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Abstract

This paper examines the processes of generating new technical knowledge, aim-
ing to contribute to an understanding of how less developed economies can diversify
their knowledge base to support economic development. We study the structure of
relatedness of required knowledge between technologies at a global level, conceived
as a network where technologies are connected according to the intensity with which
they co-occur in the inventors’ portfolios. Based on this, topological characteristics
of the network are studied using node-level metrics to propose diversification strate-
gies that alleviate the lock-in effects suffered by less developed economies. The paper
contributes to the literature by proposing two indicators that can be used to analyse
relevant dimensions of the innovation system of cities in less developed regions. One
of the indicators enables us to compare the levels of stability of the technologies that
comprise the knowledge base of the cities. The second provides a measure of the level
of alternatives available to the city for each diversification decision. The results, based
on the analysis of Latin American cities, show that the stability of the technologies
present in a city, as well as the alternatives available to choose its diversification path,
are relevant to designing diversification strategies that could contribute to overcoming

the constraints generated by the characteristics of the knowledge base of those cities.
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1 Introduction

Innovation is the basis of structural change, which is key to economic development (Schum-
peter, |1934, 1943). In turn, innovation is largely based on the generation of new technical, sci-
entific, and practical knowledge (Nelson & Winter, 1977, 1982). Knowledge can be described
in different ways, but in any case it is the human capacity to transform its environment. In turn,
new knowledge can be seen as the recombination of previously available knowledge (Arthur,
2009; [Fleming & Sorenson, 2001, 2004} |Sorenson, Rivkin, & Fleming, |2006; Youn, Strumsky,
Bettencourt, & Lobo, 2015). Therefore, the knowledge base of a society affects its ability to
generate new knowledge and, through this, its innovation capability. Hence, we can say that the
diversification of a society’s knowledge base is a central element for its economic development.
This paper examines the processes of new knowledge generation, aiming to contribute to an
understanding of how less developed economies can diversify their knowledge base to support
economic development.

The diversification of the knowledge base is a central concept within the evolutionary eco-
nomics framework, in which it is understood that the firm cannot be described by a production
function to be optimised, as it operates with bounded rationalityﬂ This is why the firm gener-
ates routines to carry out its production, which it adjusts over time based on its economic results
and the learning it generates in interaction with its environment. The updating of the firm’s rou-
tines occurs through an adaptive learning process that makes it dependent on its trajectory. This
adaptive process leads to recombinations of its knowledge base, which can result in innovations
that modify its routines (Antonelli, 2011; Nelson & Winter, |1982).

In recent decades, evolutionary economic geography (EEG) has contributed to the under-
standing that the processes to which firms are subject not only depend on their history but also
on the territory in which they conduct their activities (Boschma & Frenken, 2006; Boschma &
Lambooy, |1999; Martin, |1999). Within this conceptual framework, it is possible to study ter-
ritories as economic units competing for the development of new activities that allow them to
foster local development. This poses a conceptual difficulty, as the evolutionary approach con-
siders firms’ entry and exit market as a central element of its framework. However, territories
are entities that do not enter or exit the system. Even so, it is possible to analyse territories as
units that compete for the establishment of economic activities, where the loss or gain of these
activities affects their economic development (Boschma, 2004). These activities are seen as
materialisations of the knowledge base of the territory; therefore, their diversification and com-
plexity show the development of the underlying knowledge base available (Balland & Rigby,
2017; Frenken, Van Oort, & Verburg, 2007).

To understand the processes of diversification of the knowledge base in territories, the EEG

considers different dimensions of proximity between activities (Balland, Boschma, & Frenken,

IThis idea can be generalised to other types of economic agents and the objective functions with which they
are described.



2015; Boschma, [2005). This aims to contribute to the understanding of the factors that affect
the entry and exit of activities in the territories. Research along these lines has shown that an
activity is more likely to enter a territory if there are other related activities present. Similarly,
activities developed in a territory are less likely to exit the territory, the greater the number of
related activities within it (Boschma, Balland, & Kogler, 2015} Hidalgo et al., [2018; Neftke &
Henning, |2013}; Neffke, Henning, & Boschma, 2011).

For less developed economies, diversification of their knowledge base is a key element.
From an EEG perspective, path and territory dependence can lead to lock-in situations that
make it particularly difficult for less developed regions to improve their situation. A significant
number of applied works study this phenomenon for different regions and from various per-
spectives (Hartmann, Guevara, Jara-Figueroa, Aristaran, & Hidalgo, [2017; Hartmann, Zagato,
Gala, & Pinheirol 2021} Isaksen, 2015), with particular emphasis on the variety of capabilities
needed to develop an activity, as well as on the ubiquity of the activity at the regional or global
level.

To address these two dimensions, these works use complexity indicators following different
adaptations of the one initially proposed by Hidalgo and Hausmann (2009). The applied studies
show that territories can be trapped in a productive structure, understood as the set of activities
that take place in them, which limits their economic development. These territories, being
specialised in low-complexity activities, do not have the capabilities that would allow them to
develop more complex activities (i.e. they are distanced from them), which leaves them trapped.
The search for strategies to overcome this lock-in is key to the design of public policies. In
particular, for decisions concerning the development of technical knowledge, which has been
shown to have a high predictive power on the future export basket of countries (Pugliese et al.,
2019).

Although the literature on technological diversification from this perspective is extensive,
certain elements have not been studied and could contribute to a better understanding. Firstly,
this literature has made use of relatedness networks that establish a link between two activities
if both show a higher volume of co-occurrences than expected according to different statistical
criterifﬂ From these, it is possible to analyse, in the case of technologies, the relevance of
this relatedness links to the probability that a territory starts (or stops) developing a technology.
However, this is only part of the information offered by these networks of relatedness. Further
study of their topology can help us understand other dimensions of relatedness between tech-
nologies, thereby improving our understanding of the knowledge necessary for a technology to
enter a territory.

In this way, the relatedness network can be seen as a map of knowledge flowing between

activities, which recombine with one another. This flowing knowledge is a product of social

The type of co-occurrences analysed is broad but, as an example, we can mention goods that co-occur in
the export basket of countries (Hidalgo, Klinger, Barabasi, & Hausmann| 2007), technologies that co-occur in
the technological portfolio of cities (Rigby, |[2015), industries that are repeated in the labour trajectory of workers
(Neffke & Henning, 2013).



structures, and therefore, we can expect that the evolution of relatedness between activities
does not follow a purely random behaviour (Fleming & Sorenson, 2001; Sorenson et al., 2006).
In this sense, following Polanyi and his idea of “emergence” (Polanyi, |1966b), new knowledge
cannot be explained only by an evolutionary theory in which random recombination generates
species and these last according to their capacity to adapt. In the generation of knowledge, the
recombination of ideas is central, but the product obtained is greater than the sum of its parts in
the sense that something else is involved and cannot be described by that recombination alone.
This central element, which modifies the process, is tacit knowledge and can lead to a small-
world topological structure (Watts & Strogatz, [1998), as observed in many social networks.

Secondly, for the analysis of technological diversification processes, mainly the co-occurrence
of technology codes in patents has been used, since a patent can be classified under more than
one code. However, patent records also allow us to identify the inventors involved. This infor-
mation enables the analysis of the portfolio of technologies developed by the inventors, similar
to what has been done for other types of activities (Neffke & Henning, 2013). Using the in-
ventors’ portfolio brings us closer to the tacit dimension of knowledge, as individuals are the
carriers of this tacit knowledge.

Tacit knowledge is that which individuals can use but not explain or teach in a codified
way. Taking this dimension of knowledge into consideration allows us to recognise that the
product of what we create is not only the recombination of codifiable knowledge (Polanyzi,
1966a, 1966b). The relevance of tacit knowledge can manifest itself as know-how that is the
individual’s own or as collective knowledge that individuals in a community possess but cannot
necessarily pass on. This type of knowledge is not only expressed in the ability to do things
but also in the ability to identify problems (Collins, |2010; Cowan, David, & Foray, 2000).
This is central to the generation of new knowledge, as problem identification is the source that
drives its development in many fields. These characteristics make it particularly relevant to
understand the relatedness of activities from this perspective, as it is knowledge that cannot be
easily transferred or communicated. While there is tacit knowledge that is firm-specific, and
this is central to the evolutionary approach, the production of frontier know-how is embedded
in global value chains that can decouple the place where the knowledge is developed from the
place that holds the property rights over it. This is especially relevant in relatively less developed
regions.

Third, most empirical research in this literature has focused on developed economies, al-
though there has been a recent growing focus on the consequences of public policies derived
from this approach on less developed regions (Foray, 2019; |[Hassink, 2010; Hassink & Gong,
2019). The tendency towards temporal and spatial dependence in diversification can be rein-
forced by policies that promote the development of activities closely aligned with the knowledge
base of the territories. These policies are based on the fact that pursuing distant activities is more
risky and may lead to undesirable outcomes. However, in regions where low-dynamic activities

are prevalent, this may mean that their opportunities for diversification will lead them to remain



in this situation (Balland, Boschma, Crespo, & Rigby, 2019; | Boschma, 2022).

This lock-in makes it relevant to have more information on the relatedness structure in order
to identify strategies to direct diversification towards dynamic activities. Policies of this type
can be particularly useful in regions like Latin America, where considerable heterogeneity exists
within countries and, generally, there are difficulties in developing complex activities. However,
this literature has studied Latin America comparatively less.

To contribute to filling the identified gaps, we study the structure of relatedness of required
knowledge between technologies at a global level, conceived as a network where technologies
are connected according to the intensity with which they co-occur in the inventors’ portfolios.
Based on this, some topological characteristics of the network are studied using node-level
metrics to propose diversification strategies that alleviate the lock-in effects suffered by less
developed economies. In this sense, the paper contributes to the literature by proposing two
indicators that can be used to analyse relevant dimensions of the innovation system of Latin
American cities. One of the indicators enables us to compare the levels of stability of the
technologies that comprise the knowledge base of the cities. The second provides a measure of
the level of alternatives available to the city for each diversification decision.

The results show that it is possible to identify characteristics of the topological structure
of the relatedness network that are associated with a higher probability of a city developing
comparative advantages in a given technology. In particular, it is observed that the stability of
the technologies present in a city, as well as the alternatives available to choose its diversifica-
tion path, are relevant to designing diversification strategies that contribute to overcoming the
constraints generated by the knowledge base in Latin American cities.

The rest of the paper, beginning in Section [2, presents the relevant literature, defines the
main concepts, and proposes the hypotheses. The empirical strategy for the operationalisation of
the concepts and hypotheses testing is presented in section[3] The results obtained are presented
in section 4, where their support for the hypotheses is also discussed. Finally, the paper’s

conclusions are summarised in section [S

2 Theoretical framework

2.1 The structure of knowledge relatedness as a network of technologies

In recent years, a body of literature has developed, arising from Hidalgo et al. (2007) and
Hidalgo and Hausmann (2009), which uses information on the co-occurrence of activities to
study the relatedness between them, their complexity, and the complexity of the territories in

which they are carried ouﬂ Within this literature, the *Principle of Relatedness’ is particularly

3This literature has been reviewed in recent works (Balland et al., [2022; Boschma, 2017} Hidalgo, 2021} |Hi-
dalgo et al.| [2018) that seek to show its development, robustness, and scope, with an emphasis on different aspects
of this approach.



relevant (Hidalgo et al., 2018). The intuition behind this principle is that, by observing the co-
occurrence of activities in different types of analytical units, it is possible to infer the relatedness
between these activities through the use of network analysis. This enables the identification of
diversification trajectories that consider local capabilities, thereby reducing the inherent risk
associated with diversification processes.

This approach has been applied to understand the relatedness, for example, between ex-
portable goods (Hausmann et al., 2013; Hidalgo et al., |2007), areas of scientific knowledge
(Guevara, Hartmann, Aristaran, Mendoza, & Hidalgo, 2016; Lyu, Zhou, & Leydesdorft, [2020),
brands (Drivas, 2022), occupations (Farinha, Balland, Morrison, & Boschma, 2019; Muneepeer-
akul, Lobo, Shutters, Goméz-Liévano, & Qubbaj,[2013), industrial sectors (Breschi, Lissoni, &
Malerba, 2003; De Raco & Semeshenko, 2019; [Essletzbichler, 2015 Neffke et al., 2011), or
technologies (Alstott, Triulzi, Yan, & Luo, [2017; Kogler, Rigby, & Tucker, 2013). In particular,
technologies in this framework are considered areas of technical knowledge, and these works
utilise patented inventions as materialisations of advances in this type of knowledge.

Particularly relevant to this research are the works of Neffke and Henning (2013); Neffke et
al. (2011)); Neffke, Otto, and Weyh| (2017), which use the flow of workers between industries
as input to estimate the relatedness of the skills required in them. With this information, the
authors seek to infer whether worker transitions between two industries occur more frequently
than would be expected in a random process. If this is the case, the authors argue that both
industries have skills relatedness.

This application of the principle of relatedness is appropriate for inferring the relatedness
of knowledge between technologies by analysing the portfolio of technologies produced by
inventors. We will say that if the number of inventors who have technology X and technology
Y in their portfolio (they register patents classified in technology X and also patents classified
in technology Y) is above what we would expect in a probability distribution conditioned on
the relative sizes of the production of both, then technologies X and Y have a relatedness of
knowledge between them. This result would indicate that the experience gained in developing
one technology provides useful knowledge to develop the other.

Knowledge relatedness provides a framework for considering whether two technologies are
related in terms of the knowledge required to develop them. In this way, we can analyse the
set of technologies as a network, in which each technology is a node and a pair of nodes is
connected if there is a link of relatedness between the technologies they represent. On the
other hand, using information about the place of residence of inventors, we can learn about the
technologies that are patented in each city. By combining these two elements, we can propose
a method to measure the relatedness of a city’s knowledge base to each technology.

Although there are precedents that use this approach for developing countries (Alonso &
Martin, 2019; Dosi, Mathew, & Pugliese, 2020; Petralia, Balland, & Morrison, 2017), this lit-
erature has focused on developed countries (Boschma et al., 2015; Guevara et al.,[2016; Kogler
et al., 2013; Muneepeerakul et al., 2013} Neftke et al., 2011} Zhu, He, & Zhou, [2017). On the



other hand, studies that examine the relatedness between technologies do so by considering co-
citation between technologies (Alstott et al., [2017; Kogler et al., [2013). However, there are no
studies that examine the relatedness of knowledge between technologies, as expressed by the

portfolios of inventors.

2.2 Related and unrelated diversification

Economic diversification can be achieved by developing activities related to those already
present in the territory (related diversification), by attempting to develop activities that are
distant from the available knowledge base (unrelated diversification), or by combining both
strategies in line with the characteristics of the region under study (Boschma, [2022). Based on
the concepts of related variety and unrelated variety (Frenken et al., 2007), the implications of
adopting either of these strategies have been studied.

From a theoretical perspective, it is proposed that both have potential benefits that are natu-
rally associated with different risks. Related diversification takes advantage of the externalities
of agglomeration (Jacobs, 1969) and is associated with increases in productivity in each ac-
tivity and the generation of incremental innovations where the new activities are related to the
old ones. For its part, unrelated diversification can contribute to diversifying risk from a port-
folio perspective (Montgomery, |1994), as well as generating disruptive innovations where the
activities that emerge are distant from the original ones.

Related diversification has been proposed as the basis for smart specialisation policies,
widely promoted in Europe (Balland et al., 2019; Boschma, 2022; Foray, 2014). However,
unrelated diversification has also received considerable attention as it is associated with po-
tentially more disruptive, but also riskier, transformation processes (Alshamsi, Pinheiro, & Hi-
dalgo, [2018; (Castaldi, Frenken, & Los, 2015} |Grillitsch, Asheim, & Trippl, |2018; Janssen &
Frenken, 2019; Pinheiro, Hartmann, Boschma, & Hidalgo, 2021} |[Zhu et al., 2017). This has led
to advances in the literature in understanding the characteristics and relationship between these
two concepts (Asheim, Boschma, & Cookel [2011; |[Content & Frenken, 2016; Juhasz, Broekel,
& Boschma, 2021; Whittle & Kogler,|2020). The debate on the advisability of promoting strate-
gies based on related or unrelated diversification remains open (Foray, |[2019; Hassink & Gong,
2019), among other things, because it is understood that the former can reinforce the lock-in of
less developed economies in low-complexity structures. This aspect has been studied recently
from this perspective, observing that this lock-in exists and is difficult to overcome for countries
in this situation (Hartmann et al., 2021 Pinheiro, Balland, Boschma, & Hartmann, 2022)).

In a context like that of Latin America, where there is a relative lag in the development of
cutting-edge technical knowledge, it is particularly relevant to analyse alternatives for achiev-
ing more complex and dynamic technologies. In this sense, fully exploiting the information
contained in knowledge-relatedness networks can facilitate the identification of unrelated diver-

sification opportunities, thereby reducing the risk associated with this strategy.



2.3 Knowledge production and cities in Latin America

Cities have been highlighted as objects of study due to the role they play in today’s societies
(Jacobs, [1969; Neal, 2012). Economic geography has emphasised their relevance, both from
a neoclassical perspective (Krugman, 1991, 2011) and from that of regional studies (Glaeser,
Kallal, Scheinkman, & Shleifer, 1992). The evolutionary economic geography approach pays
special attention to urban agglomerations as units of analysis, given their ability to bring to-
gether different dimensions of proximity that this approach considers central to innovation pro-
cesses (Balland et al., 2015; Boschma, 2005; Boschma & Frenken, [2006; Boschma & Lambooy,
1999; Martin & Sunley, [2006).

Globally, cities play a central role in knowledge production (Maisonobe, Grossetti, Milard,
Eckert, & Jégou, 2016). The literature on technical knowledge development, based on the use
of patent data, has emphasised the regional effects of collaboration networks between cities
(Boschma, 2005; Cantner & Graf, 2006; Strumsky & Thill, 2013), and the relevance of large
cities for concentrating the most complex activities (Balland et al., 2020).

In Latin America, more than 81% of the population lived in urban areas in 2018, and this
number is projected to reach 89% by 2050. In addition, megacities with more than 10 million
inhabitants are home to more than 14% of the populatimﬂ Urban agglomerations account for
most economic activity, representing nearly 60% of Latin America’s GDP and concentrating
nearly 30% in about 40 cities (Montero & Garcia, 2017). This importance is reflected in the
concentration of knowledge production, which has been widely studied (Arond, Rodriguez,
Arza, Herrera, & Sanchez, 2011} |Bianchi, Galaso, & Palomeque, 2020; Cabello, 2022; Fischer,
Queiroz, & Vonortas, 2018)).

Although Latin American countries play a peripheral role in the global knowledge produc-
tion system (Chaves, Leonardo Costa Ribeiro, Ulisses Pereira, dos Santos, & Albuquerque,
2020), the region’s characteristics lead to highly heterogeneous development, resulting in dif-
ferent trajectories of capacity accumulation (Bianchi, Galaso, & Palomeque, 2021} [2023). This
is reinforced by a process of regionalisation of higher education and research centres, which
has led to cities occupying a central place in this regard (Rama & Cevallos, 2016). These as-
pects prompt academic reflection on the need for specific approaches to public policy for the
region that take this territorial structure into account (Duque Franco, 2021; Marchetti, Oliveira,
& Figueira, 2019).

The region has traditionally been led by megacities that are now facing the exhaustion of
the benefits provided by urban density and concentration, partly due to a lack of infrastructure
and persistent inequality (Fischer et al., 2018). At the same time, recent evidence shows that
the advantages associated with city size are limited (Fritsch & Wyrwich, 2021). On the other
hand, new cities are beginning to emerge, characterised by the relevance of their middle class

and with the potential to contribute to the growth of countries (Montero & Garcia, 2017). Based
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on this, the diversity of characteristics between cities appears to be relevant to understanding
innovation processes in Latin America. This diversity cannot be fully observed in studies that

use countries as units of analysis.

2.4 Knowledge flows and network structure

Relatedness networks have been used to study processes of related diversification between tech-
nologies (Boschma et al., 2015). To do this, these studies use an indicator of the relatedness
density of the territory (region, city, etc.) to each existing technology. The procedure for cal-
culating this indicatoﬂ for each territory consists of taking a technology (which we will call
the target) and listing all the technologies with which the target technology is linked in the
relatedness network (first-degree neighbourhood of the target technology). The proportion of
these technologies linked to the target that are present in the territory is then calculated. To
define which technologies are present in the territory, revealed comparative advantage indica-
tors are used, in the style of |Balassa|(1986), which compares the share of the technology in the
territory’s portfolio with its share in the total portfolio of the reference region. Previous work
shows that relatedness density is positively associated with the probability that technology will
begin to be developed in the city and negatively associated with it leaving (Balland et al.,|2019;
Balland & Rigby, 2017;|/Boschma et al., 2015; Hidalgo et al., 2018)).

On the other hand, in recent decades, several studies have examined the topological charac-
teristics of knowledge flow networks. They find that many of these networks are characterised
by small-world structures (Breschi & Lenzi, 2016; Burt, 2004; Fleming, King, & Juda, 2007;
Uzzi & Spiro, 2005; Watts & Strogatz, [1998), in which characteristics of random networks
(links between nodes follow a random distribution) are combined with others present in social
networks (links depend on node characteristics). This leads to structures with a marked ten-
dency towards triad closure, which makes them highly clustered but with links between clusters
that allow for the traversal of the network in a small number of steps.

In the context of the study of relatedness networks, it is possible to consider these charac-
teristics of knowledge flow networks by analysing not only the density of the city towards the
target technology but also towards the technologies with which the target technology shows re-
latedness (its first-degree neighbourhood). This involves analysing the relatedness of the city to
technologies that are close to the target but may or may not be present in the city. Taking Figure
as an example, if we want to achieve technology i, we cannot only consider that x is the only
technology present in the city that is linked to i. We can also consider the city’s density to x, p,

and g (first-degree neighbourhood of 7).

>The formal definition of the indicators discussed in this section will be presented in section



Figure 1: An illustrative example where the nodes in the network are technologies. The black
oval represents the city (C), in which three technologies (x, y, z) are present. Technology i is the
target, and the links between technologies indicate knowledge relatedness.

In the example above, the relatedness density of city C to technology i is 1/3, since only one
of the three technologies related to i is present in city C. On the other hand, it is important to
note that cities can have a low relatedness density to the technologies that are present in them.
For example, even though x is present in the city, the relatedness density of C to x is 1/2. We
can even have cases such as y, whose relatedness density to the city C is O (the only technology
related to y is ¢, which is not present in C). Therefore, the relatedness density of the city to the
technologies present does not necessarily have to be high. Similarly, we can have cases such as
p, where the relatedness density of C to it is 0, but the relatedness density to the neighbourhood
of p, which is given by i, is 1/3.

This analysis of the network topology allows us to propose two density measures different
from those used in the previous literature, which capture the city’s relatedness to the technolo-
gies linked to the objective. First, the "stability density" will be constructed from the relatedness
density of the city to the technologies, linked to the target technology, that are present in the
city. In the example in Figure |1} x is the only technology that we must take into account when
calculating the stability density to i. The second is called ’alternative density’ and involves the
same reasoning but to technologies that are not present in the city (p and g in Figure|I).

These measures contribute to the literature, as they allow us to use more information con-
tained in the knowledge relatedness network. The stability density provides an idea of the
environment of the technologies that serve as a basis for the diversification decision, consider-
ing the possibility that the technologies present in the city are poorly rooted. This makes their
development heavily dependent on external knowledge, increasing the possibility that they will
cease to be developed in the territory. On the other hand, the density of alternatives indicates
the proximity of the city to the as-yet undeveloped environment of technologies that are close
to those it wishes to achieve. In the context of scarce resources, diversification decisions may

be affected by these alternatives.



2.5 Hypothesis

The relatedness density of a city to existing technologies has been shown to be a key factor
for studying the likelihood of a region diversifying towards a specific technology (Boschma et
al., 2015; Kogler et al., 2013; Rigby, 2015). These studies also found that higher relatedness
density is associated with a lower likelihood of technology ceasing to be produced in the city.

In this sense, the stability density proposed in the previous section can be seen as a way
of approximating the stability of technologies related to the objective. A low stability density
implies, ceteris paribus, that the technology to be achieved is linked to technologies present in
the city that may have a high probability of disappearing, and this may hinder the consolidation
of the new technology in the territory.

The presence of technologies with low stability density in a city may be associated with
public policies that have promoted their development without considering the city’s capacity to
sustain them. Their presence may also be due to the existence of isolated agents who participate
in global knowledge production flows but whose location is not associated with the availability
of specialised knowledge in the territory. In less developed regions with immature and frag-
mented innovation systems, it is particularly important to consider these conditions. In these
territories, the development of technology may be due to the presence of natural resources or
institutional conditions that favour the establishment of isolated activities. Access to global
knowledge flows through actors linked to the rest of the world can be fundamental for the de-
velopment of these territories. However, their capacity to absorb and distribute knowledge may
be limited.

In turn, a high density of stability provides evidence of a high level of rooting of the tech-
nologies linked to the target. This condition is associated with a lower probability that these
technologies will cease to be produced in the territory, providing more secure support for the
technology towards which diversification is desired. Furthermore, the fact that the technologies
contributing to the relatedness density are also sustained in the territory indicates that they can
rely on local knowledge for their development.

On the other hand, a high density of alternatives shows us, ceteris paribus, that the city has
the capacity to attract technologies related to the target technology that are not yet present in the
city. These alternatives can divert resources, in this case inventors, towards technologies other
than the target technology, reducing the probability of its emergence in the city. Similarly, if
the city has few alternatives within the set of technologies related to the target technology, its
resources will be focused, and the probability of developing the target technology will increase.

The two proposed densities provide information about the conditions for a given technol-
ogy to be developed in a city, and we can expect them to be complemented by the relatedness
density, which has already been studied in previous work (Boschma et al.,|2015). When consid-
ering the relatedness between technologies as a network of knowledge flows, it is essential to

take this complementarity into account. In this sense, stability density and alternatives density
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could increase the probability of a city developing a technology for which it has below-average
relatedness density.

In turn, for technologies for which the city has a high relatedness density, high levels of sta-
bility density and alternatives density would imply that the incorporation of the new technology
may be redundant for the city’s knowledge base. The proximity approach used in this theoret-
ical framework highlights the importance of proximity for the development of new activities,
but also recognises that too much proximity can have negative effects (Balland et al., 2015;
Boschma, 2005). Therefore, it is relevant to analyse the association of the proposed densities to
the probability of the emergence of a new technology, taking into account their interaction with

relatedness density. Based on the above, the following hypotheses are proposed:

Hypothesis 1a: The stability density to a technology has a positive association with the
probability that this technology will begin to be developed in the city.

Hypothesis 1b: The alternatives density to a technology has a negative association with the

probability that this technology will begin to be developed in the city.

Hypothesis 2a: Stability density and alternatives density compensate for the lack of proxim-
ity, manifested in low levels of relatedness density, in which case they are positively associated

with the probability of developing the new technology in the city.

Hypothesis 2b: Stability density and alternative density generate an excess of proximity in
the presence of high levels of relatedness density, in which case they are negatively associated

with the probability of developing the new technology in the city.

Finally, in line with the above, if we consider that stability density and alternative density
provide us with information about the knowledge base available in the territory, and that a
high density of alternatives implies that the city has a wide range of options for diversifying
its technology portfolio, we can expect it to do so towards those with the greatest potential to
offer economic returns. The ability to generate future economic returns is not observable by
the agents who must make diversification decisions. However, recent literature has shown that
complexity can be considered a measure of an activity’s ability to generate this type of return
(Balland & Rigby, 2017; Rigby, Roesler, Kogler, Boschma, & Balland, 2022). Therefore, the
following hypothesis is proposed:

Hypothesis 3: The interaction of alternative density with high levels of complexity has a
positive effect on the probability of developing new technology.
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3 Data and methods

This research uses data from the United States Patent and Trademark Office (USPTOﬂ obtained
through the PatentsView projec which provides disambiguated information (Monath, Jones,
& Madhavan, 2021} [Monath & McCallum, 2015) on the inventors and owners of the patents, as
well as the technologies in which they are classified. The process of disambiguating inventors
is particularly relevant in this case, as it allows for the analysis of their patent portfolio, as well
as their place of residence at the time of registration. These elements are key to calculating
the indicators and assigning patents to cities in Latin America. USPTO patent records are
widely used in this literature (Balland & Rigby, 2017; |Boschma et al.l [2015; |[Kogler et al.,
2013} Perruchas, Consoli, & Barbieri, 2020; Petralia et al., 2017), not only because of their
wide availability and coverage, but also because they avoid the comparability problems faced
when using data from national offices, due to the different legal frameworks to which they
respond.

In terms of technological classification, the database allows the use of the International
Patent Classification (IPC from the World Intellectual Property Organization (WIPO). This
technological classification is disaggregated at section, class and subclass levels. Although
patents may be classified in more than one technology, the USPTO database identifies the order
of appearance of each technological field in the patent. This is important because it represents
an order of relevance, in which the first field is the one that best describes the technology to
which the patent contributes. This is the criterion followed by the USPTO to determine the
technicians who will be assigned to analyse each patent.

The database used contains 7,217,426 patents accepted by the USPTO, which were filed
between 1972 and 2019. It also includes 3,659,986 inventors, 54.4% of whom are involved
in more than one patent. For the purposes of this study, it is particularly relevant to have a
considerable number of inventors who patent more than one technology. In this regard, the
available data show that 31.7% of inventors register patents in more than one section, the most
aggregated level of the IPC classification. Obviously, this proportion increases if we look at
less aggregated levels, rising to 37.7% at the class level and 41.7% at the subclass level. Given
that nearly half of inventors have only one registration, if we consider only inventors with more
than one patent, these percentages almost double (58.2% at the section level, 69.3% at the class
level and 76.6% at the subclass level).

In terms of the magnitude of registrations with inventors from Latin America, the proportion
of inventors from the region in the total, as well as the proportion of patents in which they
participate, has grown in recent years. Although inventors from Latin America represent a
maximum of 0.51% of the total annually, and patents associated with them represent 0.45%,

this growth has occurred simultaneously with the growth in the total number of patents globally.

®https://www.uspto.gov/
"https://patentsview.org/
8https://www.wipo.int/classifications/ipc/en/
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Therefore, patents at the USPTO involving Latin America have grown in relative and absolute
terms.

Considering the entire period covered by our database, inventors from Latin America repre-
sent 0.98% of the total number of inventors worldwide and account for 0.29% of patents. 30%
of inventors from Latin America are involved in more than one patent, of which 38.8% have
registrations in more than one section of the IPC classification. As was the case when analysing
the global data set, the proportion of inventors who patent in more than one class and subclass
is higher (50.9% and 59.7%, respectively).

As expected, given the characteristics of the region’s economies, the proportion of inventors
with a portfolio of several technologies is below the global level. However, considering that
26.1% of the classes observed globally appear in the region, and only 18.1% of the subclasses,
it is clear that inventors in Latin America have fewer alternatives in this regard. On the other
hand, this situation shows that the region has considerable potential to diversify the technologies
it patents.

Based on previous work (Bianchi et al., 2021, [2023), we know that, for Latin America,
country assignment does not present problems in this database, but city identification and co-
ordinates require some refinement. To do this, the country and city data from the database are
used to determine the city to which the inventor belongs. This information allows small local-
ities to be grouped into the cities to which they belong. The name of the city and country is
used to locate it on Google Maps. Since the name of the city may contain errors, characters
such as numbers, dots or symbols are removed before proceeding with this step. In this way,
Google Maps returns a name and coordinates for each city-country. This name may not match
exactly how it is referred to in the database, but this allows us to disambiguate records that may
refer to the same city in different ways. The coordinates of each city then allow us to analyse
the distance between them and define a criterion for grouping small cities (few patents) into
larger cities. This is especially important because city records are not standardised in the patent
database, and different countries have different administrative levels. For this reason, there may
be records in which the inventor declares the town where they live, but this is located within a
city.

For the analysis presented in this section, if a city with a relatively low number of patents
has a larger city less than 30 kilometres away, then the patents from the smaller city are assigned
to the larger one. Finally, for each country, the largest cities that together account for 95% of
the country’s patents are selected. This excludes small localities with few records.

This procedure identifies 20,207 patents over the period covered by the data, distributed
across 126 cities in the 19 countries considered. Table [I| shows descriptive information at the
country level, showing the number of cities identified in each country, as well as other relevant
figures, such as the number of patents and inventors, both in absolute terms and per million
inhabitants, and the number of years in which each country appears in our data.

Patents registered between 2000 and 2019 were considered for the calculation of indicators

13



Country Cities | Inventors | Inventors per million | Patents | Patents per million | Years
Brazil 25 8780 41.34 7530 35.45 48
Mexico 25 6368 48.13 5814 43.95 48
Argentina 12 2086 46.25 2533 56.16 48
Chile 7 1353 73.93 1110 60.66 47
Venezuela 10 907 27.65 924 28.17 46
Colombia 7 824 16.55 669 13.43 46
Costa Rica 2 358 71.60 648 129.60 46
Peru 5 193 5.87 210 6.38 42
Uruguay 2 175 50.00 190 54.29 36
Cuba 1 709 61.65 182 15.83 39
Ecuador 5 98 5.73 122 7.13 41
Panama 3 83 19.76 116 27.62 41
Dominican Republic 6 72 6.55 92 8.36 35
Guatemala 3 56 3.18 78 4.43 39
Bolivia 3 32 2.81 51 4.47 29
Honduras 4 34 3.54 46 4.79 22
El Salvador 1 27 4.22 28 4.38 19
Paraguay 2 28 4.00 25 3.57 19
Nicaragua 3 10 1.56 12 1.88 10

Table 1: Country-level information, in descending order by number of patents. The same patent
may be counted in more than one country, so the total is higher than the 20,207 considered.
Population by country from the World Bank for 2018.

and econometric analysis, grouping the registrations into four-year time windows. The volume
of patent registrations with Latin American inventors at the USPTO was low until the beginning
of this century. For this reason, we have chosen to work with the first twenty years of this
century in order to use information that reflects the current pattern of inventive development in
the region. On the other hand, in order to work with approved patents, the lag period between
their filing and approval must be taken into account, which is why records up to 2019 are used.
Table [2shows the distribution among countries of the 80 cities used in the econometric analysis

because they appear in the five time windows studied.

Country | # Cities Country | # Cities
Argentina | 8 El Salvador | 1
Brazil | 24 Guatemala | 1
Chile | 5 Honduras | 1
Colombia | 5 Mexico | 22
Costa Rica | 1 Panama | 1
Cuba | 1 Peru | 1
Dominican Republic | 1 Uruguay | 1
Ecuador | 1 Venezuela | 6

Table 2: Cities, by country, considered in the econometric analysis
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3.1 Variables and models

Our data allow us to construct co-occurrence matrices (F) of technologies in the inventors’
portfolios for each period analysecﬂ To do this, if an inventor patented a technology j and
also a technology i, we would have F;; = F; ; = 1. By adding the co-occurrences between
pairs of technologies, we obtain a symmetric matrix of N x N, where N is the total number of
technologies. With F, we can estimate a null model that allows us to measure the deviation of
the observed co-occurrences from the expected ones (£). Based on this, following Neffke and

Henning (2013)), the knowledge relatedness indicator (kr) is calculated as follows:

ﬁ' o Z/EJZIEJ
b YiY kb
i

L] [
Fij

First, the observed co-occurrences (F; ;) are compared with the estimated ones (F; ;). If

0 <kr} j < 1, we say that the observed co-occurrences between technology i and j are below or

equal to the estimated ones. Values of kr;”; > 1 indicate that the volume of inventors patenting
in i and j exceeds expectations, which is interpreted as a knowledge relatedness between both

technologies. The indicator kr;’;

because it takes values between zero and infinity. For this reason, it is normalised, and each

has the disadvantage of presenting a pronounced right tail,

technology is also forced to be perfectly related to itself.

kr}k’]f—l Vi

) i .

k=1 kit J
0 Vi=j

Finally, the knowledge relatedness matrix is restricted between zero and one as follows:

1
kri = 3 (krij+1) (1)

Equation [1] establishes that kr € [0, 1], where pairs of technologies with values close to 0
will be considered strongly dissimilar in terms of knowledge requirements, and those close to 1
will be considered highly related in this regard.

To determine which technologies are present in each city, we use the revealed comparative
advantage index proposed by Balassa (1986) and applied in several works in this literature
(Boschma et al., 2015; |[Hidalgo et al., 2007). Thus, we say that technology i is present in city u
if the following is true:

patuj/zi patuj
Zu patu‘i/Zu Zi patu,i

RCA,; = > 1

To simplify the notation, the subscript ¢ is excluded, but all indicators are calculated for each period.
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Where Patui/y, par,; is the proportion represented by technology i in the technology portfo-
lio of city u, and Xupatui/y,y,pa,; is the proportion represented by technology i in the set of
cities analysed. Therefore, we will say that city u has comparative advantages in technology i
(RCA,; > 1), if this technology represents a larger proportion in its portfolio than in the set of
cities.

We then define an indicator for the relatedness density of a city with respect to each tech-
nology observed globally. To do this, we establish a threshold (8 = 0.5) for kr, above which we
say that the relatedness of knowledge is signiﬁcant@ Then, we define KR, ; as the number of
technologies present (RCA, ; > 1) in the city u that have knowledge relatedness with technol-
ogy i (i.e. krj; > 6), and A as the total number of technologies with knowledge relatedness to i.
Based on this, relatedness, ; € [0,1] is defined as the relatedness density of city u to technology

i

KRMJ
A

To analyse the proximity of cities to technology neighbourhoods, the following indicators

2)

relatedness, ; =

are defined.

I relatedness, ;
stability, ; = ZJ J = YI>0 3)
0 siJ=0
The stability density is defined in equation 3, where j € [1,J] are the technologies present
in city u, which belong to the degree-one neighbourhood of technology i in the knowledge
relatedness network. Therefore, as defined in section this indicator measures the average
relatedness density of city u to the technologies present in it, belonging to the degree-one neigh-
bourhood of technology i.

ZkK relatedness,,
alternatives, ; = K vEK>0 “4)
0 siK=0

For its part, equation 4] defines the alternatives density, where k € [1, K] are the technologies
that are not present in city u and belong to the degree-one neighbourhood of technology i in
the knowledge relatedness network. This indicator, therefore, measures the average density of
city u to technologies that are not present in it and belong to the degree-one neighbourhood of
technology i.

With the available information, it is also possible to calculate the complexity indicator for
each technology using the ‘Eigenvector Method’, following Hidalgo and Hausmann (2009) and
Balland and Rigby|(2017). This indicator, widely used in the literature (Hidalgo, 2021), can be

10This document does not discuss alternatives for defining this threshold, but this is a central issue in network
analysis and there is an extensive literature on the subject (Coscia & Neftke, 2017;|Coscia & Rossi, 2019; Neall
20131 12014).
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calculated using the second eigenvector of the transposed bipartite matrix of technologies and
cities. In intuitive terms, this method considers the global ubiquity of the technology, as well as
the diverse knowledge it requires, based on the other technologies that comprise the portfolio
of the territories in which it is produced.

To test hypotheses 1 (a and b) and 2 (a and b), the following model is estimated:

new,i; = Pirelatedness,;;—1+ Pastability, ;.1 + Pzalternatives, ;1 +
Barelatedness, ;1 * stability, ; ;1 + Psrelatedness, ;1 * alternatives, ; ;1 +
Bestability, ;;—1 * alternatives, ;1 +
Brcomplexity; 1 + Bstransitivity; 1 + 5)
BoXyi—1+Yu+6+G+eu

Following previous work (Boschma et al., 2015; Kogler et al.,|2013; Rigby, [2015), new,, ; ;
is used as the dependent variable, which takes the value 1 if technology i appears in city u in
period ¢. The periods are 4-year windows that aggregate observations over time. The variable
complexity; .1 measures the level of complexity of the technology. For its part, the variable
transitivity; 1 measures the proportion of closed triangles, among the possible ones, within
the neighbourhood of technology i in the knowledge relatedness network. These two variables
capture characteristics of the technology that vary over time but not between cities. Controlling
for these factors is relevant to this work, as levels of complexity can affect the probability of
developing a technology, and transitivity is a topological feature of the network that is associated
with the proposed density indicators. For its part, X, ; | represents a vector of controls that vary
between cities and periods, including the number of patents, inventors and technologies. Finally,
Yu» 0 and §; are fix effects for city, technology and time, respectively, and €, ;, is the error term.

To understand the association between the characteristics of a city’s knowledge base and the
probability of developing a given technology in the future, it is necessary to consider lagged
independent variables. This, in turn, mitigates the risk of the model presenting simultaneity
problems. On the other hand, fix effects help to mitigate possible endogeneity problems arising
from the omission of relevant variables. Furthermore, this model allows us to test the hypotheses
considering clustered errors. Given that the dependent variable is dichotomous, a Generalised
Linear Model is used. Hypothesis la will be supported by the evidence if we find that 3, is
significant and positive, while hypothesis 1b will be supported if 5 is significant and negative.
On the other hand, hypotheses 2a and 2b will be supported by the evidence if B4 and Bs are
significant and negative. Finally, to test hypothesis 3, the following model is proposed, where

the complexity indicator interacts with the measures of stability and alternatives:
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new,i; = [irelatedness,;,—1+ Pastability, ;.1 + Bzalternatives, ;,_1 +
Bsrelatedness, ;1  stability, ;1 + Bsrelatedness, ;1 * alternatives, ; 1 +
Bestability, ;;—1 * alternatives, ;1 + Brcomplexity; ;1 + Bstransitivity; ;1 +
Bostability, ;;—1 * complexity; ;1 + Bioalternatives, j ;1 * complexity; ;1 + (6)

BiiXus—1+Yu+ 0+ &+ Euis

We will find support for hypothesis 3 if B is significant and positive.

4 Results

This section discusses the results of the econometric analysis of the proposed hypotheses. In
Table 3] model 1 represents the specification set out in equation |S|and model 2 represents that
of equation

Firstly, it can be observed that the coefficient associated with the city’s relatedness density
to the different technologies (relatedness) is statistically significant and positive, in line with the
results found in previous studies (Boschma et al., 2015} Kogler et al., 2013; Rigby, [2015). This
indicates a positive association between the presence of technologies close to the target and the
likelihood that the technology will be developed with comparative advantages in the city.

In line with hypothesis la, the coefficient associated with stability density is significant
and positive. Given that this variable also interacts with the city’s relatedness to the target
technology, the coefficient represents the estimated effect of stability density on the probability
of the city developing comparative advantages in a new technology of average relatednes
Therefore, under these conditions, cities have been more likely to develop a new technology
when they have a higher stability density.

These technologies present in the city, which are related to the new technology, determine
the relatedness density with it. Therefore, the stability density allows us to observe the extent to
which the city possesses the necessary knowledge to sustain the development of technologies
that, in turn, will sustain the new technology. Based on the theoretical framework developed in
this paper, we can interpret that diversification based on technologies that are strongly rooted
in the territory, i.e., with high stability density, favours the consolidation of the technology
achieved. Conversely, when the technologies related to the objective are poorly rooted in the
territory (low stability density), it becomes more challenging to develop comparative advantages

in their production.

"'The appendix of section E] presents other specifications of these models, which show the robustness of the
results.

12The model also considers the interaction between stability and alternatives densities, but this is not significant
and is therefore not included in the analysis.
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On the other hand, the negative and significant coefficient associated with the density of al-
ternatives supports hypothesis 1b. Given the interactions present in the model, the interpretation
of this coefficient is analogous to the previous one. Therefore, it can be seen as the association
of this variable with the probability of the emergence of a new technology of average related-
ness. Thus, the evidence suggests that under these conditions, a higher density of alternatives is
associated with a lower probability of developing new technologies.

Technologies close to the target that are not present in the city make up the density of
alternatives. Following the argument presented in this paper, we can interpret this result as
a consequence of the fact that the actors present in the city have options, within the set of
technologies close to the target, for which they possess greater average knowledge. This can
lead to efforts being directed towards these other technologies, rather than the target technology,
reducing the likelihood that it will be produced in the city.

To analyse the contrast with the evidence for hypotheses 2a and 2b, we need to interpret the
coefficients associated with the interactions between the city’s relatedness density, regarding
new technologies, and the stability and alternatives densities. To do this, it is important to
bear in mind that the model used transforms the variables, extracting their mean, in order to
consider fix effects. Therefore, the values used are deviations from the mean, which means that
observations in which the variables are below the mean will have negative values.

As can be seen in Table [3} both the coefficient associated with proximity X stability and the
coefficient associated with the interaction proximity X alternatives are significant and negative.
In the first case, this implies that when the relatedness density is below the mean (relatedness
< 0), the effect of stability density on the probability of entry is more significant than when the
relatedness density is at the mean (relatedness = 0) or above it (relatedness > 0). In the case
of the interaction with the alternatives density, when the relatedness density is below the mean,
the effect of the alternatives density remains negative but of lesser absolute magnitude than for
a relatedness density at or above the mearm Therefore, the interaction of relatedness density
with stability and alternatives densities increases the probability of developing a technology for
which the relatedness density is below average. This result supports hypothesis 2a and allows
us to say that the analysis of stability and alternatives densities is relevant for studying the
likelihood of developing technologies that are distant from the city’s knowledge base.

On the other hand, when the city’s relatedness density to the new technology is high (related-
ness > 0), the relatedness x stability interaction reduces the positive effect of stability density,
and the relatedness x alternatives interaction makes the negative effect of alternatives density
stronger, compared to an average relatedness density (relatedness = 0). Therefore, when con-
sidering these different types of density, we see that an excess in the accumulation of proximity

around a technology decreases the probability of its development, supporting hypothesis 2b.

13 As mentioned in section because the dependent variable is dichotomous, the coefficients are estimated using
a Generalised Linear Model. Therefore, the magnitude of the coefficients does not correspond to the marginal
effects, an estimate of which can be found in Table[d]in the appendix of the section [6]
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Dependent variable:
Model:

(1

new

2)

Variables

relatedness

stability

alternatives

complexity

transitivity

# inventors

# patents

# technologies
relatedness x stability
relatedness x alternatives
stability x alternatives
stability x complexity
alternatives x complexity

10.84°* (2.075)
110.8%° (24.40)
1160 (2.430)
-0.6096 (0.6854)
_1.355 (1.217)
0.1166 (0.1311)
-0.2012 (0.1464)
0.1559 (0.2223)
210.3"* (54.08)
19634 (33.75)
-5.896 (17.06)

11.06"** (1.961)
102.4*** (36.77)
-23.65"* (5.010)
-2.055** (0.9812)
-1.045 (1.392)
0.1108 (0.1840)
-0.1633 (0.2046)
-0.0279 (0.2398)
-167.6** (45.95)
-109.6*** (32.78)
57.67* (17.78)
-19.76 (25.60)
28.45"* (6.799)

Fix effects
city Yes Yes
window Yes Yes
technology Yes Yes
Fit statistics
Observations 199,772 199,772
Pseudo R? 0.20218 0.20576
BIC 39,971.2 39,848.8

Clustered standard-errors in parentheses (city & window & technology)
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 3: Estimation results for the models of equations |5 and @ For simplicity, subscripts
are omitted but all independent variables are lagged. The estimations are performed using a
Generalised Linear Model of the logit type. Table []in the appendix of the section [6] presents
other specifications performed as robustness exercises.

The inclusion of interactions in the model means that the marginal effect of stability density
and alternative density can only be measured by fixing the value taken by the variables with
which they interact. The interpretation of the coefficients for hypotheses 1 and 2 considered
values relative to the mean of the variables. Figure [2|shows the evolution of the marginal effect
of stability density and alternatives density for the different values of relatedness density, using
the observed values of the other variables. It can be seen that the marginal effect of stability
density is positive in almost all cases, and the opposite is true for the effect of alternatives
density, as stated in hypotheses 1a and 1b. On the other hand, the trend lines serve to illustrate
the evolution of the effects in moving averages, where it can be seen that the average marginal
effect of stability density grows along with relatedness density for low values of the latter,

but begins to decrease from a certain point onwards. The behaviour of alternatives density is
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opposite, but of a lower absolute magnitude than that of stability density.

20
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Figure 2: Marginal effects of stability and alternatives in the model of equation measured in
the values observed in the data and ordered by relatedness density.

To explore hypothesis 3, we have to look at model 2 in Table [3| Here, we observe that the
general results remain unchanged, but the coefficient associated with technology complexity
becomes significant and negative. This means that there is a negative association between the
complexity of the technology and the likelihood that it will be developed with comparative
advantages in the city. Given that this model interacts the complexity of technology with the
city’s stability and alternatives densities, the interpretation of the coefficient associated with
complexity is that in a city with average levels of both densities, greater complexity reduces the
probability that the technology will be produced with comparative advantages. This result is
consistent with the existing literature in this field and is particularly relevant for Latin America,
given its position as a peripheral region in global knowledge production, which is associated
with significant challenges in developing complex technologies.

The inclusion of the interaction between technological complexity and stability, as well as
alternatives densities, allows us to analyse how these factors affect the probability of achieving

more complex technologies. What we can see is that the coefficient associated with complexity x
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stability is not significant but, in line with hypothesis 3, the coefficient associated with complexity x
alternatives 1is significant and positive. Therefore, a higher level of technological complexity
attenuates the negative effect observed for the alternatives density. This supports the argument
developed around this density since, to the extent that actors have different alternatives within
the set of technologies close to the target, it is expected that they will direct their resources
towards those technologies with greater complexity due to the economic returns that can be
expected from them.

Figure 3| shows the evolution of the marginal effect of stability density and alternatives
density, using the values of the other variables observed in the data and ordered by levels of
technological complexity. It can be seen how the effect of the alternatives density remains
negative, but its absolute magnitude decreases as complexity increases. Meanwhile, the dis-
persion in the marginal effects observed for the stability density explains why the interaction

complexity X stability is not significant.

0.00 025 0.50 0.75 1.00
complexity

alternatives = stability

Figure 3: Marginal effects of stability and alternatives in the model of equation @, measured in
observed values and sorted by complexity.

Finally, it is interesting to note that when the interaction between technological complexity
and stability or alternatives densities is included, the coefficient associated with the interaction

between the two becomes significant. Although this does not affect the qualitative results of
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model one, since the sign and significance of the coefficients analysed in it remain unchanged,
it seems interesting to briefly interpret this result even though it is not linked to any of the
hypotheses of this study.

The coefficient associated with stability x alternatives shows, on the one hand, that when
stability density is below average (stability < 0), its interaction with alternatives density is
associated with a lower likelihood of the target technology appearing, as alternatives density
increases. Based on the findings of this study, this can be interpreted as suggesting that the
displacement of resources due to the existence of alternatives is greater when the relatedness to
the focal technology is less stable (low stability density). Conversely, when stability density is
above average, this displacement is lower. From another perspective, when the density of alter-
natives is below average (alternatives < 0), an increase in stability decreases the probability of
the technology appearing, attenuating the positive association of stability density. In the frame-
work of our work, this may reflect that the city already has a high level of specialisation in the
set of technologies related to the focal technology, which means that incorporating it may have
little impact on local capabilities. On the other hand, when the density of alternatives is above
average, a higher stability density increases the probability of technology entry, mitigating the

negative effects of the alternatives density analysed in model one.

5 Conclusions

The development of technical knowledge is a key factor for territories seeking to maintain and
improve their position in the global innovation system. For regions on the periphery of the
global knowledge production system, diversifying their technology portfolio is particularly im-
portant for their development, as it enables them to close the gap with more developed regions.
A diversified knowledge base is necessary for their innovation systems to be sustained by local
developments focused on solving local and global problems, while also increasing their capac-
ity to take advantage of global knowledge flows (Cohen & Levinthal, 1989, 1990; |Yoguel &
Robert, 2010).

In this sense, cities play a central role as spaces for the exchange of ideas, given the concen-
tration of actors and services that interact in them, particularly in the most dynamic technologies
(Balland et al., 2020). For agents that integrate a city’s innovation system, knowing the diver-
sification paths that best suit local capabilities and seeking to develop dynamic technologies is
essential to overcoming situations of stagnation in which they may find themselves.

The present work contributes to the literature by analysing how the stability of local tech-
nologies, as well as the alternatives available to the territory, affect the emergence of new tech-
nologies according to their relatedness to the local knowledge base. To this end, the structure
of knowledge relatedness between technologies is studied, using the portfolio of technologies
patented by inventors in cities, in order to identify local capabilities. Thus, using social network

analysis tools, a set of indicators is proposed that captures dimensions proven to be relevant in
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this type of relatedness structure.

The proposed indicators represent a contribution in this field, as they are closely related
to other measures used but extend the level of analysis of relatedness networks. This enables
the exploitation of a greater volume of information contained in these networks, facilitating a
better understanding of the characteristics of the knowledge base of the studied territories. The
empirical results support the relevance of this work and its argument.

The first observation is that the generation of new technical knowledge, measured through
the development of comparative advantages in patented technologies, requires not only knowl-
edge related to the technologies to be achieved but also the stability of this knowledge within
the territory’s knowledge base. A city may perform well in the development of certain technolo-
gies, but if these are not based on the use of the local knowledge base, its capacity to support the
development of new technologies will be limited. Technologies that do not draw on the local
knowledge base are more likely to leave the territory, making them less stable and limiting the
capacity to diversify from them.

Our work shows that technology may seem like a good option for diversification based on
the technologies produced in the city. However, if these capabilities are not sustained locally, the
probability of establishing the new technology in the territory will be lower. This implies taking
into account a dimension that previous literature had not considered, which may be especially
relevant in regions with fragmented innovation systems or those that are highly dependent on
external knowledge flows for their development.

On the other hand, the paper also acknowledges that targeted technologies are components
of groups of technologies that are related to each other in terms of the knowledge required to
develop them. This makes it possible to analyse the role that these alternatives play in diver-
sification processes. In this sense, the evidence suggests that these alternatives could divert
resources, thereby reducing the likelihood that a technology will be produced in the city.

This perspective has not been addressed in the literature until now, and it is important to
do so. If we consider the relatedness of a city’s knowledge base to a technology, but do not
account for its proximity with a set of related technologies, the available resources may be
dispersed, and the possibility of developing the new technology may be limited. In particular,
the empirical results support the argument presented in this paper, which proposes that more
complex technologies will be able to attract more resources among available alternatives.

The analysis of the interaction of the proposed density measures provides particularly rel-
evant elements for the discussion on unrelated diversification strategies. In this sense, the em-
pirical results support the argument about the ability of stability and alternatives density to
compensate for the lack of relatedness to target technologies. This is a central element in the
context of lagging regions, as their knowledge base may tend to limit their ability to achieve
complex technologies (Balland et al., 2019). In this way, the proposed densities can contribute
to the design of diversification strategies towards technologies that appear relatively distant.

The analysis of these interactions also reveals that excessive relatedness reduces the likelihood
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of a technology entering the territory (Balland et al., 2015; Boschma, [2005). This highlights the
importance of not limiting the measurement of diversification to quantitative indicators but also
analysing its qualitative dimension.

These results contribute to a vibrant and prolific academic literature that seeks to understand
diversification processes embedded in complex innovation systems, where dependence on the
past and territory plays an important role (Boschma & Frenken, 2006; Boschma & Lambooy,
1999; Martin & Sunley, [2007). In this sense, the concepts proposed have significant potential
for dialogue with this literature while also contributing to its application in the context of less
developed innovation systems. Given the widespread use of this literature in the design and
implementation of public policies, this contribution may also serve to enhance their design and
the outcomes achieved.

The argument elaborated in this article leaves open some lines of research for further anal-
ysis. Among them, two extensions could be particularly relevant. First, this paper does not
consider the role that external knowledge flows and collaboration between cities can play. This
perspective is central in a world embedded in global chains that fragment knowledge production
but must also take advantage of the benefits offered by geographical relatedness in many activ-
ities. On the other hand, the discussion in this article is limited to the analysis of a particular
type of knowledge; however, it seems relevant to extend it to a wide range of activities, such as

scientific knowledge production or the industrial and productive diversification of territories.
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6 Appendix

Dependent variable: new
Model: (D (2)
Variables
relatedness 0.043 (0.060) 0.037 (0.066)
stability  1.814*** (0.679) 1.547** (0.742)
alternatives  -0.360"** (0.130) -0.236** (0.108)
complexity  -0.012 (0.011) -0.007 (0.010)
transitivity  -0.026 (0.020) -0.020 (0.022)
#inventors  0.002 (0.003) 0.002 (0.004)
# patents  -0.004 (0.003) -0.003 (0.003)

# technologies

0.003 (0.004)

-0.001 (0.005)

Fix effects
city Yes Yes
window Yes Yes
technology Yes Yes
Fit statistics
Observations 199,772 199,772
Pseudo R? 0.20218 0.20576
BIC 39,971.2 39,848.8

Clustered standard-errors in parentheses (city & window & technology)

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Table 4: Estimation of marginal effects, using numerical methods, for the models of equations
and [6] For each variable, the coefficient represents the average marginal effect, considering

the remaining variables at their observed values. To simplify reading, subscripts are omitted,
but all independent variable are lagged.
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Dependent variable: new
Model: (1) ) 3) 4) (5)
Variables
relatedness  5.385*** 10.84***  11.06***
(1.082) (2.075) (1.961)
stability 11.07* 110.8**  102.4***
(6.721) (24.40) (36.77)
alternatives -8.793**  -11.60*** -23.65***
(3.244) (2.430) (5.010)
complexity -0.4375 -0.4125 -0.4754  -0.6096 -2.055**
(0.6616) (0.6448) (0.6407) (0.6854) (0.9812)
transitivity  -0.8964  -0.5841  -0.8116 -1.355 -1.045
(1.139)  (1.125) (1.114) (1.217) (1.392)
# inventors  0.0511 0.0408 0.0672 0.1166 0.1108
(0.1162) (0.1163) (0.1321) (0.1311) (0.1840)
# patents  -0.2642* -0.2671*  -0.1789  -0.2012  -0.1633
(0.1415) (0.1395) (0.1429) (0.1464) (0.2046)
# technologies  0.1220  0.2559  0.4198**  0.1559 -0.0279
(0.2346) (0.2167) (0.1562)  (0.2223)  (0.2398)
relatedness x stability -210.3"*  -167.6***
(54.08) (45.95)
relatedness x alternatives -96.34**  -109.6***
(33.75) (32.78)
stability x alternatives -5.896  57.67"**
(17.06) 17.78)
stability x complexity -19.76
(25.60)
alternatives x complexity 28.45%+*
(6.799)
Fix effects
city Yes Yes Yes Yes Yes
window Yes Yes Yes Yes Yes
technology Yes Yes Yes Yes Yes
Fit statistics
Observations 199,772 199,772 199,772 199,772 199,772
Pseudo R? 0.19611 0.19393  0.19450 0.20218  0.20576
BIC 40,158.4 40,2479 40,224.6 39,971.2 39,848.8

Clustered standard-errors in parentheses (city & window & technology)
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 5: In this table, models 4 and 5 correspond to models 1 and 2 in Table [3) which were used
to test the hypotheses. Models 1 to 3 show the results of including the variables relatedness,

stability, and alternatives one by one, without considering interactions.
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Dependent variable: new
Model: 1) 2) 3) 4)

Variables
relatedness  9.580***  10.79***  10.84™*  11.06™**
(1.377) (1.969) (2.075) (1.961)

stability  -19.45 110.8%**  102.4***
(14.81) (24.40) (36.77)
alternatives -5.551*%  -11.60*** -23.65***

(2.648) (2.430) (5.010)

complexity -0.4455 -0.5543  -0.6096  -2.055**
(0.6665) (0.6684) (0.6854) (0.9812)

transitivity  -0.9981 -1.474 -1.355 -1.045
(1.128)  (1.377) (1.217) (1.392)

#inventors  0.0905 0.1025 0.1166 0.1108
(0.1161) (0.1208)  (0.1311)  (0.1840)

#patents -0.1916  -0.1397  -0.2012  -0.1633
(0.1357)  (0.1458) (0.1464) (0.2046)

# technologies  -0.0548  0.0655 0.1559 -0.0279
(0.2452) (0.2472) (0.2223)  (0.2398)

relatedness x stability  -8.312 -210.3***  -167.6***
(30.84) (54.08) (45.95)
relatedness x alternatives -45.55%*  -96.34**  -109.6"**
(17.53) (33.75) (32.78)
stability x alternatives -5.896  57.67%*
(17.06) (17.78)
stability x complexity -19.76
(25.60)
alternatives X complexity 28.45%*
(6.799)
Fix effects
city Yes Yes Yes Yes
window Yes Yes Yes Yes
technology Yes Yes Yes Yes

Fit statistics
Observations 199,772 199,772 199,772 199,772
Pseudo R> 0.19707 0.19928  0.20218  0.20576
BIC 40,143.7 40,053.0 39,9712 39,848.8

Clustered standard-errors in parentheses (city & window & technology)
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 6: In this table, models 3 and 4 correspond to models 1 and 2 in Table [3|, which were
used to test the hypotheses. Here, models 1 and 2 show the results of including the stability and
alternatives density variables one by one, as well as the interactions between them and with the
relatedness density. 73



Dependent variable: new
Model: ey @) 3) “) ®) (6) (7

Variables
relatedness  -1.055 2.219* 11.36%** -0.7648  10.97***  10.86™*  11.06"**
(1.777)  (0.9207) (1.347) (1.974) (1.898) (1.232) (1.961)
stability ~ 82.13*** 42.48 69.00*** 81.25"* 100.3** 69.53* 102.4**
(22.29) (24.55) (17.98) (28.10) (30.99) (34.44) (36.77)
alternatives -10.33"**  -12.05"*  -20.38™** -11.39*** -22.70"* -21.20"* -23.65"**
(2.364) (1.488) (4.284) (2.209) (4.904) (3.987) (5.010)
complexity -5.494** 5618 -1.747"* -5746™* 2287  -1.948* -2.055%
(0.1381)  (0.3004) (0.3146)  (0.2877) (0.3705) (0.8091) (0.9812)
transitivity -3.421***  -3.268***  -2.224**  -3.241"*  -0.4882 -1.024 -1.045
(0.3520) (0.9694)  (0.7359)  (0.9983) (0.8801)  (1.085) (1.392)
#inventors  0.0752 -0.0381 -0.0234 0.0869  0.2894**  -0.0276 0.1108
(0.1212)  (0.0575)  (0.0476)  (0.1280) (0.1104) (0.0544) (0.1840)
# patents  -0.1845 -0.1607  -0.2583** -0.2549* -0.2334  -0.1647  -0.1633
(0.1569) (0.1658)  (0.0699)  (0.1276) (0.1446) (0.1398) (0.2046)
# technologies  -0.1533  0.8617***  1.069*** -0.1136  -0.0267  1.022**  -0.0279
(0.2373)  (0.1520)  (0.1044)  (0.2708) (0.1820) (0.0983) (0.2398)
relatedness x stability -88.16"**  -54.08 -138.0"*  -84.74*  -168.1"**  -140.6* -167.6"*
(18.49) (45.99) (22.54) (41.40) (31.95) (56.40) (45.95)
relatedness x alternatives  -1.118 -30.94 -104.1%* -2.102  -112.1%**  -100.4* -109.6***
(21.81) (20.34) (19.55) (24.78) (25.73) (40.76) (32.78)
stability x alternatives -136.6" 19.06 124.2** -123.2% 71.96 121.6* 57.67*
(56.42) (28.83) (39.26) (52.09) (50.59) (48.84) (17.78)
stability x complexity  -28.95 -26.75* -4.957 -32.22 -16.18 -4.948 -19.76
(18.79) (10.86) (18.43) (18.30) (24.97) (19.99) (25.60)
alternatives x complexity 29.92***  25.18*  25.60"**  29.49***  28.17***  25.13**  28.45"*
(3.744) (2.094) (5.878) (3.846) (6.671) (5.608) (6.799)

Fix effects
city Yes Yes Yes Yes
window Yes Yes Yes Yes
technology Yes Yes Yes Yes

Fit statistics
Observations 248,208 248,208 199,772 248,208 199,772 199,772 199,772
Pseudo R  0.17290  0.16580 0.19437 0.17593  0.20466  0.19595  0.20576
BIC 36,559.2 35,931.2 39,3024 36,479.1 39,845.1 39,286.4 39,848.8

Clustered standard errors at the level of the fix effects of each specification
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05

Table 7: In this table, model 7 corresponds to model 2 presented in Table [3} Models 1 to 6
consider the different possible combinations of the three fix effects.

29



References

Alonso, J. A., & Martin, V. (2019). Product relatedness and economic diversification at the
regional level in two emerging economies: Mexico and Brazil. Regional Studies, 53(12),
1710-1722. doi: 10.1080/00343404.2019.1605441

Alshamsi, A., Pinheiro, F. L., & Hidalgo, C. A. (2018). Optimal diversification strategies in
the networks of related products and of related research areas. Nature Communications,
9(1). doi: 10.1038/s41467-018-03740-9

Alstott, J., Triulzi, G., Yan, B., & Luo, J. (2017). Inventors’ explorations across technology
domains. Design Science, 3(May), €20. doi: 10.1017/dsj.2017.21

Antonelli, C. (2011). Handbook on the Economic Complexity of Technological Change. Edward
Elgar Publishing. doi: 10.4337/9780857930378

Arond, E., Rodriguez, 1., Arza, V., Herrera, F., & Sanchez, M. (2011). Innovation, Sustainabil-
ity, Development and Social Inclusion: Lessons from Latin America. Brighton.

Arthur, W. B. (2009). The Nature of Technology — What it is and how it evolves. London:
Penguin Group.

Asheim, B. T., Boschma, R., & Cooke, P. (2011). Constructing Regional Advantage: Platform
Policies Based on Related Variety and Differentiated Knowledge Bases. Regional Studies,
45(7), 893-904. doi: 10.1080/00343404.2010.543126

Balassa, B. (1986). Comparative Advantage in Manufactured Goods: A Reappraisal. The
Review of Economics and Statistics, 68(2), 315-319. doi: 10.2307/1925512

Balland, P.-A., Boschma, R., Crespo, J., & Rigby, D. L. (2019). Smart specialization policy
in the European Union: relatedness, knowledge complexity and regional diversification.
Regional Studies, 53(9), 1252—-1268. doi: 10.1080/00343404.2018.1437900

Balland, P.-A., Boschma, R., & Frenken, K. (2015). Proximity and Innovation: From Statics
to Dynamics. Regional Studies, 49(6), 907-920. doi: 10.1080/00343404.2014.883598

Balland, P.-A., Broekel, T., Diodato, D., Giuliani, E., Hausmann, R., O’Clery, N., & Rigby,
D. L. (2022). The new paradigm of economic complexity. Research Policy, 51(3),
104450. doi: 10.1016/j.respol.2021.104450

Balland, P.-A., Jara-Figueroa, C., Petralia, S., Steijn, M. P. A., Rigby, D. L., & Hidalgo, C. A.
(2020). Complex economic activities concentrate in large cities. Nature Human Be-
haviour, 4(3), 248-254. doi: 10.1038/s41562-019-0803-3

Balland, P.-A., & Rigby, D. L. (2017). The Geography of Complex Knowledge. Economic
Geography, 93(1), 1-23. doi: 10.1080/00130095.2016.1205947

Bianchi, C., Galaso, P., & Palomeque, S. (2020). Invention and Collaboration Networks in
Latin America: Evidence from Patent Data (No. DT 04/20). Montevideo.

Bianchi, C., Galaso, P., & Palomeque, S. (2021). Patent Collaboration Networks in Latin Amer-
ica: Extra-regional Orientation and Core-Periphery Structure. Journal of Scientometric
Research, 10(1s), s59—s70. doi: 10.5530/jscires.10.1s.22

30



Bianchi, C., Galaso, P., & Palomeque, S. (2023). The trade-offs of brokerage in inter-city
innovation networks. Regional Studies, 57(2), 225-238. doi: 10.1080/00343404.2021
1973664

Boschma, R. (2004). Competitiveness of Regions from an Evolutionary Perspective. Regional
Studies, 38(9), 1001-1014. doi: 10.1080/0034340042000292601

Boschma, R. (2005). Proximity and Innovation: A Critical Assessment. Regional Studies,
39(1), 61-74. doi: 10.1080/0034340052000320887

Boschma, R. (2017). Relatedness as driver of regional diversification: a research agenda.
Regional Studies, 51(3), 351-364. doi: 10.1080/00343404.2016.1254767

Boschma, R. (2022). Designing Smart Specialization Policy: relatedness, unrelatedness, or
what? In M. Anderson, C. Karlsson, & S. Wixe (Eds.), Handbook of spatial diversity and
business economics. Oxford, UK: Oxford University Press. Forthcoming.

Boschma, R., Balland, P.-A., & Kogler, D. F. (2015). Relatedness and technological change in
cities: the rise and fall of technological knowledge in US metropolitan areas from 1981
to 2010. Industrial and Corporate Change, 24(1), 223-250. doi: 10.1093/icc/dtu012

Boschma, R., & Frenken, K. (2006). Why is economic geography not an evolutionary science?
Towards an evolutionary economic geography. Journal of Economic Geography, 6(3),
273-302. doi: 10.1093/jeg/1bi022

Boschma, R., & Lambooy, J. G. (1999). Evolutionary economics and economic geography.
Journal of Evolutionary Economics, 9(4), 411-429. doi: 10.1007/s001910050089

Breschi, S., & Lenzi, C. (2016). Co-invention networks and inventive productivity in US cities.
Journal of Urban Economics, 92, 66-75. doi: 10.1016/j.jue.2015.12.003

Breschi, S., Lissoni, F., & Malerba, F. (2003). Knowledge-relatedness in firm technological
diversification. Research Policy, 32(1), 69-87. doi: 10.1016/S0048-7333(02)00004-5

Burt, R. S. (2004). Structural Holes and Good Ideas. American Journal of Sociology, 110(2),
349-399. doi: 10.1086/421787

Cabello, S. (2022). El camino de desarrollo de las ciudades inteligentes: una evaluacion de
Bogotd, Buenos Aires, Ciudad de México y Sdo Paulo (Tech. Rep.). Santiago de Chile:
Comision Econémica para América Latina y el Caribe (CEPAL).

Cantner, U., & Graf, H. (2006). The network of innovators in Jena: An application of social
network analysis. Research Policy, 35(4), 463—480. doi: 10.1016/j.respol.2006.01.002

Castaldi, C., Frenken, K., & Los, B. (2015). Related Variety, Unrelated Variety and Technolog-
ical Breakthroughs: An analysis of US State-Level Patenting. Regional Studies, 49(5),
767-781. doi: 10.1080/00343404.2014.940305

Chaves, C. V., Leonardo Costa Ribeiro, Ulisses Pereira, dos Santos, & Albuquerque, E. d. M. e.
(2020). Innovation systems and changes in the core-periphery divide: Notes on a method-
ology to determine countries’ trajectories using science and technology statistics. CEPAL
Review, 2020(130), 43—61. doi: 10.18356/16840348-2020-130-3

Cohen, W. M., & Levinthal, D. A. (1989). Innovation and Learning: The Two Faces of R&D.

31



The Economic Journal, 99(397), 569. doi: 10.2307/2233763

Cohen, W. M., & Levinthal, D. A. (1990). Absorptive Capacity: A New Perspective on Learn-
ing and Innovation. Administrative Science Quarterly, 35(1), 128. doi: 10.2307/2393553

Collins, H. (2010). Tacit and explicit knowledge. Chicago: University of Chicago Press.

Content, J., & Frenken, K. (2016). Related variety and economic development: a literature
review. European Planning Studies, 24(12), 2097-2112. doi: 10.1080/09654313.2016
1246517

Coscia, M., & Neffke, F. (2017). Network Backboning with Noisy Data. In 2017 ieee 33rd
international conference on data engineering (icde) (pp. 425-436). 1IEEE. doi: 10.1109/
ICDE.2017.100

Coscia, M., & Rossi, L. (2019). The impact of projection and backboning on network topolo-
gies. In Proceedings of the 2019 ieee/acm international conference on advances in so-
cial networks analysis and mining (pp. 286-293). New York, NY, USA: ACM. doi:
10.1145/3341161.3342862

Cowan, R., David, P. A., & Foray, D. (2000). The explicit economics of knowledge codification
and tacitness. [Industrial and Corporate Change, 9(2), 211-253. doi: 10.1093/icc/9.2
211

De Raco, S., & Semeshenko, V. (2019). Labor mobility and industrial space in Argentina
(Vol. 6) (No. 2). doi: 10.3934/jdg.2019008

Dosi, G., Mathew, N., & Pugliese, E. (2020). What a firm produces matters: Processes of
diversification, coherence and performances of Indian manufacturing firms. Research
Policy, 104152. doi: 10.1016/j.respol.2020.104152

Drivas, K. (2022). The role of technology and relatedness in regional trademark activity.
Regional Studies, 56(2), 242-255. doi: 10.1080/00343404.2020.1808883

Duque Franco, I. (2021). Las smart cities en la agenda del planeamiento y la gobernanza urbana
en América Latina. Cuadernos de Geografia: Revista Colombiana de Geografia, 30(2),
280-296. doi: 10.15446/rcdg.v30n2.89479

Essletzbichler, J. (2015). Relatedness, Industrial Branching and Technological Cohesion in
US Metropolitan Areas. Regional Studies, 49(5), 752-766. doi: 10.1080/00343404.2013
.806793

Farinha, T., Balland, P.-A., Morrison, A., & Boschma, R. (2019). What drives the geography of
jobs in the US? Unpacking relatedness. Industry and Innovation, 26(9), 988-1022. doi:
10.1080/13662716.2019.1591940

Fischer, B. B., Queiroz, S., & Vonortas, N. S. (2018). On the location of knowledge-
intensive entrepreneurship in developing countries: lessons from Sao Paulo, Brazil. En-
trepreneurship & Regional Development, 30(5-6), 612—638. doi: 10.1080/08985626
.2018.1438523

Fleming, L., King, C., & Juda, A. I. (2007). Small Worlds and Regional Innovation. Organiza-
tion Science, 18(6), 938-954. doi: 10.1287/orsc.1070.0289

32



Fleming, L., & Sorenson, O. (2001). Technology as a complex adaptive system: evidence from
patent data. Research Policy, 30(7), 1019-1039. doi: 10.1016/S0048-7333(00)00135-9

Fleming, L., & Sorenson, O. (2004). Science as a map in technological search. Strategic
Management Journal, 25(89), 909-928. doi: 10.1002/smj.384

Foray, D. (2014). Smart Specialisation: Opportunities and Challenges for Regional Innovation
Policy (First ed.). London: Routledge. doi: 10.4324/9781315773063

Foray, D. (2019). In response to ‘Six critical questions about smart spezialisation’. European
Planning Studies, 27(10), 2066-2078. doi: 10.1080/09654313.2019.1664037

Frenken, K., Van Oort, F. G., & Verburg, T. (2007). Related variety, unrelated variety
and regional economic growth. Regional Studies, 41(5), 685-697. doi: 10.1080/
00343400601120296

Fritsch, M., & Wyrwich, M. (2021). Is innovation (increasingly) concentrated in large cities?
An international comparison. Research Policy, 50(6), 104237. doi: 10.1016/j.respol.2021
104237

Glaeser, E. L., Kallal, H. D., Scheinkman, J. A., & Shleifer, A. (1992). Growth in Cities.
Journal of Political Economy, 100(6), 1126—1152. doi: 10.1086/261856

Grillitsch, M., Asheim, B. T., & Trippl, M. (2018). Unrelated knowledge combinations: the
unexplored potential for regional industrial path development. Cambridge Journal of
Regions, Economy and Society, 11(2), 257-274. doi: 10.1093/cjres/rsy012

Guevara, M. R., Hartmann, D., Aristardn, M., Mendoza, M., & Hidalgo, C. A. (2016).
The research space: using career paths to predict the evolution of the research out-
put of individuals, institutions, and nations. Scientometrics, 109(3), 1695-1709. doi:
10.1007/s11192-016-2125-9

Hartmann, D., Guevara, M. R., Jara-Figueroa, C., Aristardn, M., & Hidalgo, C. A. (2017).
Linking Economic Complexity, Institutions, and Income Inequality. World Development,
93, 75-93. doi: 10.1016/j.worlddev.2016.12.020

Hartmann, D., Zagato, L., Gala, P., & Pinheiro, F. L. (2021). Why did some countries catch-
up, while others got stuck in the middle? Stages of productive sophistication and smart
industrial policies. Structural Change and Economic Dynamics, 58, 1-13. doi: 10.1016/
j.strueco.2021.04.007

Hassink, R. (2010). Regional resilience: a promising concept to explain differences in regional
economic adaptability? Cambridge Journal of Regions, Economy and Society, 3(1), 45—
58. doi: 10.1093/cjres/rsp033

Hassink, R., & Gong, H. (2019). Six critical questions about smart specialization. European
Planning Studies, 27(10), 2049-2065. doi: 10.1080/09654313.2019.1650898

Hausmann, R., Hidalgo, C. A., Bustos, S., Coscia, M., Simoes, A., & Yildirim, M. A. (2013).
The Atlas of Economic Complexity: Mapping Paths to Prosperity. New Hampshire: MIT
Press.

Hidalgo, C. A. (2021). Economic complexity theory and applications. Nature Reviews Physics.

33



doi: 10.1038/s42254-020-00275-1

Hidalgo, C. A., Balland, P.-A., Boschma, R., Delgado, M., Feldman, M. P., Frenken, K., ...
Zhu, S. (2018). The Principle of Relatedness. In Springer proceedings in complexity (pp.
451-457). doi: 10.1007/978-3-319-96661-8_46

Hidalgo, C. A., & Hausmann, R. (2009). The building blocks of economic complex-
ity. Proceedings of the National Academy of Sciences, 106(26), 10570-10575. doi:
10.1073/pnas.0900943106

Hidalgo, C. A., Klinger, B., Barabdsi, A.-L., & Hausmann, R. (2007). The Product Space
Conditions the Development of Nations. Science, 317(5837), 482—487. doi: 10.1126/
science.1144581

Isaksen, A. (2015). Industrial development in thin regions: trapped in path extension? Journal
of Economic Geography, 15(3), 585-600. doi: 10.1093/jeg/I1bu026

Jacobs, J. (1969). The Economy of Cities (First ed.). New York, NY: Vintage.

Janssen, M. J., & Frenken, K. (2019). Cross-specialisation policy: rationales and options for
linking unrelated industries. Cambridge Journal of Regions, Economy and Society, 12(2),
195-212. doi: 10.1093/cjres/rsz001

Juhdsz, S., Broekel, T., & Boschma, R. (2021). Explaining the dynamics of relatedness: The
role of co-location and complexity. Papers in Regional Science, 100(1), 3-21. doi:
10.1111/pirs.12567

Kogler, D. F,, Rigby, D. L., & Tucker, 1. (2013). Mapping Knowledge Space and Technological
Relatedness in US Cities. European Planning Studies, 21(9), 1374—1391. doi: 10.1080/
09654313.2012.755832

Krugman, P. (1991). Increasing Returns and Economic Geography. Journal of Political Econ-
omy, 99(3), 483—499. doi: 10.1086/261763

Krugman, P. (2011). The New Economic Geography, Now Middle-aged. Regional Studies,
45(1), 1-7. doi: 10.1080/00343404.2011.537127

Lyu, X., Zhou, P., & Leydesdorff, L. (2020). Eco-system mapping of techno-science linkages
at the level of scholarly journals and fields. Scientometrics, 124(3), 2037-2055. doi:
10.1007/s11192-020-03435-3

Maisonobe, M., Grossetti, M., Milard, B., Eckert, D., & Jégou, L. (2016). The global evolu-
tion of scientific collaboration networks between cities (1999-2014). Revue francaise de
sociologie, 57(3), 417-441. doi: 10.3917/rfs.573.0417

Marchetti, D., Oliveira, R., & Figueira, A.R. (2019). Are global north smart city models capable
to assess Latin American cities? A model and indicators for a new context. Cities, 92,
197-207. doi: 10.1016/j.cities.2019.04.001

Martin, R. (1999). The new ’geographical turn’ in economics: some critical reflections. Cam-
bridge Journal of Economics, 23(1), 65-91. doi: 10.1093/cje/23.1.65

Martin, R., & Sunley, P. (2006). Path dependence and regional economic evolution. Journal of
Economic Geography, 6(4), 395-437. doi: 10.1093/jeg/1bl012

34



Martin, R., & Sunley, P. (2007). Complexity thinking and evolutionary economic geography.
Journal of Economic Geography, 7(5), 573-601. doi: 10.1093/jeg/Ibm019

Monath, N., Jones, C., & Madhavan, S. (2021). PatentsView: Disambiguating Inventors,
Assignees, and Locations (Tech. Rep. No. July). Arlington, VA: American Institutes for
Research.

Monath, N., & McCallum, A. (2015). Discriminative hierarchical coreference for inventor dis-
ambiguation. In Patentsview inventor disambiguation technical workshop, uspto, alexan-
dria, va.

Montero, L., & Garcia, J. (2017). Panorama multidimensional del desarrollo urbano en
Ameérica Latina y el Caribe (Tech. Rep.). Santiago de Chile: ECLAC.

Montgomery, C. A. (1994). Corporate Diversification. Journal of Economic Perspectives, 8(3),
163-178.

Muneepeerakul, R., Lobo, J., Shutters, S. T., Goméz-Liévano, A., & Qubbaj, M. R. (2013).
Urban Economies and Occupation Space: Can They Get “There” from “Here”? PLoS
ONE, 8(9), €73676. doi: 10.1371/journal.pone.0073676

Neal, Z. P. (2012). The connected city: How networks are shaping the modern metropolis.
The Connected City: How Networks are Shaping the Modern Metropolis, 1-253. doi:
10.4324/9780203101728

Neal, Z. P. (2013). Identifying statistically significant edges in one-mode projections. Social
Network Analysis and Mining, 3(4), 915-924. doi: 10.1007/s13278-013-0107-y

Neal, Z. P. (2014). The backbone of bipartite projections: Inferring relationships from co-
authorship, co-sponsorship, co-attendance and other co-behaviors. Social Networks,
39(1), 84-97. doi: 10.1016/j.socnet.2014.06.001

Neftke, F., & Henning, M. (2013). Skill relatedness and firm diversification. Strategic Man-
agement Journal, 34(3), 297-316. doi: 10.1002/smj.2014

Neftke, F., Henning, M., & Boschma, R. (2011). How Do Regions Diversify over Time?
Industry Relatedness and the Development of New Growth Paths in Regions. Economic
Geography, 87(3), 237-265. doi: 10.1111/j.1944-8287.2011.01121.x

Neffke, F., Otto, A., & Weyh, A. (2017). Inter-industry labor flows. Journal of Economic
Behavior and Organization, 142, 275-292. doi: 10.1016/j.jebo.2017.07.003

Nelson, R. R., & Winter, S. G. (1977). In search of useful theory of innovation. Research
Policy, 6(1), 36-76. doi: 10.1016/0048-7333(77)90029-4

Nelson, R. R., & Winter, S. G. (1982). An evolutionary theory of economic change. Harvard
Business School Press, Cambridge.

Perruchas, F., Consoli, D., & Barbieri, N. (2020). Specialisation, diversification and the ladder
of green technology development. Research Policy, 49(3), 103922. doi: 10.1016/j.respol
.2020.103922

Petralia, S., Balland, P.-A., & Morrison, A. (2017). Climbing the ladder of technological
development. Research Policy, 46(5), 956-969. doi: 10.1016/j.respol.2017.03.012

35



Pinheiro, F. L., Balland, P.-A., Boschma, R., & Hartmann, D. (2022). The dark side of the
geography of innovation: relatedness, complexity and regional inequality in Europe. Re-
gional Studies, 1-16. doi: 10.1080/00343404.2022.2106362

Pinheiro, F. L., Hartmann, D., Boschma, R., & Hidalgo, C. A. (2021). The time and fre-
quency of unrelated diversification. Research Policy, 104323. doi: 10.1016/j.respol.2021
104323

Polanyi, M. (1966a). The Logic of Tacit Inference. Philosophy, 41(155), 1-18. doi: 10.1017/
S0031819100066110

Polanyi, M. (1966b). The tacit dimension. London: University of Chicago Press.

Pugliese, E., Cimini, G., Patelli, A., Zaccaria, A., Pietronero, L., & Gabrielli, A. (2019).
Unfolding the innovation system for the development of countries: coevolution of Sci-
ence, Technology and Production. Scientific Reports, 9(1), 16440. doi: 10.1038/
s41598-019-52767-5

Rama, C., & Cevallos, M. (2016). Nuevas dindmicas de la regionalizacién universitaria en
América Latina. Magis. Revista Internacional de Investigacion en Educacion, 8(17), 99.
doi: 10.11144/Javeriana.m8-17.ndru

Rigby, D. L. (2015). Technological Relatedness and Knowledge Space: Entry and Exit of
US Cities from Patent Classes. Regional Studies, 49(11), 1922—-1937. doi: 10.1080/
00343404.2013.854878

Rigby, D. L., Roesler, C., Kogler, D. F., Boschma, R., & Balland, P.-A. (2022). Do EU regions
benefit from Smart Specialisation principles? Regional Studies, 56(12), 2058-2073. doi:
10.1080/00343404.2022.2032628

Schumpeter, J. A. (1934). The theory of economic development — An inquiry into profits, cap-
ital, credit, interest, and the business cycle. (R. Opie, Trans.). Cambridge, MA: Harvard
University Press.

Schumpeter, J. A. (1943). Capitalism, Socialism and Democracy. London: Allen and Unwin.

Sorenson, O., Rivkin, J. W., & Fleming, L. (2006). Complexity, networks and knowledge flow.
Research Policy, 35(7), 994-1017. doi: 10.1016/j.respol.2006.05.002

Strumsky, D., & Thill, J.-C. (2013). Profiling U.S. metropolitan regions by their social research
networks and regional economic performance. Journal of Regional Science, 53(5), 813—
833. doi: 10.1111/jors. 12048

Uzzi, B., & Spiro, J. (2005). Collaboration and Creativity: The Small World Problem. American
Journal of Sociology, 111(2), 447-504. doi: 10.1086/432782

Watts, D. J., & Strogatz, S. H. (1998). Collective dynamics of ‘small-world’ networks. Nature,
393(6684), 440-442. doi: 10.1038/30918

Whittle, A., & Kogler, D. F. (2020). Related to what? Reviewing the literature on technological
relatedness: Where we are now and where can we go? Papers in Regional Science, 99(1),
97-113. doi: 10.1111/pirs.12481

Yoguel, G., & Robert, V. (2010). Capacities, Processes, and Feedbacks: The Complex Dynam-

36



ics of Development. Seoul Journal of Economics, 23(2), 187-237.

Youn, H., Strumsky, D., Bettencourt, L. M. A., & Lobo, J. (2015). Invention as a combinatorial
process: evidence from US patents. Journal of The Royal Society Interface, 12(106),
20150272. doi: 10.1098/rsif.2015.0272

Zhu, S., He, C., & Zhou, Y. (2017). How to jump further and catch up? Path-breaking in an
uneven industry space. Journal of Economic Geography, 521-545. doi: 10.1093/jeg/
Ibw047

37



	Introduction
	Theoretical framework
	The structure of knowledge relatedness as a network of technologies
	Related and unrelated diversification
	Knowledge production and cities in Latin America
	Knowledge flows and network structure
	Hypothesis

	Data and methods
	Variables and models

	Results
	Conclusions
	Appendix

