et al. (2016), and Salles et
al. (2018) have used this indicator in their studies. pempsup denotes the
proportion of individuals with higher education relative to the total po-
pulation of the microregion, utilizing data from RAIS (2022). This va-
riable accounts for the potentially positive effect of human capital on
economic growth, a factor considered in studies conducted by Zhu and Li
(2017), Gao and Zhou (2018), Mewes and Broekel (2022), and Galetti et
al. (2022). exppartbra represents the microregional export share of Brazil’s
total exports, using data from COMEXSTAT (2022). The economic com-
plexity literature has demonstrated that international trade participation,
particularly an increase in the share of exports of more technologically
sophisticated products, is a hallmark of wealthier nations with greater
potential for economic growth (Gala, 2017; Hausmann and Hidalgo, 2011;
Hausmann, Hwang, and Rodrik, 2007; Hidalgo and Hausmann, 2009;
Simoes and Hidalgo, 2011). wlgdppc(rho) and wigdppc.;, which represent
the effects of spatial autocorrelation with neighboring regions at time t and
t-1, respectively, on the dependent variable Igdppc. This operationalization
is in accordance with the methodology utilized by Verheij and De Oliveira
(2020) and Martini (2020), based on the expectation of positive spillover
effects of lgdppc growth on neighboring microregions.

Table 2 - Descriptive analysis of the variables utilized in the models.

Variable N Minimum Mean Median Maximum Standard deviation
lgdppc 10,602 5.24 8.78 8.82 12.12 1.06
RDactiv 10,602 0.00 26.55 27.00 70.00 11.19
EClactiv 10,602 -3.17 0.00 -0.08 3.18 1.00
Ifitness 10,602 -6.89 -0.99 -0.93 329 1.51
pexpcom 10,602 0.00 0.65 0.90 1.00 0.41
Idens 10,602 -2.85 1.22 1.11 6.82 1.55
pempind 10,602 0.00 0.16 0.14 0.72 0.12
pempsup 10,602 0.00 0.14 0.13 0.63 0.06
exppartbra 10,602 0.00 0.00 0.00 0.12 0.01

Source: Developed by the authors.
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Table 2 offers descriptive statistics for the variables incorporated into the
econometric models, as outlined in the methodology section. This dataset
comprises 10,602 observations from 558 Brazilian microregions, thereby
generating a balanced panel dataset covering a 19-year span from 2002 to

2020.

3.3. The Portrait of GDP per capita, Economic Complexity, and Relatedness
Density in Brazilian Microregions

Figure 1 illustrates the evolution of GDP per capita at 2020 prices, econo-
mic complexity, and relatedness density from 2002 to 2020 in Brazilian
microregions. In terms of GDP per capita, the legend denotes 5Sth-per-
centile intervals. Microregions in the lowest 20" percentile - which, for
example, had a GDP per capita ranging from BRL 243.00 to BRL 763.00
in 2002 - contrast with those in the highest 20th percentile, where the
GDP per capita varied between BRL 2,657.00 and BRL 19,672.00 in 2002.
High-income microregions are predominantly located in states such as Sio
Paulo, Rio de Janeiro, Santa Catarina, Rio Grande do Sul, Mato Grosso,
and Goids throughout the periods analyzed.

By 2020, there was a significant increase in the GDP per capita of mi-
croregions within the state of Mato Grosso compared to the onset of the
analysis period. The North and Northeast regions house the majority of
microregions in the lowest percentile, indicating lower GDP per capita.
Focusing on economic complexity, as depicted by EClactiv (in Figure 1B,
microregions with higher complexity (ECI > 1) are primarily found in the
South and Southeast regions, which are recognized as dynamic economic
centers in Brazil, with only a few exceptions in other regions. This trend
has remained relatively consistent across the years examined.

As for relatedness density, indicated by RDactiv in Figure 1C, a pat-
tern of microregion clustering is observed. However, it is important to
highlight that there are no clear indications of specific cluster formations
throughout the country.
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A 2002 2010 2014 2020

Figure 1 - Distribution of GDP per capita (A), economic complexity (B), and related-
ness density (C) of Brazilian microregions in 2002, 2010, 2014, and 2020.
Source: Developed by the authors.

To uncover patterns of local autocorrelation, Figure 2 illustrates the sig-
nificance maps for the local indicator of spatial autocorrelation (LISA) for
GDP per capita (A), economic complexity (B), and relatedness density
(C). For an in-depth understanding of the LISA statistics, refer to Almeida
(2012). In Figure 2A, we observe statistically significant clusters (p-value
< 0.05) of high GDP per capita of the high-high type,® confirming the
previously noted distribution pattern (concentration in the Southeast and
South regions) while highlighting the emergence of new clusters in central-
western Brazil.

3 The LISA indicator, as detailed in Appendix A, identifies four statistically significant clusters within

the spatial distribution of microregions: the high-high group (characterized by high values within
the microregion and among neighboring regions), high-low (comprising high values within the micro-
region and low values in the neighboring microregions), low-high (encompassing low values within
the microregion and high values in the neighboring microregions), and low-low (which includes low
values both within the microregion and in the neighboring regions).
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It is worth noting that the number of high-high clusters has decreased over
the study period, declining from 81 in 2002 to 71 in 2020. Conversely,
clusters featuring low lgdppc in the microregion and neighboring microre-
gions (low-low) have formed, primarily in the Northeast region, and have
expanded into the Northern region. The LISA Indicator analysis corro-
borates these findings, providing both visual and statistical evidence of
the close relationship between EClactiv and Igdppc over the period. The
correlation between these variables is 0.40 (p-value = 0.01).

A 2002 2010 2014 2020

Figure 2 - LISA Significance (Knn3) for GDP per capita (A), economic complexity
(B), and relatedness density (C) in 2002, 2010, 2014, and 2020. Source:
Compiled by the authors.
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These findings align with observations regarding the spatial distribution
of the economic complexity index in the Brazilian context, as reported by
Freitas and Andrade (2015). Moreover, within the economic complexity
literature, it is well-established that regions hosting highly sophisticated
activities are often regional economic hubs, leading to significant agglome-
rations (Balland et al. 2020). A recent study by Fritz and Manduca (2021)
supports this association by examining US counties, where metropolitan
areas demonstrate greater economic complexity, correspondingly resulting
in higher income levels and enhanced economic growth.

Conversely, the northern and northeastern regions consistently exhibit
the highest low-low values throughout all assessed periods. As previou-
sly established, higher RDactiv values indicate more favorable prospects
for economic growth and the emergence of new activities. This further
highlights the persistent challenges faced by these regions, which have
historically been characterized by lower GDP per capita.

Over the duration of the analyzed period, regional economic complexity
and local relatedness in these regions do not show significant signs of im-
provement in comparison to other regions across the country. However, it is
important to emphasize that this study did not explore whether the spatial
distance between these less economically complex regions and the more
economically advanced regions, characterized by higher activity proximity
(RDactiv), has decreased over time. This aspect warrants further exami-
nation in future studies, particularly in the context of convergence studies.

3.4. Econometric Models

The econometric analysis of spatial data significantly enhances our un-
derstanding of regional dynamics. Traditional econometrics often fails to
address issues related to spatial autocorrelation and spatial heterogeneity,
which are prevalent in many locations (Anselin 1988). Such analysis al-
lows us to explore the interactions among various agents, the existence
of externalities, and the potential for spillover effects (Golgher 2015). In
our study, we employed spatial panel econometric regressions with time
fixed effects, including Spatial Durbin Models (SDM), Spatial Durbin
with Generalized Method of Moments in Differences (SDGMM-DIF),
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and Spatial Durbin with Dynamic Generalized Method of Moments
(SDGMM-SYS).*

Explanatory and control variables are used at t-1 in order to mitigate en-
dogeneity concerns with the dependent variable. The fundamental model
specification incorporates an array of explanatory variables denoted X,
control variables, the spatial autocorrelation variable of the dependent
variable pWY;; and tY;;_;, which represents the fixed effects associated
with unobserved characteristics that remain constant over time §, and the
error term ¢; (Equation 12):

Yie = Bo+ pWYyq + Yy + BXie—q + BWX;e_y + BCONTROLS;,_; + & + ;¢ (12)

In the context of the fixed-effects spatial panel model over time, the
variables are adjusted to eliminate the time-related effects among observa-
tions, following a process similar to that of a standard panel model. This
involves subtracting the time-specific average value from each individual i,
generating transformed observations (J;;_; and ¥;;_) for estimation. The
formulation of the SDM panel model is described in Equation 13:

Vie = PW3Pie—1 + tit—1 + BXit—1 + PWXjy_1 + BCONTROLS;; 4 + & (13)

W¥;, represents the spatially lagged dependent variables, p stands for the
spatial autoregressive coefficient, W denotes the spatial weights matrix,
&;rcorresponds to the error term (i.i.d.~ N(0O, 62)). Furthermore WX, is
added, representing the lagged independent variable, and 6 is the spatial
autoregressive coefficient of the independent variable.

A spatial dependency matrix w, often referred to as a neighborhood
matrix or weight matrix, is utilized to identify regions in proximity
and, consequently, those that are interrelated, i.e., neighbors. One of

4 In the process of selecting the appropriate panel model considering the availability of data in a bal-
anced panel format, we employed various tests, including the Hausmann, Chow, and LM (Lagrange
multiplier) tests. Initially, we will determine the spatial regression models to be used based on the
type of autocorrelation observed in the variables (spatial lag or errors). We will utilize both classical
and robust LM tests, which are applied to the residuals from Ordinary Least Squares (OLS) models.
The error LM test involves comparing the OLS model with the spatial error model, assuming A=0,
thereby testing the null hypothesis Hy: A = 0. If Hy is rejected, the Spatial Error Model (SEM) is
preferred. On the other hand, the lag LM test compares the OLS model with a spatial lag model,
assuming p=0, with the null hypothesis being Hy:p=0. If it is rejected, the lag model is considered
more appropriate (Almeida 2012). The robust error tests do not make assumptions about p=0 and
A=0 but instead consider these values as unknown.
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the most commonly employed matrices for this purpose is the conti-
guity matrix, wherein wij = 1 if two regions are contiguous (i.e., sha-
re a border) and wij = 0 if they are not (i.e., do not share a border)
(Almeida 2012).° The Queen and Knn weight matrices, varying in or-
ders from 1 to 4, were compared, and the one with the highest average
over the study period was selected, which, in this instance, happened
to be the Knn matrix of order 3.°

Additionally, we employed the SDGMM-DIF, since spatial model dis-
turbances may potentially be correlated with time and exhibit heteros-
kedastic characteristics. The method of moments approach enables the
derivation of consistent estimators for the variables while accounting
for the disturbance process (Kapoor, Kelejian, and Prucha, 2007). In
the SDGMM-DIF model, variables are first-differenced (Equation 14):

Algdppcy = ApWlgdppcey + ABlgdppcic—
+ ABEClactivy;_q + ABRDactiv;;_4
+ AOWECIactiv;_, + ABWRDactiv;;_, (14)
+ ABCONTROLS;;_; + 8, +1; + €3¢

where ni represents the region fixed effects.

An issue to consider in the regression estimation process is the potential
endogeneity between economic complexity and relatedness indicators, as
well as the economic growth indicators of the regions (Teixeira, Missio, and
Dathein, 2022). To tackle this concern, Anderson and Hisao (1981) have
suggested employing the lagged dependent variable as an instrumental va-
riable. Fawaz and Rahnama-Moghaddam (2019) have utilized the spatially
and temporally lagged dependent variable over one and two years. Similarly,
Zhang et al. (2018) and Teixeira al. (2022) have used temporally lagged
variables as instruments. Taking inspiration from these techniques and re-

When considering all the first-order neighbors of a region, this process gives rise to a weight matrix
known as the Queen’s matrix, which can vary in order (1, 2, etc.). A different form of weight matrix
employed is the k-nearest neighbors’ matrix, where the k-neighbors (1, 2, 3, etc.) in closest proxim-
ity to a specific region, determined by centroid distances, are identified. Within this matrix, a value
of wij = 1 indicates that the neighboring region is the closest to the reference region, whereaswhile
wij = 0 denotes the other regions.

Although different Moran’s I indicators were tested for each year of the study, the Knn3 weight matrix
was used in the regression models and in the LISA indicator’ analyzes, due this matrix obtained the
highest average of Moran’s I during 2002-2020 comparing Queen and Knn matrices (orders 1 to 4).
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search findings, this study adopted instrumental variables for the variables
lgdppc.., wlgdppc..,, EClactiv.,, RDactiv.,, wEClactiv.,, and wRDactiv.,.

These variables are instrumented with their temporal lag (2" differen-
ce). The underlying hypothesis is that the estimators are consistent and
exogenous by employing these moment conditions. Sargan tests are then
conducted to assess whether the utilized estimators are considered exo-
genous, indicating that the instruments are uncorrelated with the error
term (Almeida 2012). Additionally, autocorrelation tests will be carried
out, specifically AR (1) and AR (2). The estimated SDGMM-SYS model

will be made with Equation 15:

lgdppciy = pWlgdppc; + Blgdppcic—
+ PEClactivy;_q + fRDactiv;;_4 (15)
+ OWECIlactiv;;_4 + OWRDactiv;,_4
+ BCONTROLS;,_1 + 8; +1; + ;¢

4. Results and Discussion

Table 3 presents the outcomes of the SDM (Equations 1 and 2), SDGMM-
SYS (Equation 5), and SDGMM-DIF (Equation 6) models. An initial
examination shows a pronounced spatial dependence of the dependent
variable (rho) across all models, as well as its first-time lag (lgdppc.1).
This spatial dependence is crucial for the precise fitting of the propo-
sed models, showcasing positive effects of growth on neighboring regions.
Nevertheless, the influence on lgdppc is not statistically significant of sur-
rounding microregions with a time lag (wlgdppc.) in both the SDGMM-
SYS and SDGMM-DIF models.
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Table 3 - SDM, SDGMM-SYS, and SDGMM-DIF regressions, dependent variable
lgdppc, Brazilian microregions from 2002 to 2020.

SDM SDGMM-SYS SDGMM-DIF
lgdppc Algdppc lgdppc Algdppc
(1) e (2) e (3) e (4) ey
rho 0.1067 0.1058 0.7743 0.4437
(0.0125) (0.0129) (0.0689) (0.1310)
lgdppe.. 0.6118" -0.3942" 0.1127" 0.0814™
(0.0078) (0.0081) (0.0241) (0.0225)
wlgdppc.., 0.1533" 0.2623" 0.0207 0.0226
(0.0144) (0.0118) (0.0331) (0.0350)
RDactiv ., 0.0014"™ 0.0013™ 0.0027 0.0021
(0.0004) (0.0004) (0.0014) (0.0015)
EClactiv ., 0.0742"™ 0.074™ 0.0665" 0.0633"
(0.0057) (0.0059) (0.0205) (0.0217)
WRDactiv ., 0.0005 0.0006 0.0021 0.0002
(0.0006) (0.0007) (0.0023) (0.0030)
wEClactiv ., -0.0486™ -0.0478™ -0.0263 0.0098
(0.0075) (0.0077) (0.0349) (0.0412)
pexpcom . 0.0502"™ 0.0496™ 0.0401 -0.0188
(0.0088) (0.0091) (0.0233) (0.0184)
Idens ., 0.0013 0.0033 0.0186 0.1446
(0.0028) (0.0029) (0.0149) (0.2198)
pempind .; 0.1235™" 0.1149™ 0.0598 -0.0981
(0.035) (0.0362) (0.1619) (0.2043)
pempsup ., -0.0279 -0.0893 0.1036 0.3026
(0.0775) (0.0795) (0.1605) (0.1856)
exppartbra .. 5.4578" 5.3348™ 10.8440° -4.8010°
(0.6317) (0.66) (4.5958) (1.9257)
N 9486 9486 10602 10602
R? 0.89 0.21
AIC 6553.3 6179.57
Sargan: p-value 0.0302 0.4061
AR (1) 0.0000 0.0000
AR (2) 0.0422 0.0183
FE Microregion No No Yes Yes
FE Year Yes Yes Yes Yes

Note: Statistical significance: ***p < 0.001; **p < 0.01; *p < 0.05. Standard error in parentheses.
AIC = Akaike Information Criterion. N = Number of observations. FE = Fixed Effects. Source: Deve-

loped by the authors.

Regarding the relationship between EClactiv,; and Ilgdppc, all regressions
indicate that the coefficients are positive and significant. Notably, in the
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SDGMM-DIF and SDGMM-SYS models, comprehensive testing confir-
med whether the instrumental variables (temporal lags) produce exogenous
regressors, as determined by the Sargan test. Additionally, tests were per-
formed to detect any significant autocorrelation - AR (2), ensuring that
the proposed models meet all test requirements (p = 0.0). As robustness
checks presented in Appendix C, we also ran the same estimations using
an alternative measure of economic complexity of microregions (Ifitness)
and the findings remained the same. Thus, our findings suggest that an in-
crease in the economic complexity within microregions is associated with
higher economic growth, namely, an increase in GDP per capita. These fin-
dings are consistent with previous evidence in other regional contexts, de-
monstrating a positive relationship between local productive sophistication
and economic performance, even when considering spatial heterogeneity
(Chavez, Mosqueda, and Gémez-Zaldivar, 2017, Fritz and Manduca, 2021;
Hausmann and Hidalgo, 2011; Hidalgo and Hausmann, 2009; Mewes and
Broekel, 2022; Salles, Pinto, and Vasconcelos, 2018; Stojkoski, Utkovski, and
Kocarev, 2016; Zhang, Wu, and Wang, 2018).

Moreover, wEClactiv.; coefficients are negative and statistically significant
in all non-dynamic models (SDM), suggesting that the economic complexity
of neighboring regions tends to adversely affect the economic growth of the
microregion. Hence, it indicates the presence of a negative regional spillover,
as an increase in the economic complexity of neighboring regions tends to
reduce the GDP per capita growth of the microregion. Although unexpec-
ted, this result supports the findings of Gémez-Zaldivar et al. (2020), who
observed negative effects of economic complexity in neighboring regions
on economic growth in Mexican States. Accordingly, our results contribute
additional insights into understanding the effects of complexity on Brazilian
microregional growth.

The effects of the relatedness density — RDactiv.; on lgdppc are positi-
ve and statistically significant in SDM Models 1 and 2. However, in the
SDGMM-SYS and SDGMM-DIF models, the coefficients of RDactiv,.; are
positive but not significant. These outcomes may suggest limited productive
capabilities for knowledge-based specialization in the regions, coupled with
economic growth policies that might not be specifically aimed at promoting
proximity of economic activities, as highlighted by Davies and Maré (2021).
Conversely, earlier studies have identified effects on diverse variables, such
as comparative advantage in products and sectors (Alonso and Martin,
2019), job creation (Davies and Maré, 2021; Hane-Weijman, Eriksson, and
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Rigby, 2022), and the emergence of new specialized occupations (Jefferson
R B Galetti et al. 2022), which are indirect measures of economic growth.

Regarding the variable wRDactiv,;, representing the relatedness density
of neighboring microregions, its coefficients are not significant in any
model. These results may be attributed to two complementary explana-
tions. Firstly, within the context of the relatedness indicator, the effects
of neighboring regions are inherently captured, thereby already accounted
for in the variable relatedness. Consequently, relatedness effects may pre-
dominantly manifest through their direct effects (RDactiv, ), rendering
the spillovers or indirect effects not correlated with economic growth.

Control variables were integrated into various models to account for addi-
tional factors influencing regional GDP per capita growth, as recognized
in existing literature. These factors significantly contribute to explaining
variations in economic growth. Notably, the share of a microregion’s ex-
ports in the country’s total exports (expppartbra, ;) showed statistical sig-
nificance in explaining the growth of Igdppc, indicating significant effects
across all models presented, although the effect became negative in Model
4. Conversely, the variable pexpcom.; demonstrated positive and statisti-
cally significant effects solely in SDM models. This finding aligns with
previous research (Hausmann et al., 2011; Salles, Pinto, and Vasconcelos,
2018; Stojkoski, Utkovski, and Kocarev, 2016), highlighting the positive
effect of a microregion’s export participation and the exportation of com-
modities on microregional GDP per capita growth.

The proportion of industrial employment in the microregion (pempind,.,)
revealed positive and statistically significant effects on Ilgdppc only in
non-dynamic Models 1 and 2, whereas the proportion of employment
with a higher education level (pempsup.;) has no statistical significance.
Regarding the effect of agglomeration, the logarithm of the population
density of the microregions (Idens. ;) showed a positive effect but was not
statistically significant in all models.

To assess potential variations in the relationship between economic gro-
wth, economic complexity, and relatedness density across different regions
in Brazil, several SDM regressions were conducted for each of the coun-
try’s five major regions. The findings, detailed in Table 4 (with robustness
checks in Appendix C), consider both the dependent variables Igdppc (in
levels) and its first differences (Algdppc).
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In terms of the influence of EClactiv,; across all regions, the effect is
predominantly positive and statistically significant for both dependent
variables - Igdppc and Algdppc, except for Models 7 and 8 applied to sou-
theastern Brazil. The magnitude of these effects varies across regions, with
the northern region displaying the highest coefficients, values of 0.1539
and 0.1581 in Models 5 and 6, respectively. Southern Brazil, known for
its high economic complexity and GDP per capita, follows closely, with
coefficients of 0.1087 and 0.1025 in Models 9 and 10. The Central-West
region exhibits relatively lower coefficients of 0.0964 and 0.103 in Models
1 and 2.

Despite the South’s established economic complexity and elevated GDP
per capita, the Central-West has seen a steady increase in microregions
with high GDP per capita, gaining prominence in this indicator. In con-
trast, the North comprises numerous microregions characterized by lower
economic complexity and GDP per capita. The positive relationship obser-
ved between economic complexity and GDP per capita growth suggests
progression in northern Brazil’s transition towards a more complex product
structure, ultimately reflecting increased economic prosperity.

A comparative analysis between the South and Southeast, both characteri-
zed by a significant number of high GDP per capita microregions and his-
torical dynamism, yields distinct outcomes. While the South demonstrates
a noteworthy and statistically significant effect of economic complexity
on lgdppc, the Southeast region shows non-statistically significant results.
Studies such as Pinheiro et al. (2022) indicate the presence of a persistent
negative reinforcement mechanism, where complexity continuously grows
in already advanced areas, thereby increasing the spatial distance from less
developed regions. These less developed regions maintain their production
by diversifying into low-tech activities. This pattern suggests a decreasing
significance of economic complexity in driving GDP per capita growth
within the Southeast region, a pattern not observed in southern Brazil
during the assessed.

Estud. Econ., Sdo Paulo, vol.54(4), e53575442, 2024



Felipe Micail da Silva Smolski, Janaina Ruffoni, Suelene Mascarini 25

Table 4 - SDM Regressions, dependent variable lgdppc and Algdppc, separated by re-
gions in Brazil from 2002 to 2020.

Central-West Northeast North Southeast South

lgdppc  Algdppc lgdppc  Algdppc  Ilgdppc  Algdppc  lgdppc Algdppc  lgdppc Algdppc
(1) @) @) 4 () (6) (7) 8) ©) (10
rho 0.0055 0.0175 04007 0.0986 "  0.1095™ 008727 00501  0.0563" 0.016  -0.0005

(0.0393)  (0.0434)  (0.0216) (0.0224)  (0.0349)  (0.0374)  (0.0233) (0.0243)  (0.0307) (0.0319)
wlgdppc. . 05964 -0.4048" 05953 040717 04425™ 05729 06233 -0.3848" 0.3803 " -0.6302 "
(0.0256)  (0.027) (0.0138)  (0.0141)  (0.0255)  (0.0268)  (0.0145) (0.015)  (0.0229) (0.0234)
lgdppc.. 0.0647 0.062 01171 02206 01675 0262 01403 0.1961  -0.0017 0.0142
(0.0503)  (0.048) (0.0254)  (0.0218)  (0.0429)  (0.041)  (0.0272) (0.0234)  (0.0419) (0.0434)
RDactiv -0.0059 ™ 0,008 00029 00025  0.0034" 0.0033° 0.0024" 00024 -0.0032" -0.0029
(0.0019)  (0.0019)  (0.0008) (0.0008)  (0.0014)  (0.0014)  (0.0009) (0.0009)  (0.001)  (0.001)
EClactiv ., 00964 0403 00626 0065 015397 045817 0019 00151  0.1087 " 0.1025 "
(0.0272)  (0.0279)  (0.0086) (0.0088)  (0.019)  (0.0197)  (0.0129) (0.0133)  (0.016) (0.0164)
WRDactiv ., -00078" -0.0078"  0.0004  0.0008 00032  0.0044° -0.0037 " -0.0043™"  -0.0002 0.0003
(0.0031)  (0.0033)  (0.0011) (0.0012)  (0.002)  (0.002)  (0.0013) (0.0013)  (0.0017) (0.0018)
wECIactiv ., 00249 -0.0278  -0.0718™ -0.0677"  -0.0315  -0.0337 00036 00087 00517  0.0479"
(0.0355)  (0.0361)  (0.0131) (0.0135)  (0.0275)  (0.0282)  (0.0156) (0.0161)  (0.0224) (0.0231)
pexpcom . -0.0267 00168 00497 00515 007617 00754 00622" 00545 -0.0938 " -0.0946
(0.0397)  (0.0417)  (0.0127) (0.0129)  (0.0267) (0.0277)  (0.0195) (0.0202)  (0.0273) (0.028)
Idens . 00386~ 00364 0014 001657  -00159  -0.0141 00306 00331 -0.0413" -0.0391 "
(0.0161)  (0.0169)  (0.0047) (0.0048)  (0.0104)  (0.0107)  (0.0077) (0.008)  (0.0101) (0.0104)
pempind . 03025° 03065 014757 0.104 -0.0147  -0.0366 022077 02177 029817 03627
(0.1516)  (0.1577)  (0.0532) (0.0547)  (0.1571)  (0.1723)  (0.0864) (0.0896)  (0.0852) (0.0877)
pempsup .. -0922°  -1.026° -0.1494  -02029  04816" 0.4174° 06796~ 0.7103" 07444 0.7479"
(0.435)  (0.4498)  (0.1052) (0.1075)  (0.2031)  (0.2064)  (0.272)  (0.2801)  (0.2849) (0.294)
exppartbra,; 2518417 232609 123528 10.928"" 14.0234" 135569 233417 2.1275° 13.6557 "14.2539 "
(6.3993)  (6.5289)  (2.8013) (2.8691)  (25562) (2.5986)  (0.8861) (0.936)  (1.949) (2.0221)

R? 0.862 0.229 0.891 0.217 0.868 0.308 0.862 0.213 0.88 0.338
AIC 731.32 695.26 1734.07  1603.67 852.55 808.76  2187.71 2100.12 700.23  632.65
EF Microregion No No No No No No No No No No
EF Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: Statistical significance: ***p < 0.001; **p < 0.01; *p < 0.05. Standard error in parentheses.
AIC = Akaike Information Criterion. FE = Fixed Effects. Source: Developed by the authors.
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Concerning the variable RDactiv.,, the results demonstrate positive and sta-
tistically significant effects in the regressions performed for the Northeast,
North, and Southeast (as presented in Equations 3, 4, 5, 6, 7, and 8 in
Table 4). In particular, the effect of RDactiv,; on both Igdppc and Agdppc
is most notable in the North, suggesting that an increase in the proximity
of activities within this region has a considerable influence on economic
growth. This observation offers a unique perspective in the existing body of
literature and may assist in the development of strategies aimed at enhan-
cing local income, especially in Brazilian regions where the per capita GDP
is traditionally lower than that in the southeastern and southern regions.

Conversely, in the South and Central-Wests, known for their roles as
commodity exporters, the effects of RDactiv,; are negative and statis-
tically significant. This indicates that a lower relatedness density has a
more pronounced effect on GDP per capita. Therefore, the influence of
activity proximity on Igdppc in these regions diverges from the prevai-
ling literature, suggesting that these areas benefit from activities that are
not immediately proximate to their growth. Instead, they thrive through
activities characterized by higher economic complexity, as observed earlier.

This evidence underscores the presence of different effects of economic
complexity and relatedness on Brazilian microregions, offering supplemen-
tary insights to the conclusions reported by Davies and Maré (2021). They
found that economic complexity and relatedness positively and synergis-
tically contribute to the creation of employment in larger urban centers.
However, this trend does not consistently apply to smaller cities in New
Zealand, thereby underscoring the varied effects of economic complexity
across different geographical contexts.

In contrast, Mewes and Broekel (2022), utilizing regional data from
Europe, reveal that the positive influence of complexity on growth can
be statistically significant, even in non-metropolitan areas. This provides
evidence that regions outside metropolitan centers can also benefit from
increased productive complexity. Nonetheless, our findings suggest that
historically disadvantaged areas, marked by lower per capita incomes such
as northern and northeastern Brazil, might witness more significant posi-
tive effects due to the evolution of economic complexity and relatedness
density patterns. These effects may even exceed those in areas traditio-
nally considered more developed, or that have undergone earlier indus-
trialization processes, earlier, such as the country’s South and Southeast.
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As previously mentioned, the statistically significant positive effects of
economic complexity on GDP per capita growth were apparent in nume-
rous models. Still, the equally positive effects of relatedness density across
various regions warrant further investigation. Future studies should explo-
re the potential interaction effects between these variables. The results of
this research underscore the existence of regional disparities in producti-
ve capabilities and economic performance across Brazilian microregions.
These variances should be meticulously analyzed to aid in the crafting of
targeted public policies designed to bolster economic growth.

5. Final Considerations and Implications

The literature on economic complexity has increasingly focused on how
countries reshape their activities, engage in the production of more com-
plex products, participate in innovative activities, and advance scientific
research. Researchers have emphasized the importance of examining the
effects of the proximity of capabilities, products, activities, technologies,
and scientific research within the context of regional development, inno-
vation, and economic growth (Balland et al., 2018; Chévez, Mosqueda, and
Gomez-Zaldivar, 2017; Hartmann et al., 2020; Hausmann and Hidalgo,
2011; Mascarini et al., 2023; Mewes and Broekel, 2022; Queiroz, Romero,
and Freitas, 2023; Vinci and Benzi, 2018).

In light of this context, our study aimed to investigate the effects of eco-
nomic complexity and relatedness on the GDP per capita of Brazilian
microregions, using data from 2002 to 2020. The findings provide em-
pirical evidence that economic complexity has a positive effect on the
economic growth of Brazilian microregions. These results were obtained
while addressing concerns regarding spatial autocorrelation and endoge-
neity through the application of advanced econometric techniques and the
inclusion of relevant control variables, alongside robustness checks with an
alternative variable.

Our analysis reveals a positive, though somewhat modest, relationship bet-
ween the density of knowledge proximate activities (relatedness) and the
economic growth of microregions. When examining the effect of economic
complexity and relatedness in Brazilian microregions, we found evidence
that economic complexity has a positive influence on economic growth
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across all regions, albeit with variations in the magnitude of the effect.
Thus, our findings suggest that the influence of economic complexity and
relatedness on regions are unequal.

Furthermore, the results demonstrate that the northern, central-western,
northeastern, and southern regions experienced a more significant effect
on GDP per capita growth due to the evolution of economic complexity.
Similarly, relatedness density, while closely associated with regions of
greater economic complexity, had a more substantial effect on Northeast,
Northern, and Southeast. These findings represent novel contributions
to the existing literature, especially within the Brazilian context during
the analyzed period, considering the historical challenges faced by these
microregions.

The evidence presented in this manuscript offers valuable insights for
enhancing economic growth while considering regional disparities. It
suggests that to foster sustainable growth and prosperity, it is essential to
encourage economic complexity. These insights could guide policies aimed
at addressing the challenges faced by lagging regions, restructuring regio-
nal industries to increase the overall complexity of the production mix,
elevating their economic complexity through technological sophistication,
and moving towards high-quality activities to promote faster growth rates.
Collectively, this may highlight the importance of economic complexity
and human capital in driving economic growth and supporting the develo-
pment of local labor markets into complex and related activities.

Given the spatial heterogeneity and historical context of Brazilian regions,
policymakers could acknowledge limitations and promote specific regional
capabilities for engaging in technological change, knowledge diffusion, and
growth (Boschma 2017; Hidalgo et al. 2018; Hidalgo 2023). By focusing on
developing the unique productive structures of each region, decision-ma-
kers could increase the diversity of economic activities, encourage produc-
tive change by leveraging existing capacities, and support activities in areas
with dense interrelatedness. Additionally, they could explore deliberate
efforts to enable regions to accumulate capabilities, facilitating product
diversification.

Public policies should adopt a strategic approach that prioritizes economic

activities closely related to the current structure (relatedness) while ai-
ming for greater sophistication. This requires joint efforts from both the
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public and private sectors to uncover potential. Such efforts can prevent
economic stagnation in less-developed regions by incentivizing the introduc-
tion of new products and technologies, and promoting the recombination of
unrelated knowledge through policies that develop new paths of knowledge,
as well consider the relevance of complex services on economic complexity.

Considering economic complexity as a critical factor for regional econo-
mic growth can fuel policy debates about region-specific policies, such
as the smart specialization strategy. This could significantly enhance re-
gional economic performance by leveraging local economic capabilities,
promoting new specializations in more complex and specific activities,
reshaping the landscape of local economic actors and institutions, and
fostering meaningful spillover effects (Balland et al., 2018; Hartmann et
al., 2017; Hidalgo and Hausmann, 2009). Such insights can focus on iden-
tifying potential strategies to enhance productive sophistication through
the economic complexity transmission channel, leading to improved GDP
per capita performance across regions.

The main limitation of this study is the lack of uncovering the factors and
mechanisms behind regional disparities in the effects of economic com-
plexity and relatedness on regional economies, and the absence of data on
informal economic activities. Future research should determine whether
regions that have historically lagged economically have experienced more
pronounced growth in per capita production. It is also imperative to assess
whether the disparities between economically disadvantaged and affluent
regions have decreased over time.

Appendix A - Lisa indicator

Moran’s Global I is an indicator utilized to assess the spatial autocorre-
lation of a given variable and its surroundings, based on a predetermined
weight matrix. This tool thus measures the strength of this relationship
(Equation 16):

o= n lej Wij (Zi — Z_) (16)
w = . 2
Zizf Wij ) (zi —Z)

i
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where i # j, w represents the assigned weight matrix, n the number of
regions, z the variable of interest analyzed, i and j the regions. The null
hypothesis of this relationship is that neighbors do not co-vary with the
region, and for values of Iy > 0 there is a positive spatial autocorrelation.
It is possible to obtain the statistical significance of this autocorrelation by
calculating the threshold values for Hy (Loonis and Bellefon, 2018).

1

E(ly) = ] (17)

lw—E(w) _
L ~N(O01) (18)

Moran’s Global I therefore demonstrate the presence or absence of a
pattern of spatial dependence using all data from the analyzed sample.
However, Anselin (1995) developed a local indicator to analyze spatial
associations, known as LISA (Local Indicator of Spatial Association), by
which each observation can have its contribution analyzed. This approach
enables the statistical analysis of significant clusters across locations. In
this context, for each observation, it is possible to determine the extents
of the spatial clusters in relation to similar values around the observation,
and the sum of all LISA indicators from the observations proportionally
represents the Global Moran indicator. Local Moran’s I is:

I = (zi— 2)Xwij(zj — 2) (19)

Thus, values greater than zero of I;indicate that there is clustering of si-
milar values (above the average), and values less than zero indicate a mix
of dissimilar values, for example, high values surrounded by low values
(Loonis and Bellefon, 2018). For this clustering to be statistically signi-
ficant, the combinations of similar or dissimilar values must differ from
what would be observed in a randomized spatial distribution.

I-E()
Z(l}) = ———=—=~N(0,1) (20)

JVar(ly)

Threshold values are defined to test the null hypothesis that the values
are normally distributed. The LISA indicator then demonstrates the areas
where local autocorrelation processes (Local Moran’s I) surpass global au-
tocorrelation processes (Global Moran’s I) and where autocorrelation is

absent (Loonis and Bellefon, 2018).
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Appendix B - Fitness

The fitness complexity method (FCM) was introduced by Tacchella et al.
(2012) with the objective of offering an alternative, non-linear, and itera-
tive approach to measuring the economic complexity of countries/regions
and their exported products or activities. Unlike the reflections method,
FCM posits that “the complexity of a product cannot be defined as the
average of the fitness of the countries producing it” (Tacchella et al., 2012,
p. 1). Instead, a product or activity can only be deemed highly complex
if it is produced in a highly competitive region or country. Tacchella et al.
(2012) describe the iterative process of the FCM as follows:

- _ &(n)
™ = E MpQd D | g - e
p

[ ~
- 1 . (FC(TL))C o
N T AM)
Qp Z M 1 n) _ Qpn
cMep —m= p = =
Y (@5

Where F, is the fitness of a region, Q, is the complexity of an activity,
obtained at a fixed point; M,, ate the binary region-activity matrix M (see
Section 3.1).

The iterative method is based on computing Fc(n) and Q(n) and normalizing
the results to define the region’s fitness and the complexity of activities for
each (n) iteration, and the final value of fitness reflects the region’s eco-
nomic complexity (Gao and Zhou, 2018). The advantage of this iterative
process is that, at each iteration, both variables are normalized, and the
information is refined, as reported by Tacchella et al. (2012). In this study,
we compute 20 iterations, and the final fitness variable was used in logari-
thm form ([fitness), as employed by Stojkoski, Koch, and Hidalgo (2023).
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Appendix C - Robustness checks

Table 5 - SDM, SDGMM-SYS, and SDGMM-DIF regressions, dependent variable
lgdppc, Brazilian microregions from 2002 to 2020 (economic complexity al-
ternative and independent variables: Ifitness and wlfitness).

SDM SDGMM-SYS SDGMM-DIF
lgdppc Algdppc lgdppc Algdppc
(1) o (2) e (3) o (4) o
rho 0.1045 0.1032 0.7097 0.4807
(0.0125) (0.0129) (0.0625) (0.1347)
lgdppc.. 0.6227" -0.3829™ 0.1373" 0.0726"
(0.0078) (0.008) (0.0241) (0.0223)
wlgdppc.., 0.1463™ 0.2524™ 0.0002 0.0255
(0.0142) (0.0114) (0.0351) (0.0369)
RDactiv., 0.001° 0.0009 0.0040" 0.0007
(0.0005) (0.0005) (0.0015) (0.0015)
Ifitness ., 0.0359™ 0.0352" 0.0600™ 0.0221"
(0.0034) (0.0035) (0.0079) (0.0088)
WRDactiv ., 0.0005 0.0006 -0.0009 -0.0004
(0.0007) (0.0007) (0.0025) (0.0029)
wifitness .1 -0.0224™ -0.021™ -0.0596™ 0.0115
(0.0053) (0.0054) (0.0149) (0.0162)
pexpcom . 0.0448™ 0.0444™ 0.0515" -0.0273
(0.0088) (0.0091) (0.0226) (0.0182)
Idens ., 0.004 0.0061" 0.0280’ 0.1080
(0.0027) (0.0028) (0.0126) (0.2125)
pempind .; 0.2009" 0.1925™ 0.3551" -0.0168
(0.0332) (0.0344) (0.1161) (0.1950)
pempsup .; -0.0004 -0.0604 -0.0404 0.2839
(0.0775) (0.0795) (0.1695) (0.1883)
exppartbra . 5.9014™ 57785 11.6200° -3.8489
(0.6321) (0.6606) (4.7336) (2.0389)
N 9486 9486 10602 10602
R 0.89 0.21
AIC 6621.21 6246.19
Sargan: p-value 0.0027 0.6628
AR (1) 0.0000 0.0000
AR (2) 0.0147 0.0320
FE Microregion No No Yes Yes
FE Year Yes Yes Yes Yes

Note: Statistical significance: ***p < 0.001; **p < 0.01; *p < 0.05. Standard error in parentheses.
AIC = Akaike Information Criterion. N = Number of observations. FE = Fixed Effects. Source: Deve-
loped by the authors.
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Table 6 - SDM Regressions, dependent variable lgdppc and Algdppc, separated by regions
in Brazil from 2002 to 2020 (economic complexity alternative and indepen-
dent variables: Ilfitness and wlifiiness)

Central-West Northeast North Southeast South

lgdppc Algdppc  lgdppc Algdppc  Igdppc Algdppc lgdppc Algdppc lgdppc Algdppc
(1) ) (@) (4) (5) (6) (7) (8) © (10

rho 0.0108  0.0193  0.0918" 00906~  0.1118" 0.0835 0.049°  0.0553 0.0344  0.0146

(0.0393) (0.0433)  (0.0217) (0.0225)  (0.035) (0.0374)  (0.0233) (0.0243)  (0.0303) (0.0314)
wigdppc.; 061067 -0.3899™  0.6084™ -0.3941" 0477 -054377 06237 -0.3853" 039527 -0.616"
(0.025) (0.0265)  (0.0136)  (0.014)  (0.0254) (0.0267)  (0.0145) (0.015)  (0.0227) (0.0232)
lgdppce 00662 00665 00988 01934  0473" 026127 013767 019317 00393  0.0684
(0.0482) (0.0449)  (0.0255) (0.0219)  (0.0432) (0.0403)  (0.027) (0.0229)  (0.0389) (0.0378)
RDactiv.;  -0.0069™ -0.0069"  0.0024™  0.002" 00023 00021  00022" 0.002°  -0.004" -0.0037"
(0.0019)  (0.002)  (0.0008) (0.0008)  (0.0015) (0.0015)  (0.0009) (0.001)  (0.001) (0.0011)
Ifitness . 0.0408™ 0.0418™ 003217 00322" 0059 00624 0011 00093  0.0518" 0.0494™
(0.015)  (0.0155)  (0.0051) (0.0052)  (0.0102) (0.0105)  (0.008) (0.0082)  (0.0098) (0.0099)
wRDactiv,,  -0.007  -0.007  -0.0008 -0.0004  0.0028 00041  -0.0042" -0.0048""  -0.0009 -0.0005
(0.0032) (0.0034)  (0.0013) (0.0013)  (0.0021) (0.0021)  (0.0014) (0.0015)  (0.0019) (0.0019)
wifitness.; ~ -0.0303 -0.0202  -0.0177° 00162  -0.0262 -0.0244 001 0.0131 0.0168  0.0167
0.02)  (0.0205)  (0.0085) (0.0087)  (0.0154) (0.0158)  (0.012) (0.0124)  (0.0163) (0.0166)
pexpcom.;  -0.014 00026  0.0449” 0.04677  0.0592° 0.0564  0.063" 0.0558" -0.0973" -0.0969"
(0.0395) (0.0415)  (0.0127)  (0.013) (0.027)  (0.028)  (0.0196) (0.0203)  (0.0273) (0.0281)
Idens ., 0053”7 00537 001417 001727  -0.0032 -0.0016 003177 00347  -0.0348" -0.0328™
(0.0149) (0.0156)  (0.0046) (0.0047)  (0.0102) (0.0104)  (0.0074) (0.0076)  (0.0101) (0.0104)
pempind.; 03703 0.3693"  0.1487  0.1065 02246 02563 02597 02506  0.5571"" 0.6031"
(0.1483) (0.1542)  (0.0528) (0.0543)  (0.1579) (0.1732)  (0.0759) (0.0786)  (0.0743) (0.0765)
pempsup.;  -1.0557" -1.1721" 02001 -0.2528"  0.4176° 03806 07026 07208  0.9954 0.9773"
(04399) (0.4547)  (0.105)  (0.1073)  (0.2068) (0.2102)  (0.2673) (0.2752)  (0.2764) (0.2844)
exppartbra,; 27.6312" 261066 13.3381" 120257 16.9374" 16.3579" 23516  2.1422° 152197 15.6724™
(6.3288) (6.4603)  (2.8119) (2.8801)  (25391) (2.5865)  (0.8859) (0.9357)  (19327) (2.0067)

R? 0.861 0.223 0.89 0.21 0.864 0.289 0862 0214 0879 0332
AIC 73594 701.59 1762.8  1631.62 8833  837.22 21871 2099.15  719.95  648.24
FE Microregion ~ No No No No No No No No No No
FE Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: Statistical significance: ***p < 0.001; **p < 0.01; *p < 0.05. Standard error in parentheses. AIC
= Akaike Information Criterion. N = Number of observations. Source: Developed by the authors.
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