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Abstract

This paper proposes a new methodology for identifying patterns in the organisation of industries
and their evolution over time, based on the temporal network structure of the product space. To do
this, I apply a community detection algorithm on 5-year snapshots of the product space from 1975
to 2000. This exercise enables us to identify different clusters of related products and to follow their
evolution over time. I find that the product space is highly modular, that is it contains well delimited
clusters of products. The community structure and its evolution show that the factors explaining
industrial patterns and structural change are more complex than the traditional divide between low,
medium and high-tech industries. Several common drivers can be identified to explain the emergence
and evolution of different communities including the experience in a technological domain, factor
abundance, scale economies as well as global value chains and vertical integration. Moreover, I find
that technological domains and boundaries between industries are not always clear-cut and can evolve

over time.
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1 Introduction

In a globalised environment, export patterns and their evolution play a central role in countries’
economic development. What you export matters, not only because some products are associated with
higher productivity levels than others but also because they open the way to greater opportunities.
Countries differ in the set of capabilities they have and products differ in the set of capabilities they require
to be made. Assuming that the set of products a country has a comparative advantage in defines well what
it can produce, looking at export data gives an indication of the set of capabilities a country has through
the types of products it exports. Furthermore, one way in which products are related is through the type
of capabilities they share. Because knowledge is cumulative, countries build on existing knowledge and
capabilities and economic development is strongly path dependent (Weitzman, 1998, |Arthur] [2009). It is
therefore easier to start exporting new products that have capabilities in common with products already
being produced in the economy so that fewer new capabilities have to be mastered. I rely on the product
space methodology to measure product relatedness in terms of production capabilities (Hidalgo et al.
2007). The product space corresponds to a network of products where, roughly speaking, two products
are linked if they are both exported by the same country. A country’s “location” in the product space is
defined by the set of products it exports. Structural change, then, can be seen as a movement through
the product space. In principle, a country can move from anywhere to anywhere in the space. In practice,
however, movement to nearby products will be simpler because of the way products are related to each
other in the product space through the capabilities they require.

Existing literature suggests that products tend to cluster around a specific set of capabilities and form
industries and sectors. These clusters reflect important differences in terms of knowledge and production
processes (Pavitt], (1984, Malerbal 2002} |Lall et al.l 2004, |Arthur, [2009). However, they are not completely
isolated as each firm is associated to specific complementary activities and linkages with other firms within
and between industries. The presence of industry interlinkages implies that the development of specific
industries can act as bottlenecks or opportunities for the industrial prospects of countries. In addition,
the boundaries between industries evolves over time for several reasons.

To address the limitations of industry taxonomies (Pavitt, 1984, [Leamer} (1984} |Lall et al.l [2004)), T
present a new dynamic product classification based on the temporal network structure of the product
space. I apply a community detection algorithm (Rosvall and Bergstrom) 2011) on 5-year snapshots of the
product space from 1975 to 2000 to find this product classification. This exercise enables us to identify
different clusters of related products and to follow their evolution over time. I find that the product space
is highly modular, that is it contains well delimited clusters of products. The community structure and
its evolution show that the factors explaining industrial patterns and structural change are more complex

than the traditional divide between low, medium and high-tech industries. Several common drivers can



be identified to explain the emergence and evolution of different communities including the experience
in a technological domain, factor abundance, scale economies and vertical integration. In addition, I
find that the community structure is fairly stable over time and tends to stabilise even more from 1990
onwards.

This paper is organised as follows. In the first section, I review the literature on the modular struc-
ture of the economy and industry idiosyncrasies. In the second section, I describe the data and the
construction of the temporal network. In the third section, I detail the methodological steps to uncover
the community structure of the product space. In the fourth section, I analyse the results of the dynamic

community structure. Finally, I conclude in the last section.

2 Background and literature review

Relying on an evolutionary framework, [Malerba) (2002) highlights the importance of accounting for the
modular structure of the economy by introducing the concept of sectoral systems of innovation. He argues
that the characteristics of knowledge and the nature of the innovation process varies across industries.
This explains the fact that firms experience different innovation and productivity dynamics depending on
the industry they belong to. Furthermore, by sharing a common set of knowledge bases, firms in the same
industry have common learning processes, technologies and production processes (Nelson and Winter
1982). They also share the same types of complementarities with other knowledge (internal or external to
the industry), and similar relationships with other actors. The nature of the learning process also depends
on the characteristics of knowledge, which is industry specific. Because the search process relies heavily
on the characteristics of the knowledge base of firms, the potential to exploit technological opportunities
greatly differs across industries and firms (Nelson and Winter} 1982 and Dosi et al., [1995)). This, in
turn, affects their potential for technological progress and transformation. Differences across industries
are also expressed in the nature and the extent of their linkages with other industries. The existence
of technological complementarities constitutes a triggering factor to the development of technologies
and industries (Hirschman, 1958| |Rosenberg, (1976 and [Rosenberg), [1979). These complementarities are
likely to cause technological interdependences between apparently unrelated processes and industries.
Technological progress within a technological regime often relies on the improvement of major components
via internal replacement and structural deepening (Nelson and Winter} [1982] |Arthur, 2009), which are
likely to create a techmnological imbalance.

Technological imbalance can originate from the need to improve a product or a production process in
the same industry or another (Rosenberg) [1976)). Therefore, the presence of complementarities between

industries is central to explaining technological and economic development and its direction in some



countries as well as further technological backwardness in others.

Without focusing solely on technological development, the existence of backward and forward linkages
between industries provides a stimulus for the development of related economic activities (Hirschman|
1958). On the one hand, domestic production of inputs is accompanied by an active stimulus for their
use by local producers, that is they will attempt to create forward linkages with potential demand. On
the other hand, the development of economic activities depends on the availability of inputs on the
domestic market, giving rise to backward linkages. The growing role played by global value chains in the
last decades shows that these linkages can be distorted. It is therefore important to consider industries’
idiosyncrasies in the potential fragmentation of their production processes. |[Lall et al.| (2004) highlights
the differences in fragmentation intensity across industries and the important factors: (i) high technical
divisibility of production processes and components in terms of scale, skills and technological needs; (i)
access to low-skilled labour at lower cost; (i44) labour intensive production process; (iv) simple production
tasks; (v) high value to weight ratio goods.

Several authors have analysed the structure of industries and products (exports) in order to classify
industrial goods into homogenous groups according to their technological content. [Pavitt| (1984) is one
of the first to empirically study innovative firms’ differences across industries. Although this classifi-
cation provides rich information on the differences between firms and industries, only innovative firms
are considered. In the present study, I am interested in both innovative and non-innovative firms. The
classifications of [Leamer| (1984) and Lall| (2000) cover a wider part of the economy, relying on the measure-
ment product relatedness using export data. However, both of these methods rely on a certain amount
of ad-hoc adjustments, in particular in [Lalll (2000). In addition, the lack of details on the algorithm
applied in |Leamer| (1984) makes this method impossible to reproduce. For these reasons, I propose a new
methodology that can be reproduced on any disaggregated export data and does not rely on any ad-hoc
adjustments.

Countries differ in the set of capabilities they possess and products differ in the set of capabilities they
require to be made. More precisely, the production of a good is the result of a combination of capabilities
(Weitzman, (1998 |Arthur, 2009). Some products are more complex in that they require a larger and
more diverse set of capabilities that only a few countries possess. Products also differ in terms of their
technological domain (Arthur,2009), which can evolve over time. Different products can also share similar
capabilities, and in that way, they can be related. Most classical and new trade models consider products
as being organised in a continuous sequence in which adjacent ones are fairly similar but the extremes (i.e.,
very low-tech relative to very high-tech) are very different. The position of products on this continuous
sequence depends on their technology level. This representation has several implications. First, products
are related according to one dimension only (technology). Second, since the sequence is continuous, there

is no discontinuity in the effort of countries to introduce new products to their basket. Third, a country



should add products according to the sequence and cannot start exporting products that are not directly
linked to products already in its basket. As a consequence, according to this representation, there is one
unique path to development, that is from low to high-tech products. Conversely, one could imagine that
products are related through a network and that their links are defined according to many dimensions,
not only technology. The product space is the first empirical attempt to represent products’ relationships
as a network and not as a continuum (Hidalgo et al. (2007))). This network is derived from a network
of exports where countries are linked to products for which they have a comparative advantage. It is
assumed that the set of products a country has a comparative advantage in defines well what it can
produce, and indirectly, the extent of its capabilities. In other words, the export network gives an idea of
the set of capabilities a country has through the products it exports. Further, one can assume that if two
products are often found together in the export basket of countries, their production is likely to involve
common capabilities. Based on this assumption, we can derive a network of products: the product space.
In that representation, a given set capabilities is not unique to a product but is shared among several
products. The focus here is not on any particular aspect of the similarity between products as capabilities
correspond to different dimensions of product relatedness including inputs, markets to which products
are exported, their R&D intensity, institutions and infrastructures required for the goods to be exported.

In the next section, I describe the methodology developed to empirically analyse the modular struc-

ture of the economic system and its evolution using export data.

3 Methodology

3.1 Network construction and data

Countries have a unique set of capabilities and product are associated to a set capabilities to be
produced. Thanks to these relationships between countries and products, we can construct a network
of products using export data by following the product space methodology developed in |Hidalgo et al.

(2007)E| In this setting, I assume that if a country has a comparative advantage in a product, then

INetwork theory offers a wide range of methodologies to measure the similarity between elements in a system based on
the structure of their interactions. The standard way to do a one-mode projection would be use structural equivalence, i.e.
the weight of the link between two products is a count of the number of countries that export both. However, this simple
measure of structural equivalence suffers from a bias in favour of commonly exported products. Several measures have been
proposed to correct for this bias. I focus on three common measures of similarity for which values range between 0 and 1:
cosine similarity, Jaccard index and “proximity index” introduced in [Hidalgo et al.| (2007). They are highly correlated as
shown in Table El However, in two specific cases, there are important differences between the measures.

e In the first case, the set of countries exporting product A is a subset of countries exporting product B (exported
by 16 countries for example - see Figure . Let’s consider a situation in which the number of countries exporting
product A increases and any country adding product A to its export basket always export product B. When using
the proximity and Jaccard indexes, the similarity between the two products will grow linearly with the set of countries
exporting product A. Conversely, the similarity derived from the Cosine index will increase at a decreasing rate when
an increasing number of countries export product A. Yet, there is no reason to believe that this relationship should
be concave.

e In the second case, the two products are exported by the same number of countries (for instance, 12 countries - see
Figure, but not necessarily the same set. When measured with the cosine or the proximity indexes, the similarity



it has the capabilities to produce it and that the set of products it exports then reflects the extent of
its capabilities. Now, if products are often exported together then it is reasonable to assume that they
require a similar set of capabilities.

To map industrial patterns and structural change, I construct several snapshot of the product space
based on export data aggregated by 5-year period from 1975 to 2000 (1975-1979, 1980-1984, 1985-1989,
1990-1994, 1995-1999, 2000).

The networks described above are constructed using gross export data from COMTRADE cleaned
by [Feenstra et al.|(2005). These data are disaggregated at the 4-digits level for the period 1962 to 2000
and include 108 to 134 countries depending on the year. For the sake of comparison across time, I only
use data from 1975 to 2000 and the 111 countries that are present throughout the period of analysis.
As highlighted by [Lall (2000]), export performance is key to economic development for several reasons.
On the one hand, countries can benefit from economies of scale and specialisation through exports. On
the other hand, the increased competitivity of the globalised world makes export performance a good
indicator of the productive efficiency of countries in the manufacturing sector. Although it is an imperfect
and partial representation of economic activities and their interdependencies across nations, trade values
remain the most complete and disaggregated empirical measure in terms of time and space.

I assume that when a country exports a good p, it has the capabilities to produce it. When a large
number of countries export two goods p and p’, we can infer that the competences underlying their pro-
duction are related. Identifying pairs of related products is fairly straightforward but when it comes to
uncovering a larger set of related products it becomes more complicated. Community detection is used
to identify groups of similar products. In network theory, a community consists of a group nodes tightly

connected to each other and less connected to the rest network.

3.2 The backbone of the product space

As shown in Table the snapshots of the product space at different periods in time are very dense (be-
tween 83.55% and 91.65% of the potential links are actual links). The density of these networks is tightly
linked to their construction. In particular, ubiquitous products are connected to most other products
even though the weights attached to them are extremely low due to the normalisation. However, we are
interested in the capabilities that help countries develop. If all countries have capabilities X, associated

with the production of product P, then clearly X is not the capability that distinguishes development

between the two products will increase linearly with the number of countries the pair of products has in common.
Conversely, this relationship is convex when using the Jaccard index. This means that the similarity will increase
with the number of countries the two products have in common and at an increasing rate. Here again, there is no
reason to believe that this relationship should be convex.

For these reasons, I use the proximity index as a measure of similarity between products.



potential from lack thereof. Even if X is necessary for development, it is other capabilities that make
the difference. For this reason, it is important to downplay X, hence the need to filter out some of the
links in the product space. At the same time, the presence of edges with extremely low weights makes it
complicated to discern the most significant connections and analyse their structure to identify important
capabilities. Community detection algorithms are constructed for and tested on low-density networks
since the density of most observed networks ranges between almost 0% to roughly 7%. The high density
of our product space results in an unreasonable community structure when applying most algorithms to
the raw network, giving product groups that contrast sharply with most industrial classifications. One
solution to this problem is to reduce the number of links by uncovering the most important connections
between products and so lowering the density of the network. However, it is important that the net-
work reduction method keeps the relevant structural features of the original network. The weights of the
snapshots of the product space follow a lognormal distribution , which behaves similarly to a power-law
indicating the presence of a core-periphery structure. In this study, the network reduction method should

preserve this property of the networks.

Table 1: Size and density of snapshots of the product space

Product space snapshots Number of nodes Number of edges Density (%)

1975-1979 769 246710 83.55
1980-1984 783 276431 90.29
1985-1989 783 275234 89.90
1990-1994 783 274707 89.73
1995-1999 781 273477 89.79
2000 769 270628 91.65

To circumvent the problems of traditional network reduction methodsﬂ Serrano et al.| (2009) construct
a threshold considering weight heterogeneity at the node level. This method selects the most significant
links in a network as determined by a disparity filter. This filter is a p-value representing the probability
of observing a normalised weight larger or equal to the weight under the null hypothesis. In the null
hypothesis, normalised weights are defined using a random model which accounts for the degree of each
node. This probability is defined for a given edge attached to a given node and depends on the degree
of the node and the normalised weight of the edge. A homogeneous significance level is chosen to filter
out edges for which the p-value is above the significance level. Every edge involves two nodes, and so

has two p-values. The edge is kept if it is significant for at least one of the two associated nodes. As

2 Among network reduction methods for weighted networks, the application of a global threshold on the weights, which
consists in withdrawing the edges of the network for which the weight is below a global threshold, is often used. However, this
method performs very poorly when applied to networks with weights and strength following heavy tailed distributions (i.e.
networks in which links and weights are not distributed normally) since it systematically discards nodes with low strength.
With this method, one can only look at the information present at a higher aggregation level (which are arbitrarily defined
by the threshold). This problem is amplified when weights are correlated locally leading to a network with groups of isolated
nodes. This correlation is high when dealing with core-periphery networks such as the the product space. And indeed,
using this method leads to the isolation of a large proportion of the nodes even when using a low threshold, as revealed
in Table |4} The reason is that the median of the distribution of the maximum weight of each node is around 0.6 in these
networks. Therefore, for any threshold of 0.6 or higher, at least half of the nodes in the networks become isolated.



one reduces the significance level, more edges are filtered out. However, below a critical level, the graph
becomes disconnected. I redefine the condition under which edges are kept using the lower bound of the
significance level. Further details on this method and the definition of lower bound of the significance
level are provided in Appendix [§]

The density of the network is significantly reduced when applying this multi-scale backbone technique
while the network stays entirely connected with o > app (Table . I consider the significance level
generating the network with the lowest density and for which all nodes stay connected so as to be able
to apply a community detection algorithm. The significance levels of each network snapshot, arp, are
presented in Table [2l The reduced networks have a density ranging from 3.40% to 4.39% as shown in

Table [2] which is considerably lower than that of the original networks.

Table 2: Network statistics of snapshots of the product space reduced using Serrano (2009)’s multi-scale
backbone technique

o TW %N %E D (%) C
1 100 100 100 83.54 1
1975-1979 0.09176 12.10 100 4.96 4.14 1
1 100 100 100 90.29 1
1980-1984 11033 8.20 100 3.76 3.40 1
I 100 100 100 90.11 1
1985-1989 49698 9.22 100 4.06 3.66 1
1 100 100 100 91.35 1
1990-1994 11161 10.08 100 4.80 4.39 1
I 100 100 100 91.48 1
1995-1999 6 10979 10.13 100 4.43 4.05 1
2000 1 100 100 100 93 1
0.09995 8.47 100 3.81 3.54 1

Edge removed if weight<arp; TW (%), the percentage of total weights left; N (%), the
percentage of nodes left; E (%), the percentage of edges left; D, the density of the network;
C, the number of components.

3.3 The community structure of the product space

In the product space, links between products reflect some similarity in terms of capabilities and
knowledge. In addition, I argue that products are likely to be clustered according to a common set of
capabilities they share. In network analysis, community detection algorithms enable to identify these
clusters. A community or cluster is defined as a group of nodes more tightly connected together than
with the rest of the network.

A wide range of methods have been developed in the last years to detect the community structure of
networksﬂ Many of those are based on a community quality function called modularity (Newman and
Girvan), 2004). The modularity function compares the fraction of edges inside the communities of the
real network relative to the fraction of edges inside the communities of a random version of that network.
The maximisation of this function enables one to find the community structure of a network. However,
the maximisation of this function suffers from several important drawbacks. First, it is assumed that a

random network does not have any community structure. If this assumption fails to be true, then the

3For an extensive review of community detection algorithms see [Fortunato| (2010)



modularity function is no longer a good measure to evaluate the quality of the community structure.
However, it has been shown that random networks may have a community structure (Guimera et al.
2004, [Reichardt and Bornholdt] 2006). Second, it has a resolution limit (Fortunato and Barthélemyy,
2007)). This means that it does not detect clusters that are small with respect to the network, even
when they are well defined communities (cliques). The reason is that under the null model, it is as-
sumed that each node can interact with any other node of the network. However, in practice, nodes
have a limited horizon. The third limitation has to do with the fact that the modularity function has

many local optima near the global optimum and these lead to very different partitions (Good et al., 2010]).

I use the Infomap algorithm (Rosvall and Bergstrom, [2008; [2010; 2011) because it does not have
these drawbacks. In particular, compared to other algorithms, it performs very well in detecting small
communities (Lancichinetti and Fortunatol |2009)). This method is based on random walks on the network
and information theory. It is that assumed that when a random walker enters a cluster, it will spend a
long period of time inside before leaving since nodes inside a true cluster are more densely connected.
The quality function is called the map equation and corresponds to the length of the code that describes
the path of the random worker on a given network. This code is composed of the codename of the cluster
and the codename of the vertex in which the random walker is. When the random walker changes cluster,
the code indicates the codename of the cluster the random walker is leaving, the codename of the cluster
it is entering and the codename of the new vertex. The strongest community structure corresponds to
the one for which the code length is minimised. If the community structure is not well defined, then the
random walker will often go in and out of the defined clusters, which will lead to a longer code length.
There is a trade off between having a few community codenames along with longer node codenames and

many community codenames conjointly with short node codenames.

4 Results

The evolution of the community structure of the product space from 1975 to 2000 reveals several
export patterns linked to different sets of industries. In particular, this exercise shows the presence of
modern development patterns including global value chains and vertical integratimﬂ as well as other

traditional ones such as factor abundance (Heckscher-Ohlin theorem) and technology (Ricardo, [1817)).

The main patterns of evolution in the composition of communities are represented with alluvial dia-
grams in Figures[§|to[7] In addition to these figures, the interpretation of the results requires quantitative
measures to identify communities in terms of the types of products they contain. We can describe the

constitution of a community by reference to the industries of the products it contains. That is the content

4] always refer to vertical integration at the country level and not at the firm level.



of a community is identified by observing the share of products from each industry it contains as displayed
in Figure 2l The set of industries are defined according to the aggregation of goods from the SITC at 2
digits in terms of the industry and of the stage of production (whenever the information is available at
such a disaggregated level). For example, textile fibres (SITC 26), textile material manufacturing (SITC
65) and textile manufacturing (SITC 83, 84, 85) are part of the textile industry but belong to three
different stages of production. The details on the aggregation are presented in Table[5] Communities are

hereafter labelled according to the set of industries strongly present in them.

The composition of communities also evolves over time as individual communities split into several
modules or merge with others. The community structure is identified for each snapshot of the produce
space (each 5-year period) and so we do not have at this stage information on the correspondence between
clusters across the different periods of time. To analyse the evolution of the composition of communities,
I measure the extent of product overlap between two communities at time ¢ and ¢ + 1 using the Jaccard
index as suggested in |Lancichinetti and Fortunato| (2012). The Jaccard index is calculated as follows:

S, U S,y
18 USg,, | Q)

J. =
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with S, corresponding to the set of products in community ¢ at time ¢.

When the overlap is large, many products are in both cluster ¢ at time ¢ and cluster ¢’ at time
t + 1. This index enables us to find the correspondence between clusters from one period to the next.
In addition, the extent of the overlap provides information on the continuity of a community throughout
time as well as changes in its composition. A relatively high overlap between one community at time ¢
and several communities at time ¢ + 1 indicates a split into several modules while a significant overlap of
several communities at time ¢ with one module at time ¢+ 1 reveals a merger. Figure [8|displays heatmaps

of the overlap between communities across time.

The electronics community
More than 50% of electronics products are grouped into one community. This module also includes on
average more than 50% of goods from photographic apparatus, optical goods and watches manufacturing
industries (SITC 88). This association is not surprising given the growing importance of electronics in
the making of such products, indicating that internal replacement and structural deepening is taking
place in such technologies. The relationship between the electronics and machinery industries is limited
and decreasing over time as depicted in the alluvial diagram in Figure 3] and [d] According to Figure
the share of electronics products located in the machinery communityﬂ goes from 32% in 1975-1979

to 21% in 2000. In addition, the ties between the electronics and machinery communities are weak as

5During periods 1975-1979 and 1985-1989, the machinery industry corresponds to several communities.
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the product overlap between them over the period of analysis is almost inexistent (Figure . The use
of disaggregated data at the industry level is therefore crucial to better grasp the different patterns of
structural change within the manufacturing sector.

As shown in Figure |8 this module is relatively stable over the period of analysis (1975-2000) with
an average product overlap between one period to the next being close to 53%. However, the electronics
community experiences two important changes over the period studied. While it is almost exclusively
composed of medium to high-tech products during the period 1975-1979, the alluvial diagram in Figure 3]
shows that, from 1980 onwards, it incorporates crude and manufactured materials for the textile industry
(textile fibres - SITC 26 and textile yarns and fabrics - SITC 65) as well as low-tech manufacturing
(SITC 89). This merge is also noticeable in the heatmap in Figure |8 as the product overlap between the
electronics community in the 1975-1979 period and the metal and textile manufactures in the 1980-1984
period amounts to 10%. This evolution provides evidence for the acceleration of the fragmentation of
the production process in the electronics industry during the 1980s. This representation also shows that
countries that have entered the electronics global value chain were for the most part little developed in
the textile industry as textile manufacturing products (SITC 84, 85, 86) are not part of the electronics
community and the product overlap between the two communities over time is never above 3% (Figure
. The presence of the least complex stages of production in the textile industry within the electronics
community can be explained by the fact that the fragmentation of the production process in the electronics
industry implies the delocalisation of labour intensive and low skill tasks (such as assembly) to countries
where wages are particularly low in the interest of reducing costs.

The share of products from low-tech industries grows until 1995-1999, after which the community
splits into two modules in 2000. The electronics community in the period 1995-1999 has an important
product overlap with two communities in the next period (2000) as shown in Figure While the
electronics community remains strong with 59% of products overlapping between 1995-1999 and 2000,
it also has a strong overlap (20% of the products) with a newly formed community composed of textile
materials and metal manufactures. Figure[2] provides information on the composition of the two modules.
The largest one includes mostly medium to high-tech products as well as some products from low-tech
manufacturing industries while the second one is composed of the least complex industries (crude and
material manufacturing for the textile industry). Such an evolution can reflect different events. Some
countries previously dedicated to low value-added stages of the production process have upgraded their
export basket by focusing on the electronics industry. This period also follows the Asian crisis of 1997,
which has significantly affected economies and thereby exports within the region.

Finally, there is a noticeable difference between medium and high-tech industries (SITC 75, 76, 77
and 88) relative to low-tech industries (SITC 26, 65 and 89) in terms of the concentration of industries

across communities as measured by the entropy of industry shares across communities (Figure E[) While

11



products from the former are highly concentrated into few communities with an average entropy of 0.35,
products from the later are much more spread as entropy is close to 0.6 on average. In other words,
countries associated these low-tech industries have different export patterns and having a comparative

advantage in these industries is not a sufficient condition to take part in the electronics GVC.

The machinery community
The machinery community is composed of machinery products, most products from the controlling in-
struments industry (SITC 87) as well as chemicals goods, especially plastics (SITC 5 and 58). Chemical
products associated with the machinery industry consist mainly of plastics (SITC 58) and some organic
chemicals (SITC 51), dyeing and colouring materials (SITC 53) as well as chemical materials and products
(SITC 59). The presence of controlling instruments and chemicals in the machinery module means that
countries with a comparative advantage in machinery also have a comparative advantage in those two
industries. Despite the fact that these industries are associated with different technological domains, they
have common features explaining their co-occurrence in the export basket of countries. The production
and export of goods from these industries involves complex processes and requires a great amount of
resources to dedicate to R&D, which explains the predominance of industrialised countries in this com-
munity. Furthermore, vertical integration also partially explains the high occurrence of both machinery
and chemical products in the export basket of countries. According to input-output data from Timmer
et al.| (2015)), in 1995, almost 80% of the production from the chemical industry consists of intermediate
consumption used in other industries and a large share is connected to the machinery industry. It is
also worth noting that there are important differences between chemical products (ISIC 24) and plastic
and rubber products (ISIC 25). While the machinery industry is an important source of income for the
plastics and rubber industry as it absorbs close to 20% of its production of inputs, it is limited for the
chemical industry (consuming less that 4% of its production of inputs). This explains the preponderance
of plastic products within the chemical industry present in the machinery community.

The machinery industry is split into several communities at the first period of analysis (1975-1979)
but merges into fewer communities over time as shown in Figure Towards the last three periods of
analysis, a large share of products from the chemical industry move to the machinery community (60%
in 1990-1994, 49% in 1995-1999 and 41% in 2000). The composition of the machinery community is also
affected by an increase of the share of metal manufacturing products (SITC 67, 68 and 69) over time. As
it is the case for the plastic industry, input-output data from Timmer et al|(2015) point to important
linkages between the machinery and metal industries. In 1995, basic and fabricated metals amount to
20% of intermediary consumption used in the production of machinery goods. The machinery industryﬁ

also represents the largest source of income for the industries of basic and fabricated metals (21%) during

6The machinery industry consists of groups 29, 24 and 35 from the ISIC (Revision 3.1) and the chemical industry includes
groups 24 and 25.
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the same year. Another common feature highlighted by [Pavitt| (1984)) is that these two industries are both
scale-intensive. The appearance of metal manufactured products within the machinery community can
be induced by the change in the composition of the export basket of countries exporting a large number
of products from the industries attached to this community or by the upgrade of the export basket of
countries with a comparative advantage in metal industries. Although the results from this analysis
cannot provide a detailed explanation for this evolution, the overwhelming presence of industrialised
economies among the set of countries with a comparative advantage in at least two metal manufacturing
products within the machinery community suggests that vertical integration, rather than a fragmentation
of the production process, better explains these trends[] This is in line with the characteristics of the
machinery and chemicals industries described in |Lall et al.[ (2004). The fragmentation of the production
process is limited by the high value to weight ratio of products and parts in the machinery industry and
by the limited divisibility of production processes in the chemical industry. Indeed, on average more than
70% of parts and components from the machinery industry are in the machinery community.

The machinery community also sees its share of textile materials and fibres grow from 1990-1994.
Much like for the metal manufacturing industries, this change is unlikely to be linked to a fragmentation
of the production process within the machinery industry as it is the case for the electronics industry
since industrialised countries have the highest level of export diversity in textile products present in the

machinery communityﬁ

The textile and food community
A large share of products from textile and food industries form a community during most of the period
of analysis. The strong co-occurrence of products from these two industries can be attributed to the fact
that they share common characteristics as they are both labour intensive |[Lall et al.; |2004| and supplier-
dominated (Pavitt, [1984). Some degree of vertical integration seems to take place in the textile industry
as products ranging from crude textile materials (animal skins - SITC 21 and textile fibres - SITC 26), to
manufactured textile materials (leather - SITC 61 and textile yarns and fabrics - SITC 65) and to textile
manufactures (SITC 84, 85 and 86) are present in the same community. In other words, countries that
have a comparative advantage in textile will likely be exporting products from several levels of the value
chain. This module is the most stable over time as its average product overlap across time is close to
70% (Figure [§).

There is one noticeable change during the period 1980-1984, where the textile and food as well as the

textile manufacturing communities merge (Figureand. While during the period 1975-1979, the textile

763% of countries with a comparative advantage in at least two metal manufacturing products within the machinery
community during the period 1985-1989 and 65% in 2000.

8During the period 1990-1994, more than 60% of countries with a comparative advantage in at least two textile products
located in the machinery community are industrialised countries against less than 25% in the electronics community during
the same period.
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industry within this module is mainly represented by crude and material textile products, the module
concentrating most of the textile manufacturing industry merges with the textile and food community
from 1980 onwards. This merge can have several explanations. One possibility is an upgrade of the export
basket of countries with a strong focus on agro-based products (including textile materials and fibres)
towards textile manufacturing. Another potential explanation is a diversification of textile manufacturing
exporters with the incorporation of agro-based products. A more detailed analysis would be required
to understand the causes of this merge. Despite the important structural change occurring during the
period 1975-1979, the high and increasing overlap of the set of products belonging to this module from
one period to the next indicates its growing stability over time. As shown in Figure [8 it is always
over 50% and increases with time reaching 79% between 1995-1999 and 2000. The increased cohesion of
this community over time reflects the static composition of the basket of exporters associated with this
community, which translates into an increased resistance to structural change towards modernisation.
Finally, there are some notable differences between the industries present in this module in term of
their dispersion across communities as illustrated in Figure [§] While products from the textile manufac-
turing industry are mostly concentrated in the food and textile community (entropy is 0.23 on average),
products from the food industry, textile fibres industry and especially textile materials industry are much

more spread across communities (their average entropy is respectively 0.53, 0.56 and 0.61).

The petroleum community
The petroleum community is identified in most of the periods of analysis and regroups most products
from the petroleum industry. The presence of inorganic chemicals within this community shows that some
petroleum exporters have upgraded their exports through vertical integration. Indeed, crude and refined
petroleum is at the bottom of the chemical value chain, directly followed by basic chemicals (inorganic)
and polymers. However, results also show that this integration is limited as polymers, which would
require greater knowledge and infrastructure, are almost inexistent from the petroleum communityﬂ

According to the results depicted in Figure [8] the product content of this community becomes more
and more stable over time as the overlap between product sets from one period to the next increases and
reaches 66% between period 1995-1999 and 2000@ As depicted in Figure @ the community is broken
down into several modules only during the years following the second oil crisis of 1979 (1980-1984), which
is likely to have disturbed export flows in this industry.

The low level and limited variability of the entropy of shares of petroleum products across communities
(0.21 on average) confirm the concentration of petroleum products in one or a few communities (Figure

E[). Overall, this outcome makes the petroleum industry rather peculiar relative to other resource-based

90nly 1 is found during 1985-1989, 3 during 1990-1994, 1 during 1995-1999 and 2 during 2000.
10During 1990-1994, the petroleum community merges with the one of iron and steel. Note that over this period, many
communities tend to merge.
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industries, for which products are often dispersed across communities and unstable over time.

The wood and paper communities
The wood community mostly consists of crude wood and wood manufacturing, indicating some degree of
vertical integration from countries with abundant wood resources. The wood community is maintained
over the period of analysis as evidenced by its relatively high product overlap from one period to the
next, shown in Figure [§] (close to 45%)B

Some exporters of wood manufacture focus solely on wood while others diversify into resource-based
manufactures such as metal and paper or into textile and food manufacture. The export pattern relat-
ing wood and other resource-based manufacture only holds for two periods as the community related
to resource-based products is discontinued from the period 1985-1989 onwards. The presence of wood
manufacturing in the textile and food community decreases from 18% during the period 1975-1979 to 9%

during the rest of the periods of analysiﬂ

Crude wood products have similar export patterns with wood manufactures but some important
differences are worth mentioning. Contrasting with wood manufacturing, crude wood products are con-
centrated into a fewer communities as indicated by the lower level of entropy in Figure [0} Furthermore,
there is a shift of crude wood products from communities including wood manufacturing products (wood
module and textile and food module) towards the paper community. The share of crude wood products

located in the paper community increases over time from 11% during the period 1975-1979 to 33% in 2000.

Vertical integration in the paper industry ranges from crude wood to pulp wood and to paper products
as all these products are present in the same community. The paper community is sustained over the
period of analysis with a product overlap of above 30% on average (Figure . The entropy of shares
across communities depicted in Figure [J] provides evidence of the high uniformity of export patterns
within this industry and increasingly so towards the high-end of the value chain (paper products)E

A pattern of diversification is identified from period 1990-1994 onwards as the metal and paper modules
merge into one community. Figure |8 shows that this newly formed community is stable over time as the
products’ overlap is over 40% between periods from 1990 onwards.

These results contrast with [Leamer| (1984), where the paper and wood industries are in the same

product class. The present study reveals the boundaries present in most countries between the wood and

1 The wood community is broken down during the period 1990-1994 with most products shifting to the textile and food
community. However, there is tendency for communities to merge during this period, which is likely to be linked to a
change in the data rather than a relevant evolution of export patterns. In addition, most products shift back to the wood
community from 1995 onwards.

12With the exception of period 1990-1994, which is subject likely to be subject to irregularity in the data

13The set of paper products is the most concentrated across communities with an average entropy of shares slightly above
0.15. Backward industries producing the inputs for the paper industries (pulp wood and crude) are also concentrated within
a few communities over the period of analysis relative to other resource-based products.
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paper industries, especially at the manufacturing level.

The metal communities
There exist differences within the metal industry regarding the type of metal and the stage of production.
Crude metal products tend to be less dispersed across communities than metal manufacturing products
as evidenced by its lowest entropy of shares across communities reported in Figure )] Natural resources
are characterised by export concentration in a limited set of countries. Crude and metal manufacturing
exports (SITC 28 and 68) are often found in the same communities, attesting to the limited upgrade of
crude metal exporters.

Iron and steel products are regrouped in one community that can be identified in each period of
analysis while other metal products are found in a relatively wide range of communities. That is, we can
expect a greater degree of specialisation in the export of iron and steel than other metals. Nonetheless,
the product overlap from one period to the next in the iron and steel community is on average relatively
low (31%) and variable, ranging from 20 to 40%, as presented in Figure [8] which means that some
change in the composition of the basket of iron and steel exporters occursE The alluvial diagrams in
Figure [7] and Figure [2[ show that from 1985 onwards, around 20% of the products from the iron and
steel industry shift to machinery communities on averageE A common feature of industries related to
the manufacture of metal is their increasing presence in machinery communities. By 2000, above 25% of
products relative to metal manufacturing industries (SITC 67, 68 and 69) are located in the machinery
community. The share of goods relative to manufacturing metal products (SITC 69) has experienced the
greatest increase as it has been multiplied by almost 5 from 1975 to 2000 while iron and steel products
remain the predominant metals within the machinery communities. This evolution is likely to be due to
the use of metals, especially iron and steel, as inputs in this industry. Local value chains linking metal
and machinery products exclude crude metals because those require the abundance of such resources in
the country and involve much less complex or no manufacturing process.

Another evidence of structural change is worth mentioning. During the period 1990-1994, the merge
between the metal and paper communities results in the formation of a new community. Although part of
the metal products (both crude and worked) leave this community to form a new one almost exclusively
composed of metal goods during the period 1995-1999, the module associating metal and paper products

remains until 2000 with an average product overlap of 44% from one period to the next (Figure .

14 As it is the case of many communities during the period 1990-1994, a merge occurs between the iron and steel module
and the petroleum one.
151n the period 2000, iron and steel products are found in two communities with a predominance of machinery goods.
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5 Discussion: export patterns, structural change and factors of
production

Overall, the community structure and its evolution show that the factors explaining industrial pat-
terns and structural change are more complex than the traditional divide between low-tech and medium
to high-tech industries. Below I examine the community structures that emerge and identify a set of
potential common drivers that explain the emergence and evolution of communitiesE Clusters can form
due to (i) the experience in a technological domain, () the abundance in production factors, (i) the

need for large scale economies and (%) vertical integration.

The community corresponding to electronics products (SITC 75, 76, 77) and photographic equip-
ment, optical and watches (SITC 88) forms around their ezperience in a technological domain, which
corresponds to the one associated with the phenomenon of the electron. In addition, this association re-
veals the growing importance of electronics in the making of photographic equipment, optical goods and
watches, indicating that internal replacement and structural deepening taking place in such technologies.
Also, the electronics and machinery industries are associated with an experience in different technological
domains. Their location in distinct communities (Figure [3|and [4)) illustrates the importance of accounting
for heterogeneity within the manufacturing sector. Moreover, the relationship between the electronics

and machinery industries is limited and decreasing over time as depicted in the alluvial diagram in Figure

Bl

The relative abundance in production factors also influences the structure of communities. The re-
sults reveal the importance of several factors. Natural resources are a determinant driver in several cases.
There exists a community associated with petroleum products, one regrouping iron and steel goods, sev-
eral with a predominance in metal exports and another focused on the export of wood products. The
community corresponding to textile and food products appears due to the abundance of low-skilled labour
(Lall et al., 2004)@ The formation of the machinery community characterised by a high concentration
and predominance of high to medium-tech industries (machinery, controlling instruments and chemicals)
is likely to be associated with important technological capabilities and financial resources as they involve

knowledge intensive and complex processes and require a great amount of R&D.

Furthermore, vertical integration seems to be a fundamental determinant in the community structure

and its evolution during the period of analysis. We can observe several cases of vertical integration within

16 A more detailed analysis of the results is presented in section ?7?.
17 Another common characteristic shared by these two industries is that they are supplier-dominated (Pavitt}, [1984).
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countries.

Some degree of vertical integration within countries is noticeable and deepening around the machin-
ery industry with several industries involved: chemicals, iron and steel and metal. The association of
machinery and metal products could also be driven by the need for large scale economies.

Vertical integration at the local level is also present in industries involving less complex processes. The
set of chemicals (mostly inorganic) present in the petroleum community increases over time, indicating
that some petroleum exporters have upgraded their exports through vertical integration. However, this
integration is limited as polymers are are almost nonexistent in this community. This can be explained
by the fact that polymers are at the high end of the value chain and so their production would require
greater knowledge, technology and infrastructure.

There exist two integrated value chains associated with the export of wood, which evolves over time.
One community groups most wood products including crude and manufacturing wood while another rep-
resents the paper industry as it comprises crude wood, pulp wood and paper products. The composition
of these two communities evolves as crude wood products tend to shift from the wood towards the paper
community.

From 1980 onwards, the electronics industry and other low-tech industries are merged into a single
community, indicating the presence of vertical integration at the global level. This evolution provides
evidence for the acceleration of the fragmentation of the production process in the electronics industry
during the 1980s. This representation also shows that countries that have entered the electronics global
value chain were for the most part little developed in the textile industry as textile manufacturing products
are not part of the electronics community and the product overlap between the two communities over
time is never above 3% (Figure . The presence of the least complex stages of production in the textile
industry within the electronics community can be explained by the main objectives of the fragmentation
of the production process: reducing costs. Due to this, the fragmentation of production implies the
delocalisation of labour-intensive and low skill tasks (such as assembly) to countries where wages are
particularly low. This community splits again in 2000 to form two modules, one including mostly medium
to high-tech industries and another composed of low-tech industries. Such an evolution can reflect different
events. Some countries previously dedicated to low value-added stages of the production process may have
upgraded their export basket by focusing on the electronics industry. This period also follows the Asian
crisis of 1997, which significantly affected economies and thereby exports within the region. However, a
deeper analysis would be needed to shed light on the causes of this evolution.

By contrast, there is no evidence of fragmentation of the production process in the community asso-
ciated with the machinery, controlling instruments and chemical industries. This result is in line with
the characteristics of the machinery and chemicals industries described in [Lall et al. (2004). The frag-

mentation of the production process is limited by the high value to weight ratio of products and parts in
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the machinery industry and by the limited divisibility of production processes in the chemical industry.
Indeed, on average more than 70% of parts and components from the machinery industry are in the
machinery community. However, this result should be taken with caution as the sample excludes Eastern
Europe countries, which is where a large part of the global value chain (GVC) in the machinery industry

has taken place after 1989.

Finally, I have argued that firms cluster into industries according to a set of common capabilities,

technologies and knowledge. However, these boundaries are likely to differ across industries. Recall that
a community is defined here as a set of products that are likely to be exported together, which I assume
provides information on their relatedness in terms of the capabilities they require. An industry refers
to a group of products derived from a traditional and ad-hoc classification: the SITC (see details in
Table . I look at the dispersion of products from each industry across communities to test the strength
of the boundaries between industries. If products from one industry are clustered into one community,
then it is likely that this industry has fairly strong boundaries. The reason for this is that the countries
exporting them are likely to export other products from the same industry (according to the definition
of the cluster). Conversely, if products from one industry are spread across several communities, then
this industry has softer boundaries. A high dispersion of the products of a given industry can also be a
sign that the capabilities required within a industry are heterogeneous. In other words, the capabilities
required to make one product can be different from the ones to make another product from the same
industry. In what follows, I describe the tools used in the analysis of the results.
Results show that while some industries are represented by one or two communities, others have their
products distributed across a wide range of communities. I calculate the entropy of shares of products
from industry 4 across ¢ communities to quantify the dispersion of an industry’s products across a set of
communities as follows:

Q
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This measure provides an indication on the strength of the boundaries of each industry. The results

are presented in a heatmap in Figure @ When H é is low, the products of the industry are found in one
or a few communities and exporters within this industry are characterised by relatively uniform export
patterns. This industry displays strong boundaries, suggesting that it would not be straightforward for
countries to start exporting products from this industry if they do not have any in their existing export
basket.

The degree of uniformity of export patterns differs between low-tech relative to medium and high-tech

industries. This is to be expected as low-tech industries require a less diverse set of capabilities. As a
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consequence, it is easier to start exporting products from these industries even when the export basket
of countries does not contain any of their products. Low-tech industries such as textile, wood, paper and
furniture tend to be characterised by a wide range of export patterns. Figure [9] shows that the entropy
is often high in these low-tech industries, meaning that products are distributed across a large number of
communities. Conversely, the entropy of medium to high-tech industries such as machinery, controlling
instruments, electronics, optical goods and plastics (4 out of 6 periods) is much lower in general, with
the exception of chemicals. These results indicate that such industries tend to exhibit a relatively ho-
mogenous export patterns. In other words, countries exporting products from these industries are likely
to focus on them. Low entropy is also found in most resource-based industries including petroleum, coal,
wood and pulp wood, metal and, in half of the periods, iron and steel. The general high uniformity of
exports found in these industries is not surprising as the large majority of countries abundant in natural
resources find it difficult to develop and diversify their production and export basket. Overall, these

patterns are relatively constant over the period of analysis.

6 Conclusion and limitations

Uncovering the community structure of the product space and its evolution enables us to identify
potential paths for structural change by providing information on the linkages between products and
industries. This exercise enables us to map several industries and groups of industries according to com-
mon characteristics, thereby reinforcing the empirical evidence of the importance of industry differences
(Malerbay, [2002) at a global level. Technological development is an important determinant of export
patterns as medium to high-tech products tend to be grouped together, as evidenced by the community
comprising machinery goods, controlling instruments and chemicals and the electronics community. Re-
sults also indicate that the structure of export patterns also depends on bounds defined by domains of
knowledge and technology, partly explaining the location of medium to high-tech products in different
communities. This study also provides empirical evidence of the evolution of the“redomaining” of some
technologies towards electronics over time. Furthermore, according to the results, industry differences
cannot be solely explained by technological complexity and domains but also by factor abundance and
vertical integration at the local and global levels. On the one hand, the abundance of low skilled labour
in some countries is at the source of the formation of a community regrouping the food and textile in-
dustries. In addition, several modules are characterised by products associated with a certain number of
natural resources. On the other hand, most communities gather products associated with the same value
chains indicating the manifestation of vertical integration, which tends to intensify with time. This is

true for all industries, independently of their technology intensity, as value chains are found in the ma-
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chinery, petroleum, wood and paper communities. While in these cases, vertical integration is likely to
take place within the country, the presence and composition of the electronics community shows evidence
of an acceleration of the fragmentation of the production process within the industry from the 1980s
onwards. This analysis also provides information on the export profile of countries that have succeeded
to enter this global value chain. Finally, the analysis presented here provides evidence of the relatively
high heterogeneity of export patterns within some industries, especially low-tech ones, such as those of
textile and food.

Several limitations are worth noting. Gross export data comprise important measurement errors in-
cluding double counting and does not account for product quality. In addition, the level of disaggregation
of this data does not allow to distinguish between parts and components and final products. Countries’
capabilities are thereby imperfectly estimated, and by consequence, some of the links between industries
are biased. This bias could be limited by looking at the value added share of exports data. However,
these data should be available at a high level of product disaggregation and cover a wide range of coun-
tries and years. Lastly, although this analysis has enabled us to identify important factors explaining
export patterns and their evolution, further work is needed to shed light on countries’ export trajectory
to explain changes in the community structure over time. For instance, it is important to explain the
causes of the incorporation of metal products within the machinery community. Is this change the result

of an upgrade of the export basket of metal exporters or of a diversification of industrialised countries?
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7 Appendix

Table 3: Correlation between the similarity measures

Period Cosine - Proximity - Cosine - Jaccard
Proximity Jaccard
1960-1964 0.968 0.982 0.984
1965-1969 0.967 0.981 0.986
1970-1974 0.951 0.979 0.979
1975-1979 0.942 0.977 0.967
1980-1984 0.962 0.979 0.985
1985-1989 0.965 0.980 0.986
1990-1994 0.965 0.980 0.986
1995-1999 0.963 0.980 0.985
2000 0.960 0.979 0.986

Figure 1: Simulation of two specific cases in which similarity measures differ

(a) Case 1 (b) Case 2
(ST e
— ]
© ©
[SE o 7
2 S z S
g 8
z z
E o £ <
(2 o ST
o Cosine o Cosine
~ + Proximity ~ + Proximity
S < Jaccard o ¢ Jaccard
o o
c ¥ oS
T T T T T T T T
0 5 10 15 0 5 10 15
Number of common countries Number of common countries

Note: In case 1, Product A is exported by 16 countries and product B by countries that also export product A. In case 2, the two
products that are each exported by 12 countries

8 Network reduction method

In |Serrano et al.| (2009)’s network reduction method, as one reduces the significance level, more edges
are filtered out and below a critical level, the graph becomes disconnected. This provides a natural value
at which to set the significance level a. In what follows I define the critical value of a as the smallest
value consistent with a connected network. For that condition to be fulfilled, each node should have at
least one edge. For the degree of each node to be at least equal to one, the significant level should be
higher than the p-value «; ; corresponding to the most significant edge of the node that has the least

significant edge among all the vertices. The lower bound of the significance level denoted oy p is defined
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as follows:

arp = max{m_in{aﬂ?”}} (3)
i

where «; ; corresponds to the p-value (or disparity filter) of the link between node i and j.
For the graph to stay connected, the significance level should be superior or equal to ap. I can then

redefine the condition under which edges are kept using the lower bound of the significance level as :

3 wij, if o™ < app.
Wij = (4)

0, otherwise.

Table 4: Network statistics of each snapshot of the product space reduced using a global threshold on
weights

Period a TW (%) N (%) E (%) D (%) C
0 100 100 100 83.55 1
0.2 68.33 100 43.28 36.16 1
0.4 19.85 98.44 8.04 6.72 14
1975-1979 0.6 2.42 54.10 0.63 0.53 385
0.8 0.98 14.82 0.20 0.17 680
1 0.85 5.33 0.17 0.14 735
100 100 100 90.29 1
0.2 73.36 100 49.71 44.88 1
0.4 22.88 98.72 10.32 9.32 11
1980-1984 0.6 2.06 57.47 0.66 0.60 364
0.8 0.09 9.07 0.02 0.02 732
1 0 0 0 0 783
100 100 100 89.90 1
0.2 70.23 100 46.21 41.54 1
0.4 20.41 98.47 8.82 7.92 13
1985-1989 0.6 2.03 55.17 0.62 0.56 392
0.8 0.15 9.45 0.04 0.03 724
1 0 0 0 0 783
100 100 100 89.73 1
0.2 68.62 100 44.35 39.79 1
0.4 18.54 98.85 7.79 6.99 11
1990-1994 0.6 1.74 53.51 0.52 0.47 404
0.8 0.08 7.41 0.02 0.02 741
1 0 0 0 0 783
100 100 100 89.79 1
0.2 68.87 99.87 44.71 40.14 2
0.4 18.39 97.82 7.77 6.98 18
1995-1999 0.6 1.54 54.29 0.46 0.41 399
0.8 0.11 6.91 0.03 0.02 741
1 0 0.26 0 0 780
0 100 100 100 91.65 1
0.2 70 100 46.69 42.79 1
2000 0.4 17.39 98.05 7.56 6.93 17
0.6 1.17 49.41 0.36 0.33 424
0.8 0.07 5.98 0.02 0.01 736
1 0 0.26 0 0 768

Edge removed if weight<a; TW (%), the percentage of total weights left; N (%), the
percentage of nodes left; E (%), the percentage of edges left; D, the density of the network;
C, the number of components.
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9 Results

Table 5: Definition of the set of industries in terms of SITC Revision 2 at 2 digits

Industry SITC 2 digits
1 Machinery 71,72, 73,74, 78, 79
2 Controlling instruments 87
3 Chemicals 51, 52, 53, 54, 55, 56, 57, 59
4  Plastics 58
5  Electronics 75, 76, 77
6  Optical goods 88
7  Prints 89
8  Textile - Manufacture 83, 84, 85
9  Textile - Material 61, 65
10 Textile - Crude 21, 26
11  Wood - Manufacture 63
12 Wood - Crude 24
13 Furniture 81, 82
14  Paper - Manufacture 64
15 Paper - Crude 25
16 Non-metal mineral - Manufacture 66
17 Non-metal mineral - Crude 27
18 Metal - Manufacture 68, 69
19 Metal - Crude 28
20  Iron and steel 67
21 Petroleum 33
22 Coal 32
23 Oils - Seed and fruit 22
24 QOils - Manufacture 41, 42, 43
25 Food 00, 01, 02, 03, 04, 05, 06, 07, 08, 09
26 Drinks and tobacco 11, 12
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Industries

Figure 2: Share of products from each industry across communities (in %)
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Note: The entries of the matrix represent the share of products from each industry across communities (in %).
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Machinery
Textile & food

Note:

Electronics & textile

Metal

Machinery

Undefined

Resource-based manuf.

Wood & oils manuf.

Paper

Iron and steel

(b) Period 1980-1984

Communities at period 1980-1984

Textile material manuf.

Chemicals

Cereals, crude metal & coal
Textile fibers

Metal manuf.

Textile material manuf.
Basic chemicals

Fertilizers & food

Small
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Machinery
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Chemicals
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Oils manuf.
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The entries of the matrix represent the share of products from each industry across communities (in %).
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() Period 1985-1989

Communities at period 1985-1989

Machinery

Controlling instruments
Chemicals

Plastics

Electronics

Photography, optical & watches
Low-tech manuf.
Textile manuf.
Textile material manuf.
Textile fibers

Furniture
Wood manuf.
Wood - Crude
Paper manuf.
Pulp wood
Non-metal mineral manuf.
Crude non—-metal mineral
Metal products manuf.
Metal manuf.

Crude metal
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Coal

Seed and fruit oils
Oils manuf.

Food

Beverages and tobacco

Other

Machinery
Paper
Petroleum
Chemicals
Machinery
Iron and steel
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Aircraft
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Textile, food & oils

Electronics & textile
Chemicals & machinery

Food & textile fibers

Paper & textile material manuf.
Wood & oils manuf.
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Textile material manuf.
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Note: The entries of the matrix represent the share of products from each industry across communities (in %).
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Machinery & chemicals

Textile, food & oils

Electronics & textile

Petroleum & iron and steel

Paper, metal & coal

(d) Period 1990-1994

Communities at period 1990-1994

Food & oils

Undefined
Undefined

Wood & oils manuf.
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Note: The entries of the matrix represent the share of products from each industry across communities (in %).
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Machinery & chemicals

Textile & food

Electronics & textile

Food & oils

Paper, metal & coal

Iron and steel

Petroleum

Small

(e) Period 1995-1999

Communities at period 1995-1999

Undefined

Wood

Undefined
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Metal
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Textile material manuf.
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Other

Note: The entries of the matrix represent the share of products from each industry across communities (in %).
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: The entries of the matrix represent the share of products from each industry across communities (in %).
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Figure 3: Alluvial diagram of the evolution of the communities linked to the electronics industry
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Figure 4: Alluvial diagram of the evolution of the communities linked to the machinery industry
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Figure 5: Alluvial diagram of the evolution of the communities linked to the textile industry
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Figure 6: Alluvial diagram of the evolution of the communities linked to the petroleum industry
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Figure 7: Alluvial diagram of the evolution of the communities linked to the wood, paper and metals industries
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Figure 8: Product overlap between communities across time (in %)

(a) From period 1975-1979 to period 1980-1984
Communities at period 1980-1984
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Notes: The entries of the matrix represent the product overlap between communities between period 1975-1979 to period 1980-1984
(in %). The overlap is calculated using the Jaccard index.
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(b) From period 1980-1984 to period 1985-1989
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Notes: The entries of the matrix represent the product overlap between communities between period 1980-1984 to period 1985-1989
(in %). The overlap is calculated using the Jaccard index.
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(c) From period 1985-1989 to period 1990-1994

Communities at period 1990-1994
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Notes: The entries of the matrix represent the product overlap between communities between period 1985-1989 to period 1990-1994
(in %). The overlap is calculated using the Jaccard index.
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(d) From period 1990-1994 to period 1995-1999

Communities at period 1995-1999
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Notes: The entries of the matrix represent the product overlap between communities between period 1990-1994 to period 1995-1999
(in %). The overlap is calculated using the Jaccard index.
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(e) From period 1995-1999 to period 2000

Communities at period 2000
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Notes: The entries of the matrix represent the product overlap between communities between period 1995-1999 to period 2000 (in
%). The overlap is calculated using the Jaccard index.
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Figure 9: Entropy of industry shares across communities
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