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Abstract: This paper assesses the application of the economic complexity methodology to
assess the issue of structural heterogeneity in the agricultural sector. The literature mostly
focuses on the manufacturing industry, when trade data is used, having only more recently
incorporated the services sector when firm-level data was taken into consideration.
Applications regarding exclusively the agricultural sector are scarce and it is still an open
question whether these activities can be assessed through the lens of economic complexity,
given considerable differences in the nature of their production process. Moreover, apart from
difficulties related to acquiring reliable data, one should not assume that economic
complexity’s central tenets can be applied to agricultural goods. Using establishment-level data
aggregated into region data from the latest Brazilian Agricultural Census, the paper tests the
use of the economic complexity methodology in agricultural production. As a proof of concept,
two empirical exercises are carried out. First, we calculate similarity measures between
agricultural products, create a product space, apply a method of network clustering and use
the clusters to characterize the productive structure of Brazilian regions. In the second
exercise, we present an agricultural complexity index and provide evidence of its relationship
with development indicators. The results show that producing goods located at different areas
of the product network is strongly associated with different levels of productivity, education,
technology, land inequality and human development. Based on this evidence, we argue that the
economic complexity toolkit applied to data on agricultural products can fill a key gap in the
literature, which is the lack of proper indicators to represent the productive heterogeneity
across products and regions.
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1. Introduction

Economic literature has long emphasized the key role played by the agricultural sector’s
development within the general economic development process. However, most of the debate on
structural change over the decades, with notable exceptions, has focused on the transformative
role played by the relative growth of modern sectors vis a vis backward ones.

From the overwhelming and all-encompassing importance of the manufacturing industry in
classical development theories, the literature moved on to the relevance of embedded knowledge,
be it the form of the technological intensity of the production of goods and services or in the
more recent shape of more and more complex products and sectors.

Over time, the importance of the modernization of the of agricultural production has
been acknowledged. However, more in-depth analysis of more detailed characteristics of these
services has been mostly carried out by more specialized literature. Consequently, it is common
to notice that, particularly in the context of development economics, the agricultural sector,
albeit properly characterized by its marked structural heterogeneity, is often described in
dualistic terms. Very high productivity, export-oriented production is contrasted with lower
productivity, internal market and sometimes subsistence-focused production. This dichotomy
can be also represented by the socioeconomic chasm observed between large versus small
property production or in the more highly mechanized, R&D demanding, production, versus
lower-tech, labour-intensive, traditional cultures that dominate vast areas of developing nations.

On the other hand, in the context of development studies, a remarkably wide variety of
works, either thematic or case studies, can be found covering a myriad of relevant socioeconomic
aspects related to the connection between agricultural development and economic development
as a whole.

As mentioned before, studies focusing on the manufacturing industry and the role of
diversification and structural change have followed a very different path. Increasing levels of
disaggregation and of specific thematic analysis have been incorporated into the main agenda
of the field. In more recent years, studies that draw from the economic complexity perspective
originally developed by Hidalgo et al. (2007), Hidalgo e Hausmann (2009a), Hausmann et al.
(2014) have proliferated, branching to several different areas.

In a little more than a decade, complexity economics diversified to a vast array of
themes and areas, either directly through the evaluation of the relationship between economic
complexity indices and various socioeconomic characteristics or through the still very fertile
exploration of the principle of relatedness Hidalgo et al. (2018). A wide-ranging review of the
diversity of studies is well depicted in Hidalgo (2021).

However, it has not been used to directly assess the agricultural sector. The vast majority
of the literature that uses trade data has been restricted to industrial goods and does not
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capture internal market dynamics. More recently, with the expansion of the use of firm-level
data based on formal employment, services started to be taken into consideration together
with industrial goods. However, it is still a problem to analyze sectors characterized by high
levels of informality, such as agriculture.

Beyond this issue, applications of economic complexity exclusively to the agricultural
sector are scarce. Also, it is still an open question if the sector can actually be assessed through
the lens of economic complexity. The sector has considerable differences in the nature of its
production process, i.e., the prominent necessity of specific natural conditions, arable area,
different work relations in rural areas, the attachment of workers to the means of production,
the existence of production which are not destined for the markets (subsistence) and the
perishable condition of products that can directly affect the geography of agriculture.

To tackle this substantial gap in the literature, this paper aims to address both these
problems by adapting and applying methodologies developed by the literature on economic
complexity to the agricultural sector. It does so by calculating an index to measure and
characterize agricultural structural heterogeneity upon which an analytical framework can be
built to inform development policies. We use a regional approach based on sectoral data on
products whose production is not only destined for exports but also for the internal market,
which is in itself a novelty for the economic complexity literature.

Two empirical exercises are carried out to test the suitability of the economic complexity
approach to the agricultural sector. In the first exercise, we calculate the Agricultural Complexity
Index, which is analogous to the Economic Complexity Index. However, the given sectors’
peculiar characteristics, such as the dependence on climate, soil, land size, proximity to markets
and infrastructure, there is no a priori reason to suggest that the economic reason can be
transposed from manufacturing to agriculture. The underlying hypothesis is that even given the
marked structural differences, different levels of diversification of local production, together with
the relative “rarity” of the production of individual goods can give a meaningful approximation
to a region’s implicit capacity to combine knowledge and productive factors to produce a basket
of agricultural goods.

In the second exercise, we calculate similarity measures between agricultural products,
which are used to create a (agricultural) product space. In addition, we apply a network clustering
method to characterize the productive structure of Brazilian regions. After a methodological
discussion about the agricultural product space, we show that producing goods located in
different areas of the network is related to different levels of productivity, education, technology,
land inequality, and human development.

This proof of concept is carried out using data on agricultural production from the latest
Brazilian Agricultural Census. This data is particularly suited to apply the economic complexity
methodology to the agricultural sector.
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First, it includes the entirety of the very vast and varied agricultural production across a
huge notoriously unequal territory. It includes information on over five million rural establishments
which are aggregated in over five regions, producing an array of over three hundred products.
Secondly, the census data is not restricted to goods produced for external markets and includes
all sorts of production including informal and subsistence activities. In this sense, its coverage
goes well beyond that of more common complexity studies.

Based on the results we argue that it is possible to use the relatedness principle to map
paths for case-specific regional diversification policies and that the economic complexity index
is a good indicator to assess the productive structural heterogeneity in agriculture.

The paper is divided into five sections besides this introduction. Section two includes
a brief presentation of the relevant literature, which allows us to situate the paper’s research
question as well as the gap in the literature. Section three brings details on the methodology
and data used in the exercises. Section four consists of the presentation and discussion of the
results. Section five brings final remarks and considerations.

2. Agriculture and Economic Complexity

Similarly to the whole of the country’s socioeconomic fabric, the Brazilian agricultural
sector has been historically characterized by a high degree of heterogeneity. Macroeconomic
and sectoral differences across a wide variety of indicators are also associated with marked
differences in the productive structure of the regions. Such disparities have been the hallmark of
the country since colonial times. Vast chasms between high-productivity, exporting-producing
activities and low-productivity, internal market and subsistence-producing ones have persisted
over time and across the territory. Over time, these inequalities have endured several waves of
productive modernization, which transformed a deeply agricultural and rural country into a
mostly services, manufacturing-led, urban one.

Unsurprisingly, it has become common to use the well-known concept of structural
heterogeneity to characterize the country’s agricultural production, as very high and very low
productivity sectors and activities coexist persistently through time (PINTO, 1970).

The use of this concept to understand the Latin American countries’ agricultural sector is
still important. However, it has also become commonplace to emphasize only two opposing types
of agriculture: one of very large, high-productivity properties, usually exporting a significant share
of the production, and the other of small, low-productivity properties, largely for subsistence.
However compelling for broad stoke analysis, such as those carried out under or related to
dualistic theories and formal models (Lewis and others), an in-depth appraisal of the sector
would require more detailed information to draw an accurate picture of the sector diversity.
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The dualistic views on agriculture are usually related to the markets for which products
are destined: modern agriculture produces commodities for external markets and family (or
peasant) farming produces a variety of goods directed to subsistence or local markets. But
agriculture includes on a vast variety of products, which are commercialized on distinct markets
that differ on the kind of products, their circulation flows through time and space, the actors
involved, the local and global legislation to which they are subjected, and the role they play in a
broader supply-chain. They are complex socio-material constructions which directly affect their
production and consumption patterns. They cannot be considered just a flow of "commodities"
or flows for local subsistence. In this perspective, the nature of products is defined by a variety
of upsurging nested markets that form highly heterogeneous regional agriculture. Ploeg, Ye e
Schneider (2022) show how usually the variety of internal markets are treated as homogeneous
in dualistic views or as very specific case studies.

In rural areas it is possible to find a broad huge variety of livelihood ways. (ELLIS,
2000; PERONDI; SCHNEIDER, 2012; SCHNEIDER, 2010; SCHNEIDER; CASSOL, 2013;
BELIK, 2015). Hence, finding a more accurate way to measure and represent the structural
heterogeneity in agriculture is still a challenge. There’s no consensus about which indicators
and methods are more suitable to represent the diversity across regions and to illuminate
possible paths to development. The literature regarding the agricultural sector in Brazil explores
different aspects such as technology diffusion, productive diversification and specialization,
inequality, human development, work relations among other aspects, trying to portray and give a
satisfactory understanding of its structural heterogeneity (GASQUES et al., 2010; FORNAZIER;
VIEIRA-FILHO, 2012; MARCONATO; LAROCCA; QUINTANILHA, 2012; SANTOS; VIEIRA-
FILHO, 2012; FELEMA; RAIHER; FERREIRA, 2013; OLIVEIRA-FERREIRA; VASCONCELOS,
2014; SAMBUICHI et al., 2014; SILVEIRA, 2014; SAMBUICHI et al., 2016; VIEIRA-FILHO;
FISHLOW, 2017; SOUZA et al., 2018).

Despite the important body of work available, there is no consistent methodological
framework capable of resuming the different aspects the productive heterogeneity among regions.
Moreover, there is no toolkit to inform the design of policies to foster regional development in
agriculture that considers each region’s particularities.

The economic complexity perspective emphasizes how local capabilities and productive
knowledge play a central role in determining which set of goods and services can be produced
by a region. It has been an important framework for applied economics studies about growth,
development and international trade in the last 15 years (HIDALGO et al., 2007; HIDALGO;
HAUSMANN, 2009a; HAUSMANN et al., 2014; STOJKOSKI; UTKOVSKI; KOCAREV, 2016;
CHÁVEZ; MOSQUEDA; GÓMEZ-ZALDÍVAR, 2017; TACCHELLA; MAZZILLI; PIETRONERO,
2018; BRITTO et al., 2019).

Its empirical toolkit, centred around the economic complexity index, has been extensively
used also to analyze changes in countries’ productive structure. Moreover, recently it has also
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been rather prolific in showing how the level of economic complexity relates to a multitude of
socioeconomic indicators, such as income inequality, labour market characteristics, technology,
and environmental issues (HARTMANN et al., 2017; SBARDELLA; PUGLIESE; PIETRONERO,
2017; CAN; GOZGOR, 2017; FAWAZ; RAHNAMA-MOGHADAMM, 2019; NEAGU; TEODORU,
2019; ZHU; YU; HE, 2020; LAPATINAS; LITINA; ZANAJ, 2021; ROMERO; GRAMKOW,
2021; STOJKOSKI; KOCH; HIDALGO, 2023).

Recently, this approach has been used to better understand different aspects of urban
and regional economies, especially in terms of specialization patterns and technological changes
(BALLAND; RIGBY, 2017; BALLAND et al., 2018; BALLAND et al., 2019; FREITAS, 2019;
MONTRESOR; QUATRARO, 2020; GOMEZ-LIEVANO; PATTERSON-LOMBA, 2021).

The main reason for the fast growth of the economic complexity literature is related to
the agnosticism of its main empirical methods and principles. The methods have no a priori
assumptions regarding the nature of the factors that influence economic activities, such as the
production composition by capital, labour, technology and human capital (HIDALGO, 2021).

The economic complexity approach uses three main indicators: revealed comparative
advantages, considered as a specialization indicator, products’ ubiquity, taken as a product
sophistication measure, and the degree of regional diversification. From this basic starting point,
the use of dimensionality reduction techniques and network analysis provides a large amount of
information regarding the local productive knowledge basis. Economies are regarded essentially
as complex production systems and the empirical framework provides efficient means to obtain
information about its emerging properties. These characteristics have been shown to be useful
to analyze heterogeneous economic structures using trade, employment and patent data.

The economic complexity approach focuses on dealing with the central issue of develop-
ment: why some countries developed and others do not? The classical literature on development
economics and that of the Latin American structuralist tradition (ECLAC) converged on the
importance of a leading industrial sector and structural change in order to achieve higher levels
of income3.

The heterogeneous productive conditions and the local differences in available capabilities
make it hard to empirically identify diversification patterns with the precision needed to build
solid public policies for development. Besides showing robust evidence of the existence of a
core-periphery structure in the world trade network and the importance of industrial sectors for
development, the seminal papers of Hidalgo et al. (2007) and Hidalgo e Hausmann (2009a)
presented a way to empirically portray the composition of productive structures and map
paths to diversify in feasible industrial sectors without the need of knowing the nature of each
capability needed for production of specific goods and which are the determinant production
factors of an activity (HIDALGO, 2021).
3 The convergent view does not prevent differences between those perspectives, ECLAC’s view on core-

periphery dependence as a particular historical phenomenon of the capitalist development.
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The flexibility of the economic complexity approach to infer capabilities requirements
resulted in great advances in several themes. For instance, the drivers for innovation are multiple
and long debated in economics, but the works of Balland e Rigby (2017), Balland et al. (2018)
and Balland et al. (2019) were able to successfully map technological innovation patterns in
regions by applying the economic complexity framework to patent data in Europe and the
United States. No assessments were needed on factors usually mentioned as key factors for
innovation such as university-industry interactions, R&D investments, human capital or the
organization of national innovation systems. The same applied to understanding production
and diversification patterns in research activities, using paper citation data, labour occupations,
employment data, and cities.

3. Methodology and Data

The methodological challenges for the high-level disaggregated analysis of the agricultural
sector, within the economic complexity perspective, encounter difficult-to-surmount barriers.
These barriers are primarily related to the limited availability of data and technological classifi-
cations for agricultural activities, making both the method’s application and the analysis of the
obtained results challenging. In this paper, we circumvent these difficulties by calculating the
Agricultural Complexity Index, the Agricultural Product Space and clusters using regionally
aggregated data from the 2017 Brazilian Agricultural Census. Finally, we test for the association
between the index and relevant economic variables.

3.1 Data

In order to analyze the complexity of the Brazilian agricultural sector we used the Brazilian
Agricultural Census of 2017 from the Brazilian Institute of Geography and Statistics (IBGE).
The Census contains information on 5.073.324 rural establishments across the territory, which
embraces "any production unit dedicated, either wholly or partially, to agricultural, forestry,
or aquaculture activities, regardless of its size" (BRASIL, 2019, p. 9). The interviews are
conducted with the managers of rural establishments and collect data about production, land
use, rural employment, agricultural area, technologies used in agriculture, education of people
employed in agriculture, ethnicity, and family bonds, among several others. The Census is the
most complete survey on Brazilian agriculture. However, the field of development economics
doesn’t have a tradition of using this data. The data is mostly used by other fields of economics
and agrarian sciences.4

The agricultural census effectively solves a major issue of data availability for agriculture,
4 For example see Cardille e Foley (2003), Rada, Helfand e Magalhães (2019), Ferreira e Féres (2020),

DePaula (2020), Neves et al. (2021), Oliveira et al. (2022), Junior, Rodrigues e Silva (2022).
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given that all other usual databases used in economic complexity approaches have considerable
problems regarding the sector. Export data are unable to capture the dynamics of the domestic
market, which accounts for the biggest share of Brazilian agricultural production. Employment
data has limits regarding agriculture due to the high level of informality in the sector. Patent
data primarily capture innovations related to the industrial sectors underlying agriculture and
have a bias towards professionalized and export-oriented agriculture. The Census solves all these
problems by collecting data about establishments in the sector, regardless if they are legally
formalized or not, if they are family farming producing for local markets or exported-oriented,
if they are illegal land occupations or occupied by social movements or even indigenous lands.

Another limitation of highly disaggregated studies in agriculture is the absence of standard-
ization in the classification of agricultural products or activities. While export data, economic
activities, occupations, and patent technologies have well-defined international classifications,
agricultural products and activities lack standardized classifications. An alternative would be
to use commodity data, but this would mean overlooking a significant portion of production
and would not be capable of accommodating the sector’s diversity. The same goes for product
classification like the Harmonized System (HS) or the Common Classification of MERCOSUR
(NCM). Given their focus on exports, they are not able to capture the country’s productive
diversity. The Census allows us to gather information on the production value of 312 products
of all kinds across the country, including those produced for self-consumption or local markets.
It allows considering the least developed regions that do not figure in other datasets in the
estimations and to have a more accurate view of regional disparities in the analyses.

The main limitation of the Census are two-folded: the first is its declaratory nature. The
main datasets in complexity approaches are usually administrative records, which are ideal.
However, the high informality in the sector, its diversity of markets and the vast expanse of
Brazilian territory make it impracticable to establish regular administrative records of agricultural
activities at the desegregation level offered by the Census. Second, the IBGE does not make
the Census micro-data available for public use, which implies a significant amount of work in
collecting and standardising the information.

Finally, it is worth saying that the Census is the only database in Brazil that includes
reliable data on agricultural production for all municipalities in Brazil with a considerable
product disaggregation5. The data are also available for eight levels of regional aggregation
defined by IBGE. In this paper, we used data on production value for 312 different products
aggregated in 510 immediate regions. We did not use the municipality level - that is the most
disaggregated level - to avoid informational loss given by the non-identification criteria of the
survey, which removes information of any kind that had less than 3 respondents on the chosen
regional level (BRASIL, 2019). Using the second disaggregation level allowed us to capture a
5 Other databases such as the Municipal Agricultural Survey and the Municipal Livestock Survey don’t map

the entirety of Brazilian regions.
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high data variability with low informational loss.

3.2 Economic complexity measures for agriculture

The economic complexity approach is grounded in the understanding that economies
are complex systems of information organization, and the goods produced within an economy
are construed as the outcome of this process of informational organization (HIDALGO, 2015).
A product results from the combination of individuals’ knowledge (explicit knowledge) and
know-how (tacit knowledge) within the economy, whose interactions occur through various
means, particularly within markets. Therefore, products inherently encapsulate fragments of
distinct knowledge dispersed throughout society, the so-called capabilities. Economic complexity
methods posit that the assessment of an economy’s portfolio of products has the potential to
illuminate the accumulated productive knowledge within that economy and that this knowledge
is closely related to its economic development. The hard issue of our study is to assess if
the empirical economic complexity approach to knowledge and its relation with economic
development holds when analyzing the agricultural sector alone. In order to do that we need
to estimate economic complexity indicators for agriculture. (HIDALGO; HAUSMANN, 2009a;
HAUSMANN et al., 2014).

Defining who produces what and where is the key step to mapping the pool of an
economy’s knowledge. Here we define which regions are specialized in each type of agricultural
product. This is done by using the revealed comparative advantage indicator (RCA) of Balassa
(1965), following the standard procedure in literature proposed by Hidalgo et al. (2007), Hidalgo
e Hausmann (2009a) and Hausmann et al. (2014), for the 510 Brazilian immediate regions the
313 agricultural products in our database. This indicator is equivalent to the location quotient
which has long been used in regional economics and presents a comparison between the share
of the good p in total production of region r and the share of the same good in the reference
economy. Formally it is defined as:

RCArp =
Xrp∑
pXrp

/

∑
r Xrp∑

r

∑
pXrp

(1)

Where Xrp is the production value of product p in the region r. If the share of product p
in region r is bigger than the share of this product in the average of the whole economy, then
we say that region r is specialized in the production of p. Bringing to our specific subject, if the
production of soybeans represents 20% of a region r total agricultural production value and the
soybeans production value represents 10% of total agricultural production value in the Brazilian
economy, we say that region r has a revealed comparative advantage in soybeans. In practice,
it means that we are defining a threshold of 1 to the RCA indicator to define who produces
what competitively. Hence, from the RCA indicator of a product in a region, we build a binary
Mrp matrix with r rows and p columns, where Mrp = 1 if RCArp ≥ 1, and zero otherwise.
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From the RCA measure, we can obtain a diversity indicator that sheds light on the
amount of capabilities a region has. If a product contains the capabilities from the region where
it was produced, the pool of products made in that region is able to impart information about
the capabilities present therein. The more diversified the region is, the higher the number of
capabilities it is expected to have. Here, we obtained the diversity indicator (Kr,0) by the sum
of the rows of Mrp matrix, which results in a count of the number of products made by the r.

Kr,0 =
∑
p

Mrp (2)

However, just the amount of products alone is not enough to capture, albeit indirectly,
a region’s pool of knowledge. It is necessary to take the quality of the capabilities into
consideration. This is done by considering spatial patterns. As mentioned before, products are
composed of capabilities that are associated with two dimensions of knowledge: explicit and
tacit. While the first can be more easily transferred between regions - especially by education
and human capital improvements - the second is considered to be the hard learn-by-doing kind
of knowledge, which is closely connected to the territory. Thus, the region-product relationship
is mediated by spatial characteristics associated with the type of knowledge required for each
product. There are simpler kinds of knowledge that are more easily transmitted across space
and therefore more ubiquitous. And then there are others that represent rarer, harder-to-obtain
knowledge.

Consequently, an indicator of a product’s ubiquity can bring important information. We
can assume that the ubiquity of a good reveals how rare - or sophisticated - the capabilities
required for its production are, or how specific the combination of the necessary capabilities is.
Goods with low ubiquity tend to be more sophisticated, as they require rarer capabilities that
are difficult to transmit across space, while highly ubiquitous goods tend to be easily producible.
In other words, if tomatoes are cultivated everywhere, we can assume that their production
requirements are simpler than grapes for wine production, which are highly concentrated in a
specific region in the south of Brazil. The calculus of the product ubiquity is analogous to that
of the region’s diversity, where the ubiquity (Kp,0) of product p is obtained by summing the
columns of the binary matrix Mrp.

Kp,0 =
∑
r

Mrp (3)

The iteration between ubiquity and diversity is the methodological key to assessing
productive knowledge. Diversification brings little information on the quality of the capabilities
of a region and ubiquity does not say much about the amount of capabilities a product contains.
A region may be highly diversified in very simple products, making several products from a
restricted knowledge base, while a product can have low ubiquity because of a very specific
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natural condition that is not associated with knowledge sophistication. In order to solve these
issues, we applied the Method of Reflexes as proposed by Hidalgo e Hausmann (2009a), deriving
the economic complexity index (ECI) and the product complexity index (PCI), which are based
on an iterative method of mutual control between ubiquity and complexity. Formally, the
generalized equations of the N iteration is given by equations 4 and 5:

kr,N =
1

kr,0

∑
p

Mrp · kp,N−1 (4)

kp,N =
1

kp,0

∑
r

Mrp · kr,N−1 (5)

Solving these equations for a chosen N will result in two symmetric matrices of products
by products and regions by regions which condense information about the data, similarly
to multivariate analysis methods like PCA or factorial analysis. The complexity indexes are
obtained by getting the second auto-vectors of those matrices and normalizing them by their
standard deviations from the average. The N iteration chosen to solve the equations is the
one where a further iteration does not change the ranking of regions and products obtained by
ordering the standardized auto-vectors6.

The economic complexity indexes are basically qualified measures of diversity and ubiquity,
where a region is more complex the more diversified it is and the less ubiquitous its products
are. So diversified economies based on very common products get lower scores. Similarly,
complex products are the ones with low ubiquity made in highly diversified regions. The idea is
that diversified economies that produce rare products reveal they possess higher amounts of
capabilities and rarer kinds of knowledge, which can be combined to make a big diversity of
sophisticated goods. And complex products are the ones that are rare because they can be
obtained only by the proper organization of a highly diversified informational system, and not
by specific natural conditions.

3.3 The Agricultural Product Space

The economic complexity approach differs from the conventional conceptions in devel-
opment economics when it comes to structural change. The most usual view is based on
Hirschman’s unbalanced development which emphasizes the input-output relations between
activities and where the diversification processes are determined within sectors, particularly
by demand pulls from well-established activities to the new ones. The economic complexity
perspective shifts from the logic of input-output market flows as activities’ diversification deter-
minant to a framework where the nature of knowledge and capabilities are the key. Complexity
6 For more on the method of reflections see Hidalgo e Hausmann (2009a) and its methodological appendixes

on Hidalgo e Hausmann (2009b).
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regards new activities or products as a result of new ways of combining existing productive
knowledge or as a fruit of the introduction of a new kind of specific capability. Hence, the
complexity view offers a shift from a perspective where intra-sectoral relations to focus on
another in which knowledge complementarity is more important and where the inter-sectoral
relations tend to be more relevant because of the role that capabilities’ diversity plays in the
diversification process. Following these changes, the well-known input-output methodologies
give room to the product space as a tool for analyzing the relation between sectors, activities
or products.

The product space is a network where each node represents one product and the connection
between two nodes represents the similarity of capabilities embedded in a pair of products
(HIDALGO et al., 2007; HAUSMANN et al., 2014). It allows us to understand the relation
between products, visualize a country’s productive structure in a disaggregated network and
use network analysis tools in order to assess possible paths for productive diversification. Once
more, if similar products do share common capabilities, it is more feasible for an economy to
diversify into products or activities similar to its knowledge base. This diversification idea is
synthesized as the "principle of relatedness", which can be defined as "an empirical principle
describing the probability that a region enters (or exits) an economic activity as a function of
the number of related activities present in that location" (HIDALGO et al., 2018, p. 452).

The principle of relatedness is verified in multiple adaptations of the product space made in
the last years that use such criteria for estimating similarities between activities. Some examples
are the technologies spaces from patent data (BOSCHMA; BALLAND; KOGLER, 2015),
research spaces in physics from publication data (CHINAZZI et al., 2019), occupational and
skills networks from employment data (MUNEEPEERAKUL et al., 2013; ALABDULKAREEM
et al., 2018). Despite sector-specific adaptations of the product space that have been made
before, such as the sector-level manufacturing industries space of Neffke, Henning e Boschma
(2011), our proposition of structuring a product-level network for agriculture is a novelty in the
literature.

The Agricultural Product Space was built following the methodology proposed by Hidalgo
e Hausmann (2009a). We estimated the proximity between a pair of products - which gives us
a measure of similarity between their capabilities - using the usual co-location criteria, in which
the higher the number of regions that produce those two products, the higher the similarity
between them.

Formally, in order to estimate the proximities between products, we multiply the transposed
(Mrp)

T matrix by its original. It results in a product by product square matrix Mpp where the
main diagonal shows the number of regions that produce each product (same measure as the
product ubiquity Kp,0) and the other entries present the number of regions that produce both
goods. For example, the entry value for M13 shows the number of regions that produce good
number 1 and good number 3 with revealed comparative advantage. This is expressed as:
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Mpp = (Mcp)
T .Mcp (6)

The proximity measure (ρpp′) between products p and p′ is given by the number of
regions producing both products (Mpp′) divided by the biggest ubiquity between the goods
(max(Mpp;Mp′p′)):

ρpp′ =
Mpp′

max(Mpp;Mp′p′)
(7)

This process results in a weighted symmetric adjacency matrix which is the base for the
product space network. However, we made simulations and found that randomly assigning
the RCA values in the original (Mrp) binary matrix hardly will render values bigger than 0.37.
Removing the edges above these thresholds tends to provide a clear representation of the
relations between products. So, we defined the agricultural product space as a network where
two nodes are connected by edges following two criteria: (i) The edge is part of the graph’s
maximum spanning tree or (ii) the similarity between them is bigger than 0.3: ρpp′ ≥ 0.38. The
first condition assures that our network does not include isolated groups of products and the
second reduces the presence of non-significant connections.

Finally, we applied the Leiden network clustering method of Traag, Waltman e Eck (2019)
to the agricultural product space, in order to identify homogeneous groups of products with
similar productive capabilities. As will be clear below, this is an important step that allows us
to interpret the results and connect economic complexity in agriculture to structural change
and economic development.

3.4 Connecting agricultural products and economic development

The economic complexity approach allows for an intuitive and straightforward depiction of
the productive structure of countries and regions. It provides a relatively easy way to differentiate
highly developed industrial regions with sophisticated services sectors from underdeveloped
regions, usually characterized by agricultural products or products based on natural resources.
The interpretation of results in those cases is very intuitive, having been corroborated by the
literature on development economics.

However, in a sector-specific case like agriculture, the interpretation of the results is
not as straightforward. For instance, it is harder to differentiate whether the production of
soybeans is more sophisticated than the large-scale mechanized production of mushrooms, or if
7 The simulations’ results are shown in the appendix. The simulations, inspired by Hidalgo et al. (2007) and

Hidalgo e Hausmann (2009a) are shown in the appendix.
8 This is distinct from Hidalgo et al. (2007), in which the definition of product space considers all connections

between product, or in other words, the edges weight criteria is just ρpp′ > 0. However, the authors use a
threshold of ρpp′ ≥ 0.5 for the network representation.
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a diversified family farming region with well-established institutional markets for small-scale
production has a more complex knowledge base and productive structure than a region based on
large scale grain production for external markets. No technological classifications are available
specific for agricultural products, such as the one offered by Lall (2000) to industrial products,
neither there is consensus in the literature regarding what kind of agricultural production leads
to higher levels of economic development in the long run.

In order to address this issue and check the relevance of the agricultural complexity index,
we opted for a strategy of empirically verifying the relation between products, complexity and
socioeconomic indicators. To do so we used the method proposed by Hartmann et al. (2017)
when considering income inequality. It consists of computing the weighted average of the social
and economic indicators regarding the regions that produce each product p, using Wrp (share
of product p in region r that produces p) as weights. In the formulas below, Yr stands for the
value of each variable of interest Y in region r.

Yp =

∑
r WrpYr∑
r Wrp

(8)

Where

Wrp = Mrp
Xrp∑
p′ Xrp′

(9)

It provides a link between products and economic indicators and allows us to test if
there are differences between the relation of products and development indicators for groups of
products in the product space, considering their economic complexity levels. As highlighted
by Hidalgo (2021), this approach also allows to creation of counterfactual levels for each
variable for an economy, given possible changes in its product portfolio and, by doing so, to
find interesting diversification paths in order to enhance development.

4. Results and discussion

In this section, we show that our proposed application of the product space for the
agricultural sector with data on production focused on internal markets, as well as exported-
oriented production, can bring relevant information about the regional economies. It allows
us to identify patterns of regional specialization in agriculture, make assessments on specific
agricultural productive structures, map which paths of diversification are more interesting
possibilities for improving agriculture production and reduce structural heterogeneity across the
country’s regions.

The original product space and complexity index are calculated using exclusive data on
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global and country exports. To paint a general picture, as discussed before, this approach has
been very successful in ranking countries as well as correlating economic complexity indexes
with a wide variety of socioeconomic indicators. However, as the analysis moves from a more
macro perspective to a subnational (regional) level, the network of the product space and the
index of economic complexity based on trade data lose utility. The fact that the vast majority
of goods and services produced actually address local markets rather than foreign one introduce
a significant bias to the analysis. Hence, the use of trade data only tends to underestimate the
level of economic complexity of countries in which the production is mainly focused on internal
consumption, as is the Brazilian case.

There are consistent studies using employment data to analyze economic complexity at
the regional level, but considering the lack of information about products besides the export
databases, there are no studies from a regional perspective using product data. This means that
it is still a challenge to understand if the product space is a useful tool to map and represent
the productive structure at sectoral and regional levels. This is particularly relevant for studies
that go beyond manufacturing to include agriculture and services, as the level of employment
informality is much higher. For these sectors, even the use of employment data to calculate
economic complexity indexes at the firm level still tends to render biased results.

4.1 Regional agricultural economic complexity

The agricultural complexity index depicts the very high levels of productive heterogeneity
across the country. The right side of Figure 1 shows a gradient of complexity levels in the
map for each region. It is clear that, even though a very clear north-south pattern arises, the
depiction of the structural heterogeneity of the sector as low and high-productivity goods is
very limited. There is a significantly wider range of levels when economic complexity is taken
into consideration. This is true for the country as a whole and, in particular, for regions within
different states even the higher complexity ones in the southern part of the country.
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Figure 1 – Agricultural Economic Complexity: regional heterogeneity

Source: authors’ own elaboration based on Agricultural Census (IBGE).

The high levels of national and intra-regional heterogeneity can also be seen on the right
side of Figure 1. The graph shows the density distribution of the agricultural complexity index.
The country’s macro-regions are significantly spread out in terms of economic complexity
with the North and South very far apart. In addition, when each region is taken in isolation,
significant levels of variability can be seen. The stark regional contrast is shown by the crossover
between the tail end of the higher complexity production of the North and that of the lower
complexity production of the South.

The definition of structural heterogeneity passes by high productivity differentials in
the same economy and the agricultural economic complexity index captures this essential
information. As is shown in Figure 2, the ACI has a significant correlation with the indicator of
production value per worker.

Figure 2 below depicts the vast regional heterogeneity between and within groups.
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Figure 2 – Regional heterogeneity: value-added and machinery per worker

Source: authors’ own elaboration based on Agricultural Census (IBGE).

Very interesting patterns can be seen. In general, a positive association between the
level of Complexity in the agricultural sector can be seen both in terms of value-added and
machinery per worker. However, this general trend hides other trends both within and between
regions. For instance, the most complex region (South) shows, at the same time, high levels of
value-added per worker and a wide range of machinery per worker. The least complex region
(North) shows low levels of value-added and machinery per worker.

4.2 The Agricultural Product Space and product economic complexity

The Agricultural Product Space allows to associate products’ characteristics with regional
specialization patterns. From a regional perspective, the product space is a network that
carries information about the similarities between economic activities within the country in
consideration.

Similar activities are expected to be closer in the product space. Considering that the
proximity measure is calculated using a co-location criteria, it is expected that clusters in the
product space will reflect production patterns in groups of regions. This characteristic allows
us to identify production patterns across regions and provides a more detailed characterization
of the productive structure than the usual methods in agriculture studies, which use only the
main product of the region or an a priori classification of products.

The Brazilian Agricultural Product Space has 312 nodes representing products and 2336
undirected edges connecting the nodes by similarity criteria with no isolated components. The
clustering algorithm allowed the identification of 12 groups based on the similarity of products.
Figure 3 shows the representation of the complete product space with colors representing
clusters and node sizes representing products’ ubiquity 9. Four groups account for almost 75%
9 A vectorized image of product space with product labels - which can be deeply zoomed - can be found in
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of the products. These groups will be the focus of our analysis10.

Figure 3 – Agricultural Product Space

Source: authors’ own elaboration based on Agricultural Census (IBGE). Complete agricultural product space,
nodes = 312, edges = 2336, size = products ubiquity and colors = clusters

The four biggest groups of products provide relevant information regarding the levels of
structural heterogeneity in Brazilian agriculture. For clarity, each group was named after their
level of product complexity, given by the Agricultural Product Complexity Index (APCI) we
estimated. We called them Low, Medium-Low, Medium-High and High complexity groups. As
can be seen in Figure 4, the groups have statistically significant differences in their APCI levels.

the appendix for better understanding of which products are in each group.
10 Number of products per cluster are shown in table 1.
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Figure 4 – Product complexity boxplot by clusters.

Source: authors’ own elaboration based on Agricultural Census (IBGE).

The product space representation points to an important result: more ubiquitous products
- which tend to be less complex - are in the center of product space. From a network perspective,
this result makes sense, because ubiquitous products are present in more regions and thus they
are produced along with a bigger number of other products, which means more connections
of the ubiquitous products and bigger centrality measures for its representing nodes as a
consequence.

For instance, one of the most ubiquitous products - cattle - which is made with comparative
advantage in the 304 regions, will have connections to all other products made in these 304
regions and these connections will bring it to the center of product space.

Low ubiquity products such as artichoke - which is produced only in four regions - have
few connections with other products and tend to be way from the center. This perspective gets
stronger when considering that the lower-weight connections were removed from the network.
Their presence would reinforce the centrality of low-ubiquity products if present in the network.
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Figure 5 – Product complexity level and ubiquity

a) Node degree and ubiquity b) Node closeness and ubiquity

Source: authors’ own elaboration based on Agricultural Census (IBGE).

These relations can be visualized in plots (a) and (b) of figure 5, which brings the relation
between network centrality indicators and ubiquity 11. The centrality level of products in the
product space is an important variable for assessing diversification paths that regions can take.
Central products are more similar to all other products than peripheral products, and being
more similar means that departing from them it is easier to diversify into any other products.

The most central group in the agricultural product space is the Low-Medium Complexity
group. It is the most ubiquitous of the groups and, as we will explore ahead, contains the most
basic products of Brazilian food production. In other words, the centre of the product space
contains the goods that most regions produce and this indicates that departing from these
central common groups of products, regions can diversify towards products with higher or lower
levels of complexity.

4.3 Complexity Groups: regional comparative advantages and networks

Due to the co-location criteria used to compute the similarity between products - where
products are closer if they are produced in the same regions - the internal homogeneity of
groups in terms of complexity alone points to three important characteristics already mapped
in the economic complexity literature:

(i) The agricultural product space reflects regional specialization patterns in which regions
producing a low-complexity product also produce other low-complexity products rather than
combine low and high-complexity products;

(ii) Producing less complex products tends to make it easier to diversify the production
into other low complex products over time rather than towards higher complexity products;
11 It is important to say it goes in the opposite way from the findings of Hidalgo et al. (2007) and Hausmann

et al. (2014), where more complex products - which tend to be less ubiquitous - are in the center of the
graph.
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(iii) Due to the previous items, a "hard-to-change" core-periphery productive structure
can be identified, where some regions account for complex products and others for less complex
products.

Hence, it becomes clear that product clusters are connected to groups of regions by
definition and carry information about their characteristics.

The Low-Complexity group contains typical products of the northern regions, from the
native forest, like babaçu, açaí, pequi, cocoa, latex (rubber), bacuri, etc. Some of them, like
açaí, cocoa and latex are products of high historical importance for the sociopolitical formation
of states like Acre, Amazonas and Pará. It’s interesting to note that these products are mostly
plant extraction, which is usually very labour-intensive. Yet, they require very specific capabilities
for their production given by edaphoclimatic conditions. For this reason, these products are
less ubiquitous than those of the other groups. However, like diamonds, their low ubiquity is
not caused by the requirement of extraordinary productive knowledge. In addition, they are
produced in less diversified regions, which explains their low levels of complexity.

It is interesting to visualize the regional diversity of realities within each cluster. In Figure
6, the left side depicts the regional specialization of the Low-Complexity group. It is particularly
strong in the North, which is mostly covered by the Amazon forest, as well as the Northeast of
the country. The right side of the figure shows the product network of the group. It shows the
relationship between the culture of products within the group, which is mostly composed of
extractive production.

Figure 6 – Low complexity products spatial distribution
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Source: authors’ own elaboration based on Agricultural Census (IBGE). Note: The prefix "EXT" in the labels
indicates plant extraction products, in order to differentiate from the same products obtained by cultivation.

Medium-low complexity products are the most ubiquitous group. Although these products
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can be found in all Brazilian regions, they are more relevant for the northeastern regions. It
is possible to note that the group includes historically important products considering the
country’s development, such as: Bovine cattle, mules, milk, chicken, cassava, beans, fresh corn
on the cob and basic garden products like lettuce, collard, tomato, and bell pepper. All of these
products have low capabilities requirements and can be found all along the Brazilian territory.
Their predominance in the Northeast and North regions is indicative that these regions did not
make the transition towards a more diversified economy and more sophisticated products.

Figure 7, left side, depicts the regional specialization of the Medium-low Complexity.
Its relative specialization is more pronounced in the poorer regions, such as the Northeast
and North. The right side of the figure shows the product network of this group. Within the
network, there are still products from extractive production. However, farm animals and more
specialized cultures of traditional goods are more relevant, although relatively ubiquitous.

Figure 7 – Medium-low complexity products spatial distribution
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Source: authors’ own elaboration based on Agricultural Census (IBGE).

The Medium-high and High-complexity groups of products have very specific spatial
distributions. The first one is located mainly near the largest Brazilian urban agglomerations.
The logic of the spatial distribution is related to the higher perishability of the goods within
this group. It includes with not so usual garden products such as broccoli, cauliflower, zucchini,
cucumber, carrot, radish, endive, arugula etc. Those products do not demand high technical
capabilities to be produced on a low scale, but in order for a region to gain comparative
advantages in its production, a much higher scale, well-established market channels, and
proper levels of demand are necessary. Besides, many of these products demand investment in
controlled environments (greenhouses) and fertilizers. Hence, even though there is an apparent
degree of similarity between Medium-Low and Medium-High products, the latter includes
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Figure 8 – Medium-high complexity products spatial distribution
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Source: authors’ own elaboration based on Agricultural Census (IBGE).

products characterized by the need for higher scale and market-integrated production, while
the first one includes lower scale and often subsistence production.

Figure 8 shows the regional distribution of the relative specialization of the Medium-High
group. It closely follows the population distribution across the country, with the exception of
the Brazilian midwest. The right side of the figure shows the product network of this group.

Within the network, a large amount of fresh fruits and vegetables can be found, with the
location of specific goods following related types of cultures. However, more complex and more
highly mechanized production can be found such as coffee, sugar cane and wood extraction.

Finally, the High Complexity group of products is clearly relatively more concentrated
in the South region. This group includes the highly mechanized type of production, which
nowadays is represented by the production of seeds such as soybean, corn, rye and oats. This
type of production is not limited to the Southern regions, having important presence in the
Midwest region and in the Matopiba region12.

The group also includes typical southern products (such as erva-mate, grapes and tobacco)
12 Matopiba is composed by regions of the northern and northeastern states of Maranhão (MA), Tocantins

(TO), Piauí (PI) and Bahia (BA) where it is possible to identify the rapidly growth of soybean production
in the last decade.
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Figure 9 – High complexity products spatial distribution
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Source: authors’ own elaboration based on Agricultural Census (IBGE).

which depend on climatic conditions but have highly developed production chains and result in
important manufactured goods. The group also includes several agro-industrial products like
breads, sausages, and milk creams. These products are produced in rural establishments and
commercialized in the local markets, which is compatible with the market-integrated family
farming that characterizes an important part of these regions. It is also possible to notice the
presence of fruits such as apples, pears, kiwis, plums, and peaches, which demand several not
trivial techniques in their production process.

In sum, this group includes higher-tech agricultural products that are part of longer
production and market chains, all of which demand the combination of several different kinds
of capabilities and justify their complexity levels.

Figure 9, shows the regional distribution of the relative specialization of the High
complexity group. The right side of the figure shows the regional pattern of relative advantages.
The higher complexity production is concentrated in the South. However, given that higher
scale production of very relevant export products, such as soybeans, corn, and cotton, large
areas in both the northeast and midwest are also important. On the right side, the product
network for this group shows a degree of fragmentation due to regional specialization.

A careful analysis of the clusters allows us to understand how they represent the Brazilian
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agricultural productive structure and characterize both low and high-economic complexity
regions, offering a perspective of the core-periphery structure that can be found in the country.
It allows us to link regions where agriculture is not sophisticated in technical terms - like North
and Northeast - to the kind of products that are important in these places and visualize what
kind of products the more sophisticated regions - like South and Southeast - diversified into to
reach higher development levels.

In addition, knowing the similarity between products allows us to find more feasible paths
for productive diversification towards more complex products and so enhance regional economic
development regarding the particularities of each region. It is an important contribution to
draw policies for the agricultural sector and do not repeat the mistake made by the proposals
of the green revolution which implied the homogenization of agricultural production aiming to
improve productivity levels. Choosing the already existing productive knowledge and conditions
of the region as a starting point for diversification, the economic complexity perspective for
development necessarily values the local diversity in the development process.

4.4 Economic complexity and structural heterogeneity in agriculture

The combination of the product complexity indexes, product space and the spatial
distribution of the product clusters allows us to characterise the agricultural productive structure
and offers an interesting perspective for productive development in agriculture. The concept of
structural heterogeneity, however, includes the assessment of the productivity associated with
the different groups of products and their complexity level differences.

The most important evidence of how the economic complexity approach can be used to
characterize Brazilian structural heterogeneity in agriculture is the difference in the product
groups present in region-productivity levels associated with them.

The higher the product complexity, the higher the productivity of the regions where they
are produced. Medium-high and High complexity groups of products show significant statistical
differences from Medium-low and Low-complexity groups in terms of productivity per area,
productivity per establishment and work productivity. It suggests that changes in the productive
structure through diversification towards higher complexity products are associated with higher
productivity levels.
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Figure 10 – Relation between productivity and product complexity

A) Productivity by usable area B) Productivity by usable area

C) Productivity per occupied person D) Productivity per occupied person

E) Productivity per establishment F) Productivity per establishment

Source: authors’ own elaboration based on Agricultural Census (IBGE). Note: Boxplot shows where group
median comparisons do not indicate significant statistical differences.

These results show that different kinds of production are associated with different
productivity levels. It corroborates the classic structuralist perspective that closing the gap
between developed and underdeveloped economies demands modification in productive structure
toward sectors capable of diffuse technical progress. In the economic complexity literature this
vision is marked by the motto what you export matters (HIDALGO et al., 2007). Here we
advocate that inside a specific sector like agriculture, what you produce matters to improve
productivity levels.

Besides the economic dimension, we found out that more complex agriculture products
are also associated with higher levels of education and human development. Products present
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in Medium-high and High complexity groups show significant differences in the educational
levels of the property managers when compared to Low and Medium-low complexity groups.
The same happens when testing for statistical differences in human development indexes of
the regions where products are made. These findings demand econometric exercises in order
to assess the causality relations between the variables, opening a research agenda focused on
intersectional agriculture relations.

Figure 11 – Low and medium educational levels

A) Low educational level B) High educational level

C) Human Development Index D) Land inequality (Gini)

Source: authors’ own elaboration based on Agricultural Census (IBGE).

In highly structurally heterogeneous countries like Brazil, the traditional proposition that
developing industries and high-tech innovation is the way to break the underdevelopment
conditions found a barrier to the feasibility of promoting structural changes in less developed
regions. Even the economic complexity perspective – which considers the feasibility aspect –
does not account for proper tools to deal with feasible diversification paths in regions specialized
in the agricultural sector. The exercise presented here solves these issues, providing ways to
plan productive diversification policies for agriculture-based regions.

5. Concluding Remarks

In this paper, we contributed to the literature on structural heterogeneity in the agricultural
sector by assessing the issue using the perspective of economic complexity. In doing so, the
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paper has two important contributions. First, we showed that economic complexity methods
can be transposed and applied to disaggregated data on (regional) agricultural production.
In doing so, the paper presented a novel the Agricultural Economic Complexity Index (ACI),
calculated the Agricultural Product Space, and tested for the relationship between the new
index and relevant socioeconomic variables.

By calculating the ACI, it was possible to show very high that the methodology can
capture the very high levels of structural heterogeneity of the sector in Brazil. High complexity
levels can be found in the south and southeastern regions of Brazil, whereas the Northeast,
Midwest and North are characterized by less complex production. Moreover, given the level of
disaggregation, it was also possible to represent a gradient of complexity in the sector across
macro-regions and states.

By drawing the Agricultural Product Space it was possible to show that the production
of related products tends to form clusters which can be interpreted and characterized by having
different levels of complexity. Here, the method showed its strength, given that to build the
network to probability of co-production is central. Hence, it is not only a tool to paint a general
picture of the country’s agricultural production but also a tool that can be used to inform the
design of policies.

The second contribution of the paper is to show that, as is the case with the Economic
Complexity Index, the Agricultural Complexity Index can be used as an important tool to identify
other issues which are related to economic heterogeneity, and which are as varied across regions.
This exercise, beyond being a test for the index, is useful to identify critical socioeconomic issues
which are closely related to the nature of agricultural production, especially in poorer, more
isolated areas. We found the agricultural complexity is closely related to important structural and
socioeconomic variables. The clusters, ranked by levels of complexity, are positively correlated
with productivity by usable area, per occupied person, and per establishment. In addition, there
is a positive relationship between the level of economic complexity and levels of education and
levels of the Human Development Index.

The policy implications of the use of this methodology are straightforward and can
be extrapolated by the richness of applications of economic complexity in the literature and
covered by Hidalgo (2021) and Hidalgo et al. (2018). It is possible to use complexity indicators,
information from the product space, and relatedness indicators to use large amounts of data to
help design development policies. They can be used to identify how goods that are produced in
high-complexity regions are associated with positive indicators (such as higher added value,
lower environmental impact or even better socioeconomic characteristics) in order to suggest
paths for economic diversification for poorer areas, for instance.

There are also caveats and limitations with the application that suggest a fruitful research
agenda. First, the publicly available Census data used in the exercises is aggregated by regions.
This implies a loss of information on the unit of production which would allow a much better view
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of the issues dealt with in this paper. Hence, access to the raw data would provide better results
which in turn could be used to inform policies. Secondly, the time spam between censuses,
whereas appropriate to capture longer-term changes in the characteristics of agricultural
production, is much less suitable to follow trends in said production and their association with
other variables. In this case, the general trends found with the census data would have to
inform the use of less comprehensive data, such as those found in more frequent surveys. In
either case, the proof of concept shown here opens interesting possibilities to bring the crucial
discussion of the relevance of the development of agricultural production for more general
economic development across regions.
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A. Simulation results

Figure 12 – Random graphs simulations results

a) Kernel density b) Cumulative frequency

c) Edges weight distribution

Source: authors’ own elaboration based on Agricultural Census (IBGE).
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Figure 13 – Vector image of the Agricultural Product Space with labels
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Table 1 – Number of nodes per cluster

Cluster n.nodes perc.nodes
1 59 18.91
2 73 23.40
3 50 16.03
4 51 16.35
5 18 5.77
6 25 8.01
7 10 3.21
8 4 1.28
9 5 1.60

10 3 0.96
11 11 3.53
12 3 0.96
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