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Abstract

This paper combines insights from the literatures on Global Value Chains (GVC), Economic
Complexity and Evolutionary Economic Geography to assess the role of GVC participation
and regional capabilities in fostering economic complexity in EU NUTS-2 regions. Our results
suggest there is no such thing as a common path towards economic complexity across EU
regions. Low-income regions manage to benefit from both regional capabilities and GVC
participation. In contrast, high-income regions rely more on their existing local capabilities

rather than on GVC participation.
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1 Introduction

Nowadays, uneven development across and within regions in the European Union (EU)
represents a challenging topic for researchers and policymakers alike (Feldman et al. 2021).
For a long time, since the early studies of Hayek (1945), researchers have addressed this issue,
by investigating the reasons of these territorial imbalances, by underlining the importance of

knowledge, among other factors, in triggering economic development.

The literature of Evolutionary Economic Geography (EEG) claims that regional economies
heavily rely on their own capabilities to expand into new activities. Building on the principle
of relatedness (Boschma 2017; Hidalgo et al. 2018), empirical studies show that regions have
different opportunities to upgrade their economies, and they do so along different trajectories.
High-income regions, which tend to host a wider range of capabilities, have higher chances to
develop new activities, while low-income regions, which usually have a much narrower set of
capabilities, show lower capacity to diversify towards new activities (Hidalgo et al. 2007).
Besides relatedness, the concept of economic complexity captures the level of sophistication
of economic activities, and tells us how difficult it is for a region to master capabilities required
for producing complex activities (Hidalgo & Hausmann, 2009). Complex industries,
technologies or occupations are usually associated with higher economic growth. Moreover, it
has been shown that diversification opportunities in high-income regions are in more complex,
sophisticated activities, while such opportunities in low-income regions are restricted to less
complex activities (Pinheiro et al., 2022). As highly complex activities tend to bring higher
economic benefits than low-complex activities (Hidalgo and Hausmann 2009; Mewes and
Broekel 2020; Pintar and Scherngell 2020; Davies and Maré 2021; Rigby et al. 2022), this is
likely to result in widening economic disparities across regions (Pinheiro et al. 2022).
Therefore, lagging regions that will rely primarily on their own internal capabilities may see
their gap with frontrunners expanding. However, the literatures on relatedness, complexity and
regional diversification have overlooked the role of inter-regional linkages until recently
(Boschma and Iammarino 2009; Miguelez and Moreno 2018; Trippl et al. 2018; Balland and
Boschma 2021; Kogler et al. 2023). The role of external connections for regional
diversification has been investigated by a growing stream of studies which has looked at MNCs
(e.g. Ascani et al. 2020; Castellani et al. 2022; Javorcik et al. 2018; Neffke et al. 2018; Elekes

et al., 2019; Cortinovis et al. 2020; Ascani and Prenzel 2022), inter-regional inventors’



collaboration (Balland & Boschma, 2021; Kogler et al. 2023) and migration flows (Miguelez

and Morrison, 2023), among others.

The literature on Global Value Chains (GVC) has extensively shown how territories can benefit
from joining value chains both in terms of developing new value added activities and for
upgrading existing ones (Humphrey & Schmitz 2002; Giuliani et al. 2005; Morrison et al. 2008;
Pietrobelli & Rabellotti 2011; Bolea et al. 2022). In this regard, GVCs represent not only flows
of goods and services, but can also act as important sources of external knowledge for regions
(Morrison et al., 2008, 2013; De Marchi et al. 2018; Jona-Lasinio et al., 2019; Lema et al.,
2019). The benefits from participating in GVCs get higher when this participation involves
higher value-added sectors of GVCs (Gereffi et al., 2011), which helps triggering upgrading
processes (Giuliani et al., 2005; Gereffi, 2019; Almazan-Gomez et al. 2023). However, these
mechanisms might be uneven across territories (De Propris 2024), depending mostly on the
capacity of countries and regions to exploit the opportunities given by GVCs (Rodrik, 2018;
Pietrobelli et al., 2021; Capello et al. 2024; Capello & Dellisanti 2024). Recent literature
explores this connection, for example assessing the impact of GVC participation on
productivity of countries (Pahl and Timmer, 2020), or pointing out the importance of GVCs
for technological upgrading (Kergroach, 2019; Gehl Sampath and Vallejo, 2018; Deng et al
2022).

In this work, we bridge the EEG and GVC literatures, with the aim of unveiling the role of
GVCs as a potential channel for regions to upgrading their economic structure (Boschma
2022). The objectives of the paper are as follows. First, we assess the effect of GVC
participation on the economic complexity of NUTS-2 regions in the EU covering a period of
13 years (2000-2012). We follow the argument of the Economic Complexity literature
(Hidalgo and Hausmann 2009; Hausmann et al. 2014; Balland et al. 2022) that differentiates
economic activities according to their level of sophistication or complexity. We test whether
GVC participation enhances the capacity of regions to build a more complex economic
structure. Second, we test this effect of GVC participation in a relatedness framework. Recent
evidence shows that regions with higher relatedness density are more capable of moving into
more complex activities (Balland et al. 2019). This implies that not all regions may be able to
gain — in terms of production sophistication — from participation in GVCs to the same extent.
Third, we test whether this effect of GVC participation differs between regions. We expect

low-income regions to profit more from GVC participation since they face harder restrictions



to upgrade their economies based on their existing capabilities, while high-developed regions
already have sophisticated structures and skills that permit them to depend less on GVC

linkages.

The paper aims to contribute to the literature in a number of ways. First, we connect the
literature on Economic Complexity to the GVC literature, by coupling the concept of upgrading
with the complexity of activities and looking at the importance of external linkages through
GVCs for the economic complexity of regions. Second, we embed this complexity approach
on GVC in an evolutionary framework, by assessing the relative importance of local
capabilities and GVC participation for regional complexity, and how these are inter-related.
Third, we follow recurrent calls from scholars (e.g. MacKinnon 2012; Rodriguez-Pose 2021;
Yeung 2021, 2024; Boschma 2022, 2024) to link more tightly Evolutionary Economic
Geography to the study of GVCs and more in general to extra-regional linkages (Ascani et al.
2020; Elekes et al. 2019). Fourth, we investigate the regional specificities of such relationships

and study them on regions in the European Union.

This work i1s structured as follows. In Section 2, we discuss our theoretical framework and state
our hypotheses. Sections 3 presents the data, variables and methodology. Section 4 discusses

the main findings. Section 5 concludes.
2 Literature review

Extra-regional linkages are taking a more central stage in Evolutionary Economic Geography,
in particular among those studies that investigate the link between regional diversification,
economic complexity and relatedness (Boschma 2017; Balland and Boschma 2021). The main
tenet is that regions can nurture and expand their capabilities by tapping into extra-regional
resources and knowledge. A variety of channels can serve this purpose, such as international
R&D collaborations, migration flows, FDI, and export relations, and recent empirical works
are providing fresh evidence supporting this claim. For example, by looking at MNEs in Italian
provinces, Ascani et al. (2020) show that they complement local capabilities by fostering
regional innovation. Likewise, Elekes et al. (2019) find that MNEs can act as agents of
structural change in Hungary by triggering processes of unrelated diversification. In the context
of EU regions, Castellani et al. (2022) show that foreign investments enable green
technological diversification. With a focus on migration flows, Miguelez and Morrison (2023)

also find that these extra-regional channels help host regions to tap into missing capabilities.



By looking at technological collaboration, Balland and Boschma (2021) further confirm this
idea by stressing that knowledge from extra-regional linkages complements the local one (see
also Uhlbach et al. 2022). Some other studies have looked more specifically at the link between
external linkages and complexity. In the case of Turkey, Lo Turco & Maggioni (2019) show
that MNESs bring to regions missing capabilities that enhance product complexity. Ascani and
Prenzel (2022) suggest that economic complexity drives the location decision of Chinese
MNEs. Javorcik et al., (2018) show that vertical linkages provided by FDI can generate
spillovers relevant for product complexity. Against this backdrop, this paper focuses on Global
Value Chains as a specific extra-regional linkage. In what follows, we present three streams of
empirical research that can help to understand the link between GVC and regional complexity,
namely: studies on global value chains; studies on economic complexity; studies on relatedness

and diversification.
2.1 Global value chains

A burgeoning literature in this field has made key contributions to explain the capacity of
countries and firms to develop new value chains, or to upgrade within existing value chains. A
first stream of case-based studies has focused on identifying opportunities for local producers
to learn from global leaders in value chains (Gereffi 1999; Humphrey and Schmitz 2002;
Blazek 2016), and how global linkages foster upgrading in clusters (Guerrieri et al. 2001;
Giuliani et al. 2005; Pietrobelli and Rabellotti 2007, 2011). More quantitative oriented analyses
have used input-output tables to build GVCs integration measures. For instance, Colozza and
Pietrobelli (2023) examine the integration in global value chains of EU regions using the Borin
and Mancini (2017) gross export’s decomposition measure. By building on a similar approach,
Montalbano and Nenci (2022) analyse the integration of emerging economies in agricultural
and food GVCs. They find that this is associated to growing workers’ productivity. Other
studies have shown that GVCs integration boosts firm-level productivity and generate both
intra and inter-sectoral spillovers (Antras 2020). Another stream of empirical studies addresses
the role of GVCs in facilitating different forms of upgrading. Pahl and Timmer (2020) find that
integration into GVCs trigger functional upgrading. Kordalska and Olczyk (2023) point out
that the integration in GVCs has a positive role in enhancing functional upgrading. For the case
of developing economies, Tajoli and Felice (2018) investigate whether integrating into GVCs

generate positive effects and territorial spillovers to enhance economic upgrading.



Overall, the main focus of attention has been on upgrading along the vertical dimension, that
is, from low to high value-added activities along the same VC), rather than the horizontal
dimension (chain or inter-sectoral upgrading) (Gerefti and Fernandez-Stark 2011). However,
at the horizontal dimension the meaning of upgrading is not always immediately clear

(Boschma 2022).
2.2 Economic complexity

The Economic Complexity literature (Hidalgo and Hausmann 2009; Hausmann et al. 2014;
Balland et al., 2022) has made efforts to differentiate products in terms of their complexity.
According to Hidalgo and Hausmann (2009), complexity captures the difficulty of mastering
capabilities that are required to excel in a product or service. This is reflected by the non-
ubiquity of the product on the one hand, and the diversity of capabilities that need to be brought
together to produce such product on the other hand. Advanced products demand a diverse set
of expertise, which requires strong coordination capabilities. Horizontal upgrading can then be
reconceptualized as the introduction of a new product in a territory that is more complex than

the average complexity of all its existing products'.

There has been little interaction between the GVC and Complexity literatures (Boschma,
2022). To integrate the concepts of upgrading and complexity and to apply it to the study of
GVCs might be a first step. A next step is to account for the role of GVC participation in
enhancing economic complexity in countries (Cheng et al. 2015). GVC participation is
conceived to give regions access to knowledge and information (Morrison et al., 2008, 2013;
Lema et al., 2019). Morrison et al. (2008) argued that GVCs promote knowledge exchange
between territories and thus represent a potential knowledge-channel that transfers capabilities
across space (Pietrobelli and Rabellotti 2011). Nowadays, GVCs constitute a substantial part
of global innovation networks and may contribute to cross-border innovation (Pietrobelli
2022). This may trigger a process of knowledge accumulation, innovation and economic
upgrading in regions (Giuliani et al. 2005; Gereffi et al. 2011; Jurowetzki et al. 2018; Fagerberg
et al. 2018; Lee et al. 2018; Lema et al. 2018; Gereffi, 2019). GVC participation generates
spillover effects both within and across sectors (Antras 2020). In particular, inter-sectoral

spillovers can materialise via vertical relations, for example with improvements embodied in

' We acknowledge though that the GVC literature has often considered various modes of upgrading, including for
example process upgrading, i.e. higher productivity in producing the same goods, or product upgrading
(Humphrey and Schmitz 2002, Giuliani et al. 2005, Gereffi 2019)



inputs and components purchased from suppliers (Los and Verspagen 2002) or via user-
producer interactions (Isaksson et al. 2016). Spillovers can also emerge via competition and
imitation effects in both the technology as well as the market space (Grilitches, 1979; Bloom
et al., 2013). Nevertheless, the impact of GVCs can be also detrimental to the development of
the host economy. Indeed, the benefits of GVCs might be mitigated by the quality of
institutions (Gereffi and Fernandez-Stark, 2016; Kergroach, 2019; Koval et al., 2019), but also
by strength of the innovation system (Pietrobelli and Rabellotti, 2011; Fischer et al. 2024) and
the overall structure of the economy (Engel and Taglioni, 2017). For instance, Werner and Bair
(2019) point out that GVCs can affect territories unevenly, creating negative effects, or leading

to downgrading (Choksy et al., 2017), especially for those with weak domestic capabilities.
2.3 Regional capabilities

Evolutionary Economic Geography (Boschma and Frenken 2006; Martin and Sunley 2006) has
shed light on the importance of local capabilities for the ability of a region to upgrade their
economies, and how it might be dependent on the stage of development (Van Dam et al. 2022).
Capabilities are embodied in economic activities (such as products or industries) that consist
of specific sets of knowledge, skills and institutions that activities need as inputs for their
production. Some activities share similar capabilities, while other activities do not. This is
captured by the concept of relatedness (Breschi et al. 2003; Hausmann and Klinger 2007;
Hidalgo et al. 2007; Boschma 2017; Hidalgo et al. 2018). Some regions are specialized in
activities that are closely related to each other (their structure shows high coherence), while
other regions are specialized in activities that are related to a lesser extent (the composition of
their economies is more fragmented, with a lower average relatedness). Though other measures
of diversification are available (Dissart, 2003), relatedness has proved to be well suited to
evaluate the proximity across economic assets (Hidalgo et al., 2018). Relatedness turns out to
be a relevant indicator to identify diversification potentials of regions (Neffke et al. 2011;
Balland et al. 2019). The higher the average relatedness of local activities, the more spillovers
across local activities, the more diversification opportunities regions have (Frenken et al.
2007). What is more, hosting a high variety of closely related activities (high relatedness
density) makes regions also more capable of moving into complex products (Balland, 2016).
In other words, the relatedness density of a region captures its ‘opportunity space’ or ‘ease of
entry’ into new activities (e.g. industry, technology, occupation), which can be either more

complex or less complex than the existing ones (Balland et al, 2019). Regions that have been


https://www-sciencedirect-com.proxy.library.uu.nl/science/article/pii/S0959652616313798#bib42

able to develop a wide range of activities locally and with high relatedness density, are then
likely to establish several upgrading trajectories. Instead, for regions whose (average)
relatedness density is low, the range of possible choices will be limited. For these regions, it
will be relatively more difficult to diversify into more complex activities than for regions with
high relatedness density (Balland et al., 2019). To the best of our knowledge, no study yet
exists that has jointly examined the role of relatedness and GVC participation for regional

complexity.
2.4 Hypotheses

The above discussion provides some clues about the relationship between GVCs and economic
complexity, which we use in this section to formulate the following three hypotheses. The first

hypothesis is defined as follows:
H1: Relatedness density and GVC participation enhance the economic complexity of regions

As argued in the previous section, relatedness density measures the probability of a region to
move into new “related” economic activities and in turn expand its set of capabilities.
Therefore, regions with a larger and more coherent pool of capabilities are better positioned to
develop more complex activities. This outcome cannot be given for granted however, as
regions can move along specialisation that are related, but at low level of complexity (Balland
et al. 2019). Similarly, the second part of H1 builds on the GVC literature reviewed above.
GVCs provide learning opportunities to domestic firms through intra and inter sectoral
spillovers. Through direct investment they can also directly contribute to innovation in
destination countries. All these mechanisms augment local capabilities and increases the
chances that host regions develop more complex activities. Therefore, we expect that greater
integration in GVC can be associated to higher level of complexity. As pointed out in the
previous section, GVCs can also be detrimental, and lead to processes of downgrading rather
than upgrading. Whether GVC or relatedness are conducive to higher complexity crucially

depends on the differences between regions. Therefore, we formulate the following hypothesis:

H2: GVC participation enhances economic complexity in low-income regions more than in

high-income regions

Not all regions have in fact the same capacity to benefit from GVC participation and increase

the complexity of their economies. Likewise, not all firms may have such capabilities, and



therefore benefit from integration into GVCs (Morrison et al., 2008). Complex activities tend
to be spatially concentrated and sticky, that is, they do not move easily across space. This is
one of the reasons why only few regions are able to specialize in high-complex activities, while
the majority focus on low-complexity activities (Balland and Rigby 2017; Balland et al. 2020;
Mewes and Broekel 2020; Davies and Mar¢ 2021). For example, Pinheiro et al. (2022) explore
the diversification potentials of regions with varying income and complexity levels. They find
that many low-complexity regions have diversification potentials primarily in low-complexity
activities, while high-complexity regions have diversification potentials primarily in high-
complexity activities. The underlying mechanism consists of self-enhancing, path-dependent
cumulative processes that lead to the accumulation of regional capabilities in complex regions,
which leverage the existing proximity across economic assets. Indeed, regions that host
complex activities are often characterised by a strong scientific and educational infrastructure
(Crescenzi et al., 2014) and a significant stock of technological and scientific knowledge
(Boschma and Iammarino 2009; Rodrik, 2018). This may imply that GVC linkages are
relatively less relevant for such regions, since they can rely on their strong set of local
capabilities. In contrast, low-income regions have a weaker set of capabilities and/or might
lack appropriate human and technological infrastructures, so they more easily get trapped in a
‘low complexity’ trajectory. External knowledge captured through GVC participation can then

provide a way out and prepare regions for a leap forward.

Finally, the relevance of GVC participation can be reinforced by being combined with the

existing capabilities low-income regions already have. This leads to the following hypothesis.

H3: GVC participation has a positive effect on economic complexity in low-income regions

with higher levels of relatedness density

Like organisations more easily process external knowledge for high level of absorptive
capacity (Cohen and Levinthal 1990), similarly regions, which can be seen as a collection of
organisations, reduces their costs of absorbing and using external knowledge (as provided by
GVC) for higher levels of relatedness density. Relatedness density can boost not only the spill-
over mechanisms within economies, but also the process of knowledge accumulation through
GVCs. Therefore, among low-income regions, we expect that those with higher (average)
relatedness density are in a better position to take advantage of GVC participation, which in

turn can enhance the economic complexity of places.



3 Data and variables

To test our hypotheses, we rely on two different databases. First, to compute the regional
participation in GVCs we use the EUREGIO interregional input-output tables (Thissen et al.,
2018). EUREGIO contains data on input-output relationships for 249 NUTS-2 regions from 24
European countries, 16 non-EU countries, a rest of the world, and 14 industries, between the
years 2000-2010. Thus, EUREGIO allows to compute the engagement of EU NUTS-2 regions
in GVCs for such period. Second, to compute measures of economic complexity and
relatedness density we use employment data from Eurostat’s Structural Business Statistics
(SBS). SBS contains information on the number of workers in each regional industry between
1995-2020. However, the use of SBS data has an important drawback: while between 1995-
2007 the industrial classification of sectors is NACE Rev. 1.1, from 2008 onwards it is NACE
Rev. 2. There is not a completely direct match between both classifications since SBS provide
information only at two digit codes. Thus, when computing the economic complexity and
relatedness density metrics NACE Rev.1.1 is used for the period 2000-2007 and NACE Rev.
2 for the period 2008-2012. Since our analysis is performed at the regional level (no sectoral
dimension is included, as it will be explained in the next subsections), this shouldn’t be a major
concern. We will capture the overall complexity of regions regardless of the specific industrial
classification used in each time period. Finally, control variables are also drawn from Eurostat.

We explain the methods and variables used in the empirical analysis in what follows.
3.1 Global value chain participation

The concept of global value chains revolves around the process of fragmentation of economic
activities across territories, as geographically clustered firms contribute to the production of
final goods and services, trading in parts and components with companies localized all over
the world. Firms and territories are therefore integrated into these trade-flows as much as they
contribute to the value of final products. Earlier empirical works, based on sectoral exports
(from world input-output tables), showed that the growing fragmentation of production was
accompanied by a growing trend towards the vertical specialization of countries (Hummels et
al., 1998). Yet, since the works of Koopman et al. (2010; 2014), who showed that exports-
based measures embodied computational-bias in their key assumptions, the literature started
adopting an export’s decomposition methods to assess how domestic value is added to
international trade, so avoiding double-counting. In this vein, and relying on this principle,

Borin and Mancini (2023) propose a measure of integration in Global Value Chains, starting



from a consolidated literature (Koopman et al., 2014) providing a new, and more accurate,
method to trace the domestic value-added in trade flows. Another recent methodological
contribution is given by Coniglio et al. (2021), who employ GVC participation indexes using
input-output tables to investigate country patterns of specializations’. We build on this
reasoning and expand it to the regional scale in our empirical analysis. Indeed, a key challenge
is to compute the regional and sectoral GVC participation’s indexes for EU regions, as data on
EU regional trade is scant. Also, GVC participation indexes falls under the so-called “macro”
approaches to measuring countries’ participation in the global division of production (Antras
and Chor, 2022: 301). While such indexes capture several dimensions of the global
fragmentation of production activities, they also overlook relevant actors, dynamics and
institutional features (e.g. the role of lead firms, offshoring strategies, GVCs governance
structures, power asymmetries). All these aspects are usually analysed by using the “micro”
and “relational” approaches (Gereffi et al. 2005) with firm level data (Antras and Chor, 2022:
319). Following the macro approaches, we rely on the recently released EUREGIO
interregional input-output tables (Thissen et al., 2018) which include information about input-

output linkages for EU NUTS-2 regions between 2000-2010.

To compute our GVC indicator, we follow the existing literature (Hummels et al. 2001;
Koopman et al., 2014; Kowalski et al., 2015; Borin and Mancini, 2017, 2019) and calculate the
GVC participation index as the ratio of the backward and forward components on gross
exports, for each region » and year ¢, as follows. Notice that the backward component represents
the foreign value-added content of exports, while the forward component stands for the
domestic value-added sent to third economies to produce their own exports.

FVA,.. DVA,,

GVC participation, ; = + (D
’ Er,t Er,t

The GVC participation index is computed as the sum of two components: backward and
forward participation. Precisely, FVA is for the foreign content of the region’s gross exports,
DVA is the domestic value added contained in third region’s gross exports, and E is the region’s
total gross exports. Thus, using the EUREGIO interregional input-output tables, GVC

participation indexes are obtained for each region and year, and then averaged for 7 non-

2 For a detailed review of measures of integration in global value chains see Antras, 2020.



overlapping time windows: 2000-2001, 2002-2003, 2004-2005, 2006-2007, 2008-2009, and
2010.

Furthermore, indexes of GVC participation at the region-sector level are computed by
measuring the ratio of the sectoral backward and forward component on sectoral exports. We
compute the participation indexes for the 14 industries included in EUREGIO and then,
focusing on the manufacturing industries, average them across regions and time windows to
just capture GVC participation in such manufacturing industries®. These indicators will be
lately used in the empirical analysis as a robustness check, since manufacturing sectors are
more likely to take a GVC kind of industrial organisation, thus capturing more intensively GVC

engagement.

There is remarkable heterogeneity in GVCs participation across EU regions. Broadly speaking,
GVC integration is high in the Czech Republic, Hungary, Slovakia, Belgium, Finland, the
Netherlands, Italy and large parts of Spain, while Greece, the Baltic states, France, Germany,
and Poland, show lower levels of GVC engagement. In particular, two patterns emerge: first,
small countries tend to be involved more in GVCs, as compared to large ones. This is in line
with the evidence suggesting that small open economies rely extensively on external channels
(Antras and Chor, 2022; Borin and Mancini, 2017); second, some peripheral European regions
are relatively more integrated into GVCs (e.g. Eastern and Southern European regions). This
is in line with some recent country-sector studies showing the integration of these countries in
extensive value chains (among others see Bacchiocchi, et al. 2014; Grodzicki and Skrzypek,

2020).

3.2 Relatedness density

To capture the role of regional capabilities, we compute a relatedness density measure which
requires two steps (Hidalgo et al. 2007; Boschma et al., 2015; Balland et al. 2019). First, we
compute the degree of relatedness (¢) between industries using sectoral employment data. The
degree of relatedness between two industries (s;, s;) is obtained as the minimum value of the
pairwise conditional probability of a region being specialised (RCA = 1) in an industry given

that it is also specialised in another one in period . We consider 6 different non-overlapping

3 Therefore, the following industries are excluded when computing the GVC participation index: agriculture; mining, quarrying
and energy supply; distribution; hotels and restaurants; transport, storage and communication; financial intermediation; real
estate, renting and business activities; non-market service. However, while we do this as a robustness check, we acknowledge
that trade in services is also important, that’s why we consider all industries as our prefer indicator (Baldwin et al., 2024).



time windows (2000-2001, 2002-2003, 2004-2005, 2006-2007, 2008-2009, 2010) to avoid

spurious changes in the revealed comparative advantages (RCAs).

Bsy5;c = min{P (RCAg,. = 1| RCA;,. = 1), P (RCA;e = 1| RCAg, = 1)} (2)

Notice that the RCA is a specialisation index computed based on the sectoral employment in

each region and time period (Balassa, 1965). It takes the following mathematical form.

E mpr,s,t/ XsE mpy s ¢

RCA,; =
ret ZT EmpT,S,t/ZT ZS EmpT,S,t

(3)

Second, considering parameter x,. s, equal 1 when the RCA of industry s in region r at time ¢
is 1, and 0 otherwise, the relatedness density for each region r and a particular industry s; at
time ¢ is obtained by adding all the relatedness values of the other industries that are related to

si, and in which region » has an RCA equal to 1:

Xs Xr,5,tPs,s,¢

Zs ¢s,si,t

Relatedness density, s, . = (4)

The relatedness density is computed for each region included in the sample with respect to each
industry for the above-mentioned 6 time windows. It is important to underline that, although
the relatedness density is industry-specific, in our empirical analysis we average it at the
regional level, due to the lack of a proper sectoral disaggregation in the GVC variables.
However, in doing so we are not altering the original definitions of economic complexity and
relatedness, or their “iterative” mechanisms (recent work using similar approaches include

Hausmann, Pietrobelli & Santos, 2021, and Davies & Maré, 2021)*.
3.3 Regional complexity

As discussed above, to measure the sophistication or complexity of regional economies, we
rely on economic complexity metrics. Specifically, we use the Economic Complexity Index
(ECI), using the method of reflections, as an indicator capturing both the ubiquity of industries
and the diversity of regions (Hidalgo and Hausmann, 2009). In particular, Hidalgo and
Hausmann (2009) show how this index embodies the complexity of economic output, by

measuring the sophistication of export products. Balland and Rigby (2017) and Balland et al.

4 Appendix I includes a map showing regions’ average relatedness density for the period 2000-2012.



(2019) adapt this measure to assess the level of complexity of technologies, by using patent
data. However, in this analysis we use employment data from Eurostat’s SBS to capture the

different industrial structures across regions°.

Then, using average employment matrices of dimensions R x § (where R is the number of
regions at NUTS-2 level and S the number of industries) for each considered non-overlapping

time window, the economic complexity of both regions (ECI) and industries (PCI) is obtained

as follows.

1

ECI = Kr,n = K ZMr,s Ks,n—l (5)
7,0

s

1

PCI = Ks,n = K zMr,s Kr,n—l (6)
s,0 p

As previously anticipated, both the ECI and the PCI will depend on how diverse regions are in
terms of industrial specialisation (diversity) and how industries are distributed across territories

(ubiquity).

Diversity = K, = ZMr,s (7)
N

Ubiquity = Ks,O = z Mr,s (8)
r

Therefore, the ECI captures the economic complexity of each regional economy for each time
window. However, one drawback of the ECI is that it cannot be directly compared across
periods (Hausmann et al. 2014; Stojkoski et al. 2023). Then, following a similar approach than
Balland and Rigby (2017), the values of the ECI are transformed into a scale from 0-100, where
0 is the lowest economic complexity and 100 the highest, for each time period. Thus, changes
in this economic complexity ranking capture how regional economies evolve in sophistication

and complexity with respect to others.

Figure 1 shows the spatial patterns of economic complexity in EU regions. As expected, capital

regions such as Rome, Amsterdam, Paris, Brussels, Madrid, and Inner London tend to show

3 In line with other studies, we make the implicit assumption of homogenous rates in sectoral productivity across EU regions,
for both the calculation of economic complexity and relatedness density indicators.



high levels of economic complexity. Many regions in countries like the Netherlands and the
UK, and some regions in Germany and Spain also score high. Eastern European countries score

low, as well as some regions in Italy®.

Figure 1 Average economic complexity (ECI) in EU regions between 2000-2012
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Source: Authors’ own elaboration.

3.4 Descriptive statistics

The descriptive statistics of all variables used in the empirical analysis are summarized in Table
1. It is worth highlighting that a few EU regions cannot be included in the analysis: this is the
case for example for regions in Bulgaria, Romania, and the UK, for which there is no regional

data either in EUREGIO and/or Eurostat.

% These results meet our expectations and are similar to other geographical representations of this index (Lapatinas et al.,
2022). In particular, capital cities appear to be the most complex ones, and peripheral territories have relatively lower levels
of economic complexity.



Table 1 Descriptive statistics

N Mean Std. Dev. Min Max
ECI 1,848  46.555 23.379 0 100
Relatedness density 1,848 37.56 7.652 1.902 64.032
GVC participation 1,254 0.638 .089 0.32 0.85
GDP pc 1,254 23,172.476 9035.445 6,533.932 68,308.664
Population density 1,179  304.559 670.558 33 6,957.2
Patents 1,254  458.574 838.478 0 6,393.19
Education 1,725  22.823 9.034 3.95 63.975
Industrial share 1,599 0.223 0.116 0 0.967

As previously explained, the ECI is transformed into a ranking from 0-100 by each period to
allow for time comparisons. Furthermore, the relatedness density captures the percentage of
related industries in which regions are already specialised. The higher the relatedness density,
the higher the presence of related capabilities in a region. GVC participation captures the
engagement of regions in global value chains, as explained in Section 3.1. Control variables
include GDP per capita, population density, measured as population by square kilometre,
patents, which refers to the number of patents applications by region, education, which is the
share of population with tertiary education by region, and industrial share, measured by the

share of gross value added produced by manufacturing sectors within regions, from 0 to 1.
3.5 Empirical strategy

To analyse the impact of GVC participation and relatedness density on the economic
complexity of NUTS-2 regions in Europe between 2000-2012, we estimate OLS models with
region and time fixed effects. First, to test Hypothesis 1, we estimate the effects of GVC
participation (GVC) and relatedness density (REL) on the economic complexity (ECI) of

regions. This model takes the following form.
ECL,t = +B1GV 1+ BoRELy ¢—1 + OVyp1 + iy + e + & (9)

Furthermore, the model includes a vector of control variables at the regional level (y,¢—,). In
particular, GDP per capita is included to account for regions’ level of economic development,
population density to account for agglomeration externalities, patents applications to capture
regions’ knowledge base, regional levels of education, proxied by the percentage of population
with tertiary education, to control for human capital, and the share of gross value added
produced by manufacturing sectors, to control for regions’ industrial structures. Also, u,, ¢,

& stand for region and time fixed effects, and the regression residual, respectively. Notice that



all independent variables are mean centred and lagged by one period. Also, control variables
are in logarithmic form to alleviate excessed kurtosis. To account for the presence of

heteroskedasticity, standard errors are clustered at the regional level.

To test Hypotheses 2, we split the sample into two sub-samples according to differences in
regional income. Thus, the sample is divided for the top and bottom of regions above and below
the median GDP per capita. Then, we also include the interaction term between GVC
participation and the relatedness density, which provides evidence to test Hypothesis 3. This

model takes the following form.

ECL. =X+ 1GVCyt_ 1+ BREL, 1 + B3 GVCrp1 *REL, 1+ OVr 1+ Uy + @
+ & (10)

Finally, we check the robustness of our results repeating this analysis for the lower and upper
quartiles of regions depending on their GDP per capita. We also repeat the same analyses
constructing our indicator of GVC participation only using manufacturing industries, since they

are more likely to be characterized by an industrial organization like GVCs.
4 Results

Table 2 presents the main results. Models 1 and 2 show the results for the whole sample. Both
the relatedness density and the GVC participation are positively associated with the economic
complexity of regions. This leads to validating hypothesis 1. However, as expected, some
heterogeneities are in place when differentiating regions by their level of economic
development: low-income regions vs high-income regions. Such differences are presented
across models 3-6: models 3 and 4 just include low-income regions (those below the median

GDP pc), and models 5 and 6 for high-income regions (those above the median GDP pc).

In the first place, the relatedness density is always positively associated with the economic
complexity of regions, independently of their level of economic development (models 3-6). In
particular, using coefficients from models 3 and 5, 1 standard deviation increase in the
relatedness density leads to 1.3 and 2.1 points increase in the complexity ranking for low-
income and high-income regions, respectively. Second, although overall we observe a positive
and significant effect of GVC participation on economic complexity (models 1 and 2), we then
observe that this effect is driven by low-income regions rather than high-income regions.

Particularly, we find that 1 SD increase in the GVC participation of low-income regions



translated into 7.1 points increase in the economic complexity ranking. This leads to supporting
hypothesis 2. Indeed, low-income regions seem to benefit more than high-income regions from
GVC participation. Moreover, we find no significant effect for the interaction between
relatedness density and GVCs across all models (2, 4, and 6). Particularly, looking at model 4,
we can then reject hypothesis 3. We do not find that low-income regions with higher
relatedness density benefit more from GVC participation than low-income regions with lower
relatedness density. This however can be due to the fact that the empirical analyses are
performed at the regional level and not at the sectoral level. The industrial classification of
EUREGIO deter us to explore particular aspects at the sectoral level that could be crucial to
understand the interplay between local capabilities and GVC participation. In any case,
although the interactions are not significant (models 2, 4 and 6) we observe different signs for

low-income (positive) and high-income (negative) regions.

Table 2 Results for full sample and sub-samples of low- and high-income regions

Fixed-effects OLS — Dependent variable: ECI

(1 (2) 3) “4) (5) (6)
Whole Whole Low- Low- High- High-
Sample Sample Income Income Income Income
Rel. den. (RD) 0.309***  (0.305***  (0.193**  0.206**  (0.274%** (.274%**
(0.0504) (0.0501)  (0.0897)  (0.0897)  (0.0687)  (0.0691)
GVC part. (log)  20.99%**  19.42%** 4] 92%** 47 Q8%** 6.817 6.837
(6.363) (6.312) (15.80) (16.13) (9.888) (9.882)
RD * GVC -0.223 0.554 -0.0215
(0.260) (0.501) (0.401)
GDP pc (log) -2.862 -3.768 -1.046 1.101 3.751 3.691
(7.775) (8.016) (9.530) (9.889) (13.48) (13.53)
Pop. den. (log) 22.66 21.32 9.652 13.18 12.23 12.21
(17.32) (17.19) (18.76) (19.36) (30.20) (30.25)
Patents (log) -1.865* -1.796* -0.268 -0.298  -7.707*%* 7 .687H**
(0.970) (0.972) (0.935) (0.915) (2.302) (2.360)
Educ. (log) 5.775%* 5.906** 8.621** 8.513* 3.651 3.671
(2.895) (2.868) (4.287) (4.333) (3.934) (3.977)
Ind. share (log) 1.648 1.825 4.467 3.668 -4.006 -3.993
(5.344) (5.412) (10.48) (10.74) (6.531) (6.580)
Constant 54.54%*% 54 37Fkx*k 53 75%H* 56,39k 50 53%*k* 59 53k
(1.476) (1.524) (9.639) (10.21) (6.525) (6.541)
Observations 1,007 1,007 365 365 642 642



Adjusted R? 0.412 0.412 0.561 0.563 0.275 0.274
Region FEs YES YES YES YES YES YES
Time FEs YES YES YES YES YES YES

Notes. All independent variables are mean centred and lagged by one period. Heteroskedasticity-robust standard errors
(clustered at the regional level) are shown in parentheses. Coefficients are statistically significant at the * p < 0.10, ** p <
0.05, *** p <0.01 level.

Finally, as a robustness test, we analyse only manufacturing industries, as they are more likely
to adopt a GVC-like form of industrial organization (Table 3). Results remain the same. Across
all models the relatedness density has a positive effect on the economic complexity of regions
(models 1-6). Likewise, the coefficient of GVCs participation is significant in both the whole
sample (models 1 and 2), and for the low-income regions (models 3-4). GVC participation is
not significant for high-income regions (models 5 and 6). Again, no significant effect is found
for the interaction between local capabilities (relatedness density) and GVC participation

(models 2, 4, and 6).”

Table 3 Results for full sample and sub-samples of low- and high-income regions using GVC

participation in manufacturing industries

Fixed-effects OLS — Dependent variable: ECI

(D (2) A3) 4 (5) (6)
Whole Whole Low- Low- High- High-
Sample Sample  Income  Income  Income  Income
Rel. den. (RD) 0.301***  0.296***  0.207**  0.211** 0.273*** (.269***
(0.0498)  (0.0497) (0.0877) (0.0858) (0.0675) (0.0694)
GVC part. (log) 26.99%*% 24 7TR*E A3 14%x*k 44 55%*%*  10.87 9.550
(7.222) (7.263)  (16.28)  (16.41)  (10.79)  (11.26)
RD * GVC -0.299 0.251 -0.319
(0.302) (0.593) (0.424)
GDP pc (log) -3.227 -4.454 -2.145 -1.294 3.382 2.582
(7.827) (8.169)  (9.287)  (9.777)  (13.80)  (14.06)
Pop. den. (log) 20.78 19.16 0.886 2.383 12.52 11.90
(16.49) (16.31)  (18.69)  (1899) (29.72)  (29.71)
Patents (log) -1.807* -1.756* -0.212 -0.218 - -7.543%*%
7.685%**
(0.984) (0.991)  (0.935)  (0.928)  (2.326)  (2.393)
Educ. (log) 6.302%*%  6.321**%  9.545%*  9.638** 3.896 3.959

7 We carry out an additional check to ensure the robustness of our findings. In appendix III results are shown when limiting
the sample to the 25% of the least and most developed regions, in terms of GDP per capita. Besides the important loss of
observations, results remain the same.



(2.886)  (2.869)  (4.327) (4.438) (3.839)  (3.837)
Ind. share (log) 2.036 1.854  6.751 6.760  -3.989  -4.009
(5.332)  (5.363)  (10.44)  (1047)  (6.668)  (6.723)

Constant 54.66%*%  5438%H% 50, 03%k% 5] [Qkkk 50 §3kkk 50 5Ok
(1476)  (1.565)  (9277) (9.972)  (6.385)  (6.377)

Observations 1,007 1,007 365 365 642 642

Adjusted R? 0.422 0.423 0.575 0.576 0.289 0.290
Region FEs YES YES YES YES YES YES
Time FEs YES YES YES YES YES YES

Notes. All independent variables are mean centred and lagged by one period. Heteroskedasticity-robust standard errors
(clustered at the regional level) are shown in parentheses. Coefficients are statistically significant at the * p < 0.10, ** p <
0.05, *** p <0.01 level.

5 Conclusions

The aim of the paper is to assess the effects of GVC participation and relatedness density on
the economic complexity of regions in Europe, and whether these effects differ across regions.
We find that not all regions benefit from GVCs in the same manner: the results are very
different for low-income and high-income regions. Low-income regions benefit from both
local capabilities and GVC participation. In contrast, high-income regions rely more on their

existing local capabilities rather than on GV C participation.

This paper contributes to different streams of literature. It shows how fruitful it can be to make
connections between the GVC and the Economic Complexity strands of literature, which only
few papers have done so far. This study also shows how levels of economic complexity may
be affected by external linkages such as GVCs. The paper also contributes to the Evolutionary
Economic Geography, taking on board GVCs as an object of study (Boschma 2022). The study
argues that the impact of GVC participation on regional development cannot be analysed in
isolation, leaving out the role of regional capabilities (Boschma 2017). This is in line with Kano
et al. (2020) — and with the earlier contributions of Pietrobelli and Rabellotti (2007) — who
highlighted that the GVC literature should investigate more thoroughly the interplay between

local capabilities and inter-regional linkages.

It goes without saying that this work has limitations that need to be taken up in future research.
First, we looked at the heterogeneity of regions in terms of low and high-income only, but
there could also be other sources of heterogeneity, such as for example institutions and
innovation systems (Pietrobelli and Rabellotti, 2011; Yeung 2021), and this could influence

the effect of GVC participation on regional complexity. Second, we did not investigate



whether low-income regions are indeed trapped in a low-complexity economy, and how and
to what extent GVC participation, and other factors, could contribute to escaping such a trap.
Third, a key finding of our work is that in low-income regions, GVC participation and local
capabilities foster the process of growing complexity through different channels. We have to
develop a deeper understanding of which local capabilities are needed, and through which
concrete mechanisms an increase in economic complexity works out, as in our data, we had
to average out both complexity and relatedness density indicators. Fourth, the paper opens up
questions on what policies are needed to make GVC participation more beneficial in regions,
especially regarding their different levels of economic development (Pietrobelli et al, 2021),
on how to tackle economic unevenness in Europe (Boschma 2024), and on how GVC
participation could contribute to enhance convergence in Europe, in line with the objectives

of Cohesion policies (Comotti et al. 2020).
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Appendix I Average relatedness density in EU regions between 2000-2012
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Appendix II Correlation table

d) 2) (€)) “4) (&) (6) () (®)
(1) ECI 1.000
(2) Rel. density  -0.164  1.000
(3) GVC part. -0.181  0.091 1.000
(4) GDP pc 0.495 -0.191 0.074 1.000
(5) Pop. density ~ 0.336 -0.122 -0.031 0.436 1.000
(6) Patents 0.206 -0.037 -0.012 0.391 0.107 1.000
(7) Education 0.448 -0.188 0.020 0.442 0.161 0.179 1.000
(8) Ind. share -0.544 0.246  0.295 -0.175 -0.221 0.091 -0.191 1.000




Appendix III Results for the lower and upper quartiles of regions in GDP per capita

Fixed-effects OLS — Dependent variable: ECI

(1) (2) 3) 4)
1% Quartile 1% Quartile 4™ Quartile 4™ Quartile
Low-Income  Low-Income  High-Income  High-Income

Rel. den. (RD) 0.376* 0.403** 0.249%** 0.254%**
(0.204) (0.190) (0.0834) (0.0835)
GVC part. (log) 35.61%* 44.01* 25.14 31.23
(19.33) (22.08) (16.74) (20.10)
RD * GVC 0.851 -0.501
(1.086) (0.507)
GDP pc (log) -6.982 -4.711 -10.99 -10.17
(13.79) (14.70) (16.42) (16.60)
Pop. den. (log) 61.35 67.47 59.52 65.14
(57.27) (58.50) (47.69) (47.27)
Patents (log) -0.300 -0.333 -6.530** -6.149%*
(1.136) (1.098) (2.796) (2.757)
Educ. (log) 6.024 6.444 5.478 6.437
(7.532) (7.853) (5.523) (5.838)
Ind. share (log) 11.76 11.91 2.071 3.040
(18.59) (18.76) (6.214) (6.545)
Constant 58.24%* 62.60** 37.94%* 35.70*
(25.30) (27.83) (18.72) (18.42)
Observations 168 168 421 421
Adjusted R? 0.495 0.496 0.190 0.190
Region FEs YES YES YES YES
Time FEs YES YES YES YES

Notes. All independent variables are mean centred and lagged by one period. Heteroskedasticity-robust standard errors
(clustered at the regional level) are shown in parentheses. Coefficients are statistically significant at the * p < 0.10, ** p <
0.05, *** p <0.01 level.



