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Abstract. Metals are used in numerous products and are sourced via increasingly global and complex
supply chains. Monetary input-output tables (MIOT) and network analysis can be applied to inter-sectoral
supply chains and used to analyze structural aspects. We first provide a concise review of the literature
related to network analysis applied to MIOTs. Based on a physical input-output table (PIOT) table of
aluminum in the United States economy in 2007, we identify key sectors and discuss the overall topology
of the aluminum network using tools of network analysis. Sectors highly dependent on metal product
inputs or sales are identified using weighted degree centrality and their hierarchical organization is
explored via clustering. Betweenness centrality and random walk centrality (page rank) are explored as
means to identify network bottlenecks and relative sector importance. Aluminum, even though dominated
by uses in the automobile, beverage and containers, and construction industries, finds application in a
wide range of sectors. Motor vehicle parts manufacturing relies on a large number of upstream and
2

downstream suppliers to function. We conclude by analyzing structural aspects of a subnetwork for
automobile manufacturing and discuss how the use of network analysis relates to current criticality
analyses of metal and mineral resources.

Keywords: complex network analysis, economic input-output analysis, physical input-output table,
material flow analysis, resource criticality analysis, complexity science

1. INTRODUCTION
Metals are ubiquitous in today’s society. Their use has rapidly increased over the course of the last few
decades 1. Today, there are few materials or products where metals are not present or have not been
involved in their production. While a century ago the diversity of metals was limited to perhaps a dozen in
common applications such as infrastructure and durable goods, today’s technologies utilize virtually the
entire periodic table. At the same time, increasing product complexity, outsourcing, and globalization have
resulted in increasingly complex and dynamic supply chains 2 that are difficult to understand and control 3.
Future global demand for a wide range of base and specialty metals is expected to increase further as a
result of rapid urbanization and new infrastructure demands in developing countries, transition to lowcarbon energy technologies, and increasingly widespread use of electronics. Because modern technology
is highly dependent on reliable supplies of a wide variety of metals, numerous studies in recent years have
attempted to better assess elemental resources and to determine which of them are “critical”, the aim being
to minimize potential supply disruptions to global and national technologies and economies 4–7. Existing
criticality analysis consider the countries involved in supplying the mined concentrate or refined metal
(supply side), and the downstream end-uses at the sector-level or at the level of finished products (demand
side). However, supply chain actors located in between are oftentimes not further considered. In addition,
today’s criticality analyses do not consider structural aspects of metal supply chains that can highlight
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important supply chain actors, bottlenecks, and industry clusters, and provide insights into competing uses
and the overall robustness of the supply chains.
At the level of whole economies, the exchange of products or transactions between different
economic sectors can be obtained from economic input-output (EIO) models using monetary input-output
tables (MIOT) 8,9. EIO models have occasionally been translated into physical input-output tables (PIOT)
as the physical equivalent of the MIOT in national accounts 10. For metals, PIOTs have been used to
investigate the physical flows of aluminum, lead, magnesium, zinc, chromium, and nickel in the United
States 11, iron and steel associated with car production in Japan 12, lead, zinc, manganese, aluminum, and
molybdenum in South Korea 13, and copper in France 14. More recently, multi-regional input-output
(MRIO) models (based on monetary units) have been used to illustrate the global supply chain of tantalum
15

and neodymium, cobalt, and platinum 16. The study by Nansai and colleagues 16 attempts to integrate

criticality information into metal supply chain data by calculating the mining risk footprint of neodymium,
cobalt, and platinum using the Policy Potential Index 17 of the sourcing countries.
Based on the technical coefficients tables of MIOTs, many analytical techniques yield interesting
insights into the structure of economic systems and help to identify ‘key sectors’, including the use of the
Leontief output inverse, multiplier analysis, matrix triangulation, structural decomposition approaches,
field of influence, extraction methods, to name a few 9. Alternatively, an economy represented by MIOTs
can also be regarded as a network consisting of nodes (sectors) and directed (and weighted) links
(economic transactions) among sectors 18. Qualitative Input-Output Analysis (QIOA) focuses on the sheer
existence of edges between sectors, regardless of their weights 19–21, and allows the application of graphand network-theoretical approaches to analyze structure 22. Although developed for the study of sociology
and complex systems, the techniques and indicators of network analysis can also be used for examining
the structural features and connectivity of economies and technological systems 23.
Within the last two decades, network analysis has become one of the most versatile and visible
frameworks used to analyze, understand, and optimize complex systems spanning various disciplines,
4

including biology, ecology, engineering, sociology, infrastructure, and communications. Network analysis
can be used to obtain insights into the structure (topology), functioning, and dynamics of networks present
at molecular to macro scale and in natural and anthropogenic systems 24–27. In network analysis discrete
entities (e.g., individuals, genes, companies, sectors, and countries) are described as nodes (vertices)
connected by directed or undirected and weighted or non-weighted links (edges) with each other. Famous
examples include analyzing the world wide web 28–30, food web structure 31, metabolic networks 32,
epidemics 33, communications networks 34, and the structure of financial markets 35. Network analysis has
been widely applied to look at issues of trade between countries 36–50. Some studies have investigated trade
networks for specific commodities 40,51,52. A rich body of literature also exists on the use of ecological
network analysis to materials and energy flow networks in industrial systems 53–56. More recently, research
has started to focus on the strong coupling between networks, interdependencies in networks, and spatial
properties 57. A number of researchers also apply network analysis to MIOTs (Supporting Information:
Table S1). However, to the best of our knowledge network analysis has not yet been applied to metal
PIOTs (Supporting Information: Figure S1).
Therefore, the goal of our study is to provide, firstly, an overview of the literature dealing with
network analysis and EIO models. A discussion of material flow analysis and EIO analysis to derive
PIOTS is provided in our two companion papers 58,59. Secondly, we explore how network measures 60–62
can help to elucidate important actors in the PIOT for aluminum 58 (constructed from the United States
MIOT for year 2007). Results are discussed in the context of supply risk for the metal network as a whole
and more specifically from the perspective of the automobile sector. We conclude with a brief outlook on
how network analysis of metal supply chains relates to the concept of metal criticality and risk analysis.

2. LITERATURE REVIEW: NETWORK ANALYSIS AND EIO-MODELS
A MIOT comprises the sectors of an economy that are interdependent of each other via the exchange of
goods and services 8,9. An input-output-based economy can be viewed as a network in which nodes
5

represent economic sectors and the monetary transactions between sectors constitute the directed and
weighted edges 63. MIOTs are compiled at country-level at varying levels of sectoral resolution. In the
United States, the Bureau of Economic Analysis publishes a MIOT consisting of 380+ economic sectors
64

. More recently, MIOTs have been harmonized and combined with trade data in multiregional input-

output (MRIO) models to follow monetary transactions globally 65–68.
Within the EIO literature, a number of 'traditional' indicators and methodologies are used to assess
and compare structural features of economies (e.g., backward and forward linkages, triangulation,
multidimensional scaling, and coefficients sensibility analysis) 69. Network analysis can also be used to
measure structural and systemic features of MIOTs, but has been less frequently applied in that regard.
The primary goal of our literature review was to identify previous studies that examined some
aspect of network analysis in the context of MIOTs. Several scholarly databases were used to carry out the
literature search, including Academic Search Complete (EBSCO), Google Scholar, Lexis Nexis,
ProQuest, and JSTOR. We applied backward and forward citations to all salient articles for further
inclusion. A combination of search keywords, including “input-output analysis”, “network analysis”,
“network theory”, “qualitative input-output analysis (QIOA)”, “key sectors”, “structural analysis”,
“technological system”, “national accounting”, were used to scan the literature. Table S1 in the Supporting
Information provides a summary of literature that has applied network statistics to MIOTs and explains
their goal, data sources, and network measures used. Only articles in English language were included
(although articles in other languages are included with the footnotes in Table S1). Our literature review
yielded a final set of 30 articles published between 1974 to 2014 that discuss network theory in the context
of EIO analysis and MIOTs 18,23,63,69–95. Including articles in non-English language shifts the starting date
to around 1969 96–98. The majority of studies apply network analysis to non-weighted and directed
networks based on QIOA. Some studies look at innovation diffusion by combining MIOTs and research
and development (R&D) embodied product flows among sectors. From this literature review, we conclude
that network analysis has not yet been applied to PIOTs of metals (the goal of the present study) (see also
6

Figure S1). A variety of network indicators are used to analyze the structure of the economy and the
position of sectors. Among the network indicators that were most commonly used to identify the position
of sectors in the economy are in-degree and out-degree centrality (both weighted and non-weighted),
density, clustering and community detection, betweenness centrality, and random walk models (Table S1).
As a result, all of these indicators are also used, together with a few additional network metrics, in the
current study. Each metric is discussed in further detail in the next section and the Supporting Information
and then applied to a PIOT for aluminum.

3. METHODOLOGY
In this study, the PIOT (referred to as the Input-Output Material Flow Network (IO-MFN) in our
companion papers 58,59) of aluminum in the United States economy for 2007 is analyzed. Building the IOMFN of aluminum from its corresponding MIOT is explained in our companion paper 58 and the network
studied in this paper is based on this source. Building the metal network consists of several steps
including, e.g. calculation of an input coefficient matrix from the MIOT, applying a physical flow filter to
ensure that non-physical exchanges (e.g., services) are excluded, a yield loss filter to account for
scrap/losses generated, and deriving a resulting material composition matrix 58. The resulting 393 x 393
commodity by commodity table (see Table S4 in our companion paper 58) is first transformed into
respective nodes and edges lists and then imported into Gephi0.8.2beta network analysis software 99. In
this paper, we follow the terminology of nodes (sectors) and edges (mass flow of aluminum between
sectors) commonly used in network analysis25. Only edges with a weight ≥ 0.001 metric tons are
considered (threshold). Nodes not connected to the network after applying this edge threshold are deleted.
The resulting network consists of 381 nodes (sectors of the economy) and 28,150 edges (exchanges of
aluminum embedded in materials or products). In addition to the inter-sectoral network for the whole
United States economy, we also analyze a subnetwork for automobile manufacturing. The subnetwork is
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based on the final demand of automobile manufacturing in 2007, with further details on how this network
was derived provided in the companion paper 58.
Network measures are calculated using Gephi0.8.2beta 99 and Python NetworkX 100. Modularity
and clustering results are derived using Matlab™ software 101. A variety of network measures are readily
available to explore the network topology and position of nodes in a network 25,60,62,102,103. The network
measures used, and how they translate into the identification of important sectors within the United States
economy, are summarized in Table 1. A more detailed description of each metric and its interpretation in
the context of the metal networks is given in the Supporting Information Section 2.

8

Table 1 Network measures and their meaning in analyzing metal supply chains.
Network Measure

Short Explanationa

Weighted InDegree Centralityc

Role in Metal Network

Role Description

Measures the number of direct
incoming edges including their
weights 102

Collector

To transform or combine materials
and parts into value-added products
(intermediate supply chain actors)
or services (end-users)

Weighted OutDegree Centralityc

Measures the number of direct
outgoing edges including their
weights 102

Distributor

In-Degree
Centrality (NonWeighted)

Counts the number of incoming
direct ties to a node 102

Upstream Complexity

Number of incoming linkages

Out-Degree
Centrality (NonWeighted)

Counts the number of outgoing
direct ties to a node 102

Downstream Complexity

Number of outgoing linkages

Page Rank
(Random Walk
Model)c

Ranks nodes according to how
often a user following edges
will non-randomly reach each
node 104

Relative importance of
sectors

The probability that a metal atom in
the network will visit any of the
sectors

Modularity and
Clusteringc

105

Sector communities
(modules) in the network

Sub-units of communities, which
are sets of highly interconnected
nodes, who trade amongst each
other

Bottleneck

Number of times a node is on the
shortest path between two other
nodes

"Gatekeeper” nodes; any delay or operational “hiccups” caused
by such an actor can hamper the functioning of the whole
supply chain and cause supply disruptions

Maximum number of physical
transformation steps necessary to
reach a certain sector
Average number of physical
transformation steps necessary to
reach a certain sector

A larger number of transformation steps equal an increased
likelihood of supply disruptions (from the perspective of a
certain sector).
A larger number of transformation steps equal an increased
likelihood of supply disruptions (from the perspective of a
certain sector).

Betweenness

Community detection algorithm

Measures how often a node
appears on shortest paths
between nodes in the network
106

Eccentricity
Closeness
centrality

The distance from a given
starting node to the farthest
node from it in the network 102
The average distance from a
given starting node to all other
nodes in the network 107

Maximum number of
transformation steps
Average number of
transformation steps

To distribute materials and products
across multiple downstream actors

a

Risk Aspect
Actors highly dependent on metal inputs; Drivers of the metal
supply chain.
Network vulnerable to the removal of such nodes (targeted
attacks, natural disasters)
Actors highly dependent on metal sales; Degree of difficulty
faced by firms in dealing with downstream demand
Network vulnerable to the removal of such nodes (targeted
attacks, natural disasters)
Actors dependent on a large number of incoming products.
Implies a greater product complexity (e.g., multiple products
used in a single assembly)
Actors selling goods to a large number of downstream sectors.
Implies demand from a large number of downstream sectors
that needs to be handled b.
Relative importance of sectors for metal use.
Removal of a node with high page rank may significantly alter
metal demand.
Important functional modules whose removal can distort the
network.
Provides insights into industry clusters of importance to the
metals supply chain.

Additional details for each network measure are provided in the Supporting Information Section 2.
A higher out-degree centrality can also be translated into a higher downstream diversity (e.g., a metal product used in multiple part or platforms),
which could imply lower risk.
c
Network measure taking into account the weightings of edges (i.e., the quantity of physical flow of metal between economic sectors).
b
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4. RESULTS
4.1 The Aluminum network as a Whole
Network topology. The network topology relates to the relationship between the number of edges and
number of nodes in a network. The degree distribution of networks (random vs. real world (often also
termed “scale free” 108) is important in the context of supply chain risk, because the topology determines
how vulnerable a network is to an attack 28. Scale-free networks have been found to be relatively robust
against accidental failures or random attacks, because the likelihood that a small (less interconnected)
node is removed is large, as such nodes are more plentiful than the well interconnected hubs 28,109.
Furthermore, removing a less interconnected node will not alter the overall network topology
significantly. On the other hand, scale-free networks are more vulnerable to coordinated attacks that target
specific hubs 28,109.
Despite the fact that the aluminum network is dominated by metal flow among a limited numbers
of sectors, it is clear from a visual inspection of the weighted degree distributions on a log-log scale that
the network deviates from a power law (which would be indicated by a linear line on a log-log plot)
(Figure 1), i.e., it is not scale-free. Figure 1 also shows that even though several high metal throughput
sectors (high weighted degree centrality) are present, the majority of sectors are found at intermediate
metal turnover, implying diverse uses in the US economy. This reduces the overall vulnerability of the
network to a potential targeted attack on any one of the sectors when compared to a scale-free network. A
detailed table of the nodes of the aluminum network and derived network metrics is provided in the
Supporting Information (Supporting Information: Table S2).

Figure 1. Complementary cumulative distribution functions for (A) weighted in-degree and (B) weighted
out-degree of the aluminum network. Both distributions deviate from a power law, i.e., they do not form
straight lines on the graphs. The nonlinear curve fits are based on a logistic function.
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The goodness of fit of a straight line in Figure 1 can be used as an indicator of the overall risk of the
aluminum network to targeted node removal (e.g., a targeted attack removing the main companies that are
part of a key sector facilitating a large share of the aluminum flow).
Collector nodes. “Collector” nodes refer to supply chain actors that transform or combine metal
flow into value-added products or services. They are represented by a large weighted in-degree centrality
(Figure 2a). Aluminum enters the United States economy in the form of primary and secondary aluminum
(from new and old scrap)

58

. Sectors highly dependent on aluminum inputs include the Beverage and

Container sectors sourcing wrought aluminum for the production of Aluminum Cans, Motor Vehicle Parts
subsequently incorporated into Motor Vehicles, and the Construction sector using aluminum from the
Architectural Metals sector for building purposes (Figure 2a, x-axis). Furthermore, non-weighted indegree centrality (Figure 2a, y-axis) can be seen as an indicator of upstream complexity as it indicates the
number of inputs required per unit of sector output. The Motor Vehicle Parts and Transmission Sectors,
and the Architectural Metals sectors, seem to be more vulnerable to potential supply restrictions than any
of the other sectors, because they rely on a larger number of metal-containing materials, components, and
parts to function (Figure 2a, y-axis).
11

Distributor nodes. Distributor nodes refer to supply chain actors that allocate materials and
products across multiple downstream actors. They represent actors highly dependent on sales of metalcontaining products as indicated by weighted out-degree centrality. Figure 2b (x-axis) shows the main
distributor nodes. Aluminum spreads into the United States economy mostly through the sales of Metal
Cans, Non-Ferrous Metal Foundries (melting and casting metal into desired shapes), construction-related
materials uses, and Automobile Parts Manufacturing. Downstream supplier complexity (non-weighted
out-degree centrality) is highest for companies producing Motor Vehicle Parts and Transmissions
followed by Metal Containers and construction-related sectors (Figure 2b, y-axis).

Figure 2. Sectors dependent on aluminum throughput in the United States economy in 2007. (a) Collector
nodes receive aluminum inputs as indicated by their weighted in-degree properties. (b) Distributor nodes
spread aluminum into the economy as indicated by their weighted out-degree properties. Alumina
Refining and Aluminum Product Manufacturing were excluded from the figure. The aggregated quantities
of a metal PIOT are termed “transformed metal units” (TMUs), and denominated in hektes (see also our
companion paper 58). One hekte equals approximately one metric ton of metal and is used to remind the
reader that building the PIOT is based on a price homogeneity assumption as described in references 12,110.
These are terms that parallel the economist’s monetary units of dollars or yen. The hekte, pronounced
“hecktuh”, is thought to have been the first metal coinage, used in Lydia [now Western Turkey] in the 7th
century BPE 111.
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Total Metal Turnover. The total aluminum turnover is represented by weighted degree centrality (the
sum of weighted in- and out-degree centrality) and indicates sectors representing the “backbone” of the
aluminum supply chain (Supporting Information: Figure S2). Node size is shown proportional to weighted
degree centrality. Motor Vehicle Parts and subsequent Motor Vehicle production represent the key sectors
facilitating aluminum flow in the US economy. These sectors are followed by metal products (Boiler &
Tank & Container and Architectural Metal) and the Beverage and Food industry utilizing aluminum cans
and containers. The visualization helps to visualize economy-wide supply chains from the perspective of a
single sector. For example, the Motor Vehicle Parts sector (purple node on top right of the circular
diagram in Figure S2) sources aluminum products predominantly from Nonferrous Foundries and the
Forging & Stamping sectors. Its main customer is the Motor Vehicle sector, but it also distributes
aluminum-based automobile parts in smaller quantities for the production of Agricultural Machinery,
Ships, Construction Machinery, Aerospace, and Other Transportation. In addition, a small fraction of
aluminum embedded in automobile parts are used internally (self-loop) and subsequently-produced motor
vehicles are also required in order to produce motor vehicle parts. Furthermore, the circular layout (shown
13

by decreasing degree centrality) indicates that the Motor Vehicle Parts industries trade with a large
number of up- and downstream sectors (see also Figure 2). This puts the Motor Vehicle Parts sector in a
unique position as it has to handle larger product complexity than other sectors of the US economy.
Sector communities. Identifying industry clusters in metal supply chains can help to prioritize
communities that are important for maintaining the aluminum supply chain. These may be targeted, e.g.,
when aiming to improve supply chain efficiencies or when imposing new environmental or product
policies. Figure 3 illustrates the groups of industries that cooperate by increased exchange of aluminumcontaining goods. These are named based on the majority of sector nodes that are present in each of the
clusters (Supporting Information Figure S3 and Table S3).

Figure 3. Industry clusters of the aluminum network determined using the clustering method of Kagawa
and colleagues

105

. A zoom-in for the automobile sector is illustrated at the bottom. Edges are colored by

source node.
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The aluminum network in Figure 3 consists of 13 industry clusters. Aluminum enters the US economy
starting from the aluminum metal production cluster (red nodes on top right of Figure 3) and spreads
predominantly to the Automobile, Packaging, and Construction clusters. The receiving clusters exchange
15

aluminum-containing products within themselves in the chain of adding value before exchanging products
with other industry cluster of the US economy (see for instance the automobile cluster enlarged at the
bottom of Figure 3, where intra-industry flows (green edges between automobile nodes) and inter-sectoral
flows (green edges leaving the cluster) as well as receiving flows from aluminum production (red edges
entering the cluster) are clearly visible). Industry clusters belonging to Computer, Dental, Aerospace &
Defense, and medical are only weakly connected to the aluminum supply chain and thus are less important
from the perspective of someone selling aluminum into the U.S. economy. All industry clusters exchange
aluminum-containing goods with a variety of “other” sectors shown in the center of Figure 3 (sectors that
could not be assigned to any of the industry clusters). Figure 3 also indicates that significant exchange
across industry clusters takes place. According to Hearnshaw and Wilson 112, efficient supply chains have
communities with overlapping boundaries for their flows of goods (and information). Because of the
diverse uses of aluminum in the US economy (both in terms of number of high-throughput nodes as well
as the number of exchanges between industry clusters), the supply chain can be regarded as more efficient
and relatively robust to supply chain shocks (e.g., sudden node removal) than might be the case for metals
used in more specialized applications (e.g., minor metals such as tantalum or rhenium used in a small
range of specialized applications 7).
Relative sector importance. Page rank provides an indication of the relative importance of
sectors for miners and metal producers that sell aluminum or wrought aluminum into the US economy
(Supporting Information: Figure S4). The page rank of a sector is determined recursively and depends on
the number and page rank of all sectors that link to it. Sectors highlighted by page rank include seminal
sectors (e.g., Government, Restaurants, Residential Structures, Hospitals, Food and Drinking facilities)
that initiate final demand for aluminum-containing products (e.g., in the form of beverage cans and
containers or structural metal parts) (Supporting Information: Figure S4). In addition, intermediary
sectors, including Light Trucks, Automobile Manufacturing, Aircraft Manufacturing, and Motor Vehicle
Transmission and Power Train Parts Manufacturing, are important for sourcing and transforming
16

aluminum embedded in products. The page rank can be interpreted as the relative time that a metal atom
spends at each sector and highlights the importance of sectors for someone selling aluminum in its
metallic form or embedded in products into the U.S. economy. Sectors identified by page rank (y-axis in
Figure S4) are not necessarily associated with high aluminum turnover (x-axis in Figure S4) indicating
that the algorithm provides additional supply chain insights that might not be apparent from looking at the
other network metrics.

4.2 The Automobile Supply Chain in the Automobile Network
The production network for automobile manufacturing is based on the final demand of automobile
manufacturing in 2007, setting all other final demand entries to zero 58. Of the 393 sectors in the 2007 US
economy, a total of 85 sectors (22%) are involved in the aluminum supply chain of automobile
manufacturing (Supporting Information: Figure S5 and Tables S4 and S5). The supply chain length can be
quantified via closeness centrality as an indication of the average number of physical transformation steps
involved. With a directed closeness centrality of 1.41, the automobile manufacturing sector is found to be
in a central position not far from any of the other sectors in the US economy (Supporting Information:
Table S4). The maximum number of steps to reach the farthest other supply chain actor (i.e., maximum
tier) in the supply chain is 3 (eccentricity) (Supporting Information: Tables S4 and S5). This is due to the
high interconnectedness of exchanges in an EIO-derived network. The product complexity (in-degree)
equals 51, meaning that the automobile manufacturing sector sources aluminum from a relatively large
number of upstream sectors. The network does not provide information on the importance of each input to
overall functioning, nor their potential substitutability. Such information can be derived from detailed
criticality analysis 7 (see Discussion section). The specific position of the automobile manufacturing node
in the overall supply chain network is further illustrated in Figure 4.

17

Figure 4. Radial axis layout of aluminum flows in the automobile supply chain taken from our companion
paper 58. Industry clusters involved in the automobile supply chain are derived using a clustering analysis
105

and shown as separate radial axes and by different colors. Nodes are ordered by decreasing closeness

centrality (non-directed and non-weighted) on each axis, so that nodes closer to any other node in the
network are shown on top and those farther away are shown on the bottom of each radial axis. Node size
refers to increasing relative importance as determined by weighted and directed page rank. The final
sector (automobile manufacturing) is shown in grey and represents the largest node (the seminal
Automobile Manufacturing sector has highest page rank because all metal flow eventually reaches this
sector and because it is connected to a number of nodes with high page rank upstream). Edges are colored
by source node.

Of the 13 industry clusters derived previously (Figure 3), the automobile supply chain overlaps with 9
clusters to varying degrees (Figure 4), but does not touch sectors belonging to the industry clusters called
18

Office Machinery and Services, Medical, Food and Agriculture, and Dental (Supporting Information
Table S6). The percentage overlap quantifies the involvement of each industry sector in facilitating
aluminum trade for automobile manufacturing. The largest overlap is found for the Automobile cluster
(82%) and the lowest for Aerospace & Defense (15%, consisting of only one node). Sectors on each of the
radial axis (industry cluster) are ordered by decreasing supply chain length (undirected closeness
centrality), which ranges from 1.17 for Alumina refining (top purple node within the “Al Metal
Production” cluster) and 2.75 for Heating Equipment (bottom green node within the “Other” industry
cluster) (Figure 4). The Automobile sector (grey node) is centrally located within the automobile cluster
and only MV Parts Manufacturing has a lower closeness centrality score (i.e., is located closer to all other
nodes in the network) (Figure 4). Nodes with low closeness centrality (shorter geodesic distance) are those
located closer to the center of the graph; they display several incoming and outgoing interlinks with nodes
from varying industry clusters, e.g., sectors producing intermediate vehicle parts and products.
Node size is shown proportional to page rank and indicates the probability of an aluminum atom to
be found at any of the sectors of the US economy at a random moment in time (Figure 4). Because
automobile manufacturing represents the ultimate “sink” for aluminum flowing through the network, its
page rank is 29% (29% of aluminum is found at this sector after multiple iterations of page rank). Other
sectors with high page rank include several automobile-related sectors. The page rank algorithm also helps
to identify sectors that would not be obvious from a simple count of (weighted) in- or out-degrees or by
looking at closeness centrality, namely the importance of a number of “Other” sectors (Machine shops;
Iron & steel mills; Turned product and screw, nut, and bolt manufacturing; Motor vehicle seating and
interior trim manufacturing; Audio and video equipment manufacturing; and Totalizing Fluid Meter and
Counting Device Manufacturing). Aluminum is incorporated to a notable degree into products belonging
to these sectors, and many of these products subsequently reach the automobile manufacturing sector.
Sectors highlighted by page rank are either directly involved in the transformation of aluminumcontaining intermediate products or those that are located next to important sectors (with high page rank).
19

The latter is true for “Air Conditioning, Refrigeration, and Warm Air Heating Equipment Manufacturing”
located in the direct vicinity of some of the “most important” automobile-related sectors of the supply
chain.
A number of sectors are frequently located between other sectors and act as potential bottlenecks of
the supply chain (Supporting Information: Figure S6) (Figure S6 differs from Figure 4 in that it plots
betweenness centrality instead of page rank). These include machine shops used in intermediate and final
products manufacturing, motor vehicle parts required in the majority of automobile sectors, aluminum
product manufacturing which sources primary aluminum from smelting and refining before distributing it
into the metal network, and a number of other sectors (e.g., nonferrous metal foundries, iron & steel mills,
and motor & generator manufacturing). Because of their gatekeeper position, removing any of those
sectors has the potential to significantly disrupt aluminum flow in the US economy.

5. DISCUSSION
In this study, we examined the use of network indicators to highlight structural aspects of the aluminum
supply chain in the US economy. The use of MIOTs allows the creation of material flow networks (IOMFNs). Because data on real supply chains are not easily available, only a few case studies have been
published to date in which network analysis is applied to physical and contractual (accounting for legal
agreements between firms) supply chains 113–115. Our study adds to this body of literature, but focuses
specifically on the flow of metals (i.e., aluminum) though the economy. By doing so, our study helps to
better understand and visualize the physical metabolism of economies, and can provide insights on the
position of each sector within the metals supply chain – information relevant to metal producers,
manufacturers, final consumers, and decision makers. Furthermore, network measures are extremely
powerful in identifying ‘important’ supply chain actors (e.g., via degree centrality and page rank), the
overall network topology (e.g., by looking at system-wide measures such as clustering and density) and
the robustness of the network to random and targeted attacks (see discussion on scale-free networks). By
20

doing so, network-based metrics can complement the existing literature on resource criticality 4,6,7, which
does not yet look at metals criticality from the perspective of supply chain structure, but focuses instead
on the geopolitical and social & regulatory framework in the sourcing countries, and additional aspects,
including amongst others: companionality 116, environmental implications 117, substitutability 118, and
resource depletion 7. While some of the network metrics discussed have been applied to MIOTs
(Supporting Information: Table S1), these metrics have not traditionally been applied to PIOTs (in fact,
we only found a single study that mentions the importance of analyzing the structure of economies from
PIOTs 119, but that work does not use network metrics in its analysis). It is interesting to note that a recent
study applying network analysis to a life cycle inventory (LCI) network found a scale-free structure 120,
while for the IO-MFN investigated in this study we do not observe scale-free properties. This is likely due
to the high connectivity in economic IO networks when compared to LCI networks. It should be noted that
the structure of the network analyzed depends on several assumptions made during construction (e.g.,
determining which flows are physical or monetary (binary matrix), assumed loss and scrap rates, and price
homogeneity) which are discussed in further detail in our two companion papers 58,59. For example, price
homogeneity assumes unique sectoral prices, i.e., for a given product, the same price applies to all its
users 110,121. However, with price heterogeneity (which better reflects reality) this assumption does no
longer hold and calculated metals turnover per sector (weighted in- and out-degree centrality) does not
exactly equal metric tons (this is why we refer to TMUs expressed in units of hektes in Figure 2).
Furthermore, we note that the MIOT for 2007 was used, because it is the latest version available at 393
sector resolution. As a result, some of the results may not reflect recent trends in the aluminum household
in the United States. Therefore, results shown in this paper should be seen as providing first insights into
the aluminum supply chain in the US economy. However, the ideas presented on network metrics and
their interpretation in the context of risk analysis, however, hold also for further refined PIOTs and other
physical supply chains. We also note that there seems potential for further combining the network metrics
of metal PIOTs with environmental extensions from economic input-output life cycle assessment (EIO21

LCA) 122 to consider aspects related to environmental implications (the same could be done using the
framework of social LCA 123 and, for example, indicators developed by the Social Hotspot Database
124

).The accounting of environmental issues and analysis of the structure ofn life cycle/EIO-based

networks is gaining increasing interest among the scientific community 56,120,125–127. Further extensions of
this work will focus on the comparison of different metal PIOTs using network metrics and the impact of
targeted and random node removal on the overall metal networks.

6. SUPPORTING INFORMATION
Details of the literature review, additional network visualizations, and network analysis results, can be
found in the Supporting Information. This material is available free of charge via the internet at
http://pubs.acs.org.

7. NOTES
The authors declare no competing financial interests. Philip Nuss is now working with the European
Commission Joint Research Centre in Ispra, Italy.

8. ACKNOWLEDGEMENTS
We would like to thank Shigemi Kagawa from Kyushu University for providing us with the MatLab code
for carrying out the clustering analysis. Details of the algorithm can be found in (Kagawa et al 2013) 105.
We would like to acknowledge the Yale Criticality Project for funding this research.

9. REFERENCES
(1)
(2)
(3)

Greenfield, A.; Graedel, T. E. The omnivorous diet of modern technology. Resour. Conserv.
Recycl. 2013, 74, 1–7.
Harland, C.; Brenchley, R.; Walker, H. Risk in supply networks. J. Purch. Supply Manag. 2003, 9
(2), 51–62.
Helbing, D. Globally networked risks and how to respond. Nature 2013, 497 (7447), 51–59.
22

(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)
(14)
(15)
(16)
(17)
(18)
(19)
(20)
(21)
(22)
(23)
(24)
(25)
(26)

NRC. Minerals, Critical Minerals, and the U.S. Economy; Committee on Critical Mineral Impacts
of the U.S. Economy, Committee on Earth Resources, National Research Council; The National
Academies Press: Washington, D.C., 2008.
EC. Critical raw materials for the EU; Report of the Ad-hoc Working Group on defining critical
raw materials; European Commission (EC): Brussels, Belgium, 2010.
EC. Report on Critical Raw Materials for the EU; Report of the Ad-hoc Working Group on defining
critical raw materials; European Commission (EC): Brussels, Belgium, 2014.
Graedel, T. E.; Harper, E. M.; Nassar, N. T.; Nuss, P.; Reck, B. K. Criticality of metals and
metalloids. Proc. Natl. Acad. Sci. 2015, 112 (14), 4257–4262.
Leontief, W. Environmental Repercussions and the Economic Structure: An Input-Output
Approach. Rev. Econ. Stat. 1970, 52 (3), 262–271.
Miller, R. E.; Blair, P. D. Input-Output Analysis: Foundations and Extensions; Cambridge University
Press, 2009.
Hoekstra, R. Physical Input–Output Tables: Developments and Future; Sydney, Australia, 2010.
Bailey, R.; Allen, J. K.; Bras, B. Applying Ecological Input-Output Flow Analysis to Material Flows
in Industrial Systems: Part I: Tracing Flows. J. Ind. Ecol. 2004, 8 (1-2), 45–68.
Nakamura, S.; Kondo, Y.; Matsubae, K.; Nakajima, K.; Nagasaka, T. UPIOM: A New Tool of MFA
and Its Application to the Flow of Iron and Steel Associated with Car Production. Environ. Sci.
Technol. 2010, 45 (3), 1114–1120.
Suh, S. Tracking metal flow network using hybrid Ghoshian framework; Alexandria, USA, 13-17
June 2011, 2011.
Beylot, A.; Villeneuve, J. Assessing the national economic importance of metals: An Input–
Output approach to the case of copper in France. Resour. Policy 2015, 44, 161–165.
Moran, D.; McBain, D.; Kanemoto, K.; Lenzen, M.; Geschke, A. Global Supply Chains of Coltan. J.
Ind. Ecol. 2015, 19 (3), 357–365.
Nansai, K.; Nakajima, K.; Kagawa, S.; Kondo, Y.; Shigetomi, Y.; Suh, S. Global Mining Risk
Footprint of Critical Metals Necessary for Low-Carbon Technologies: The Case of Neodymium,
Cobalt, and Platinum in Japan. Environ. Sci. Technol. 2015, 49 (4), 2022–2031.
McMahon, F.; Cervantes, M. Fraser Institute Annual Survey of Mining Companies 2010/2011;
Fraser Institute: Vancouver B.C., 2011.
Blöchl, F.; Theis, F.; Vega-Redondo, F.; Fisher, E. O. Vertex centralities in input-output networks
reveal the structure of modern economies. Phys. Rev. E 2011, 83 (4), 046127.
Czayka, L. Qualitative Input-Output-Analyse; Hain, 1972; Vol. 42.
Schnabl, H.; Holub, H. W. Qualitative und quantitative Aspekte der Input-Output-Analyse:
Ansatzpunkte zu einer Neuorientierung der Konjunkturpolitik. Z. Für Gesamte Staatswiss. J.
Institutional Theor. Econ. 1979, 135 (4), 657–678.
Holub, H.-W.; Schnabl, H.; Tappeiner, G. Qualitative Input-Output Analysis with Variable Filter. Z.
Für Gesamte Staatswiss. J. Institutional Theor. Econ. 1985, 141 (2), 282–300.
Harary, F.; Norman, R. Z.; Cartwright, D. Structural models. 1965.
Leoncini, R.; Montresor, S. Network Analysis of Eight Technological Systems. Int. Rev. Appl. Econ.
2000, 14 (2), 213–234.
Newman, M.; Barabási, A.-L.; Watts, D. J. The Structure and Dynamics of Networks:, 1st edition.;
Princeton University Press: Princeton, 2006.
Newman, M. Networks: An Introduction, 1st edition.; Oxford University Press: Oxford ; New
York, 2010.
Boccaletti, S.; Latora, V.; Moreno, Y.; Chavez, M.; Hwang, D.-U. Complex networks: Structure and
dynamics. Phys. Rep. 2006, 424 (4–5), 175–308.
23

(27)
(28)
(29)
(30)
(31)
(32)
(33)
(34)
(35)
(36)
(37)
(38)
(39)
(40)
(41)
(42)
(43)
(44)
(45)
(46)
(47)
(48)

Cohen, R.; Havlin, S. Complex Networks: Structure, Robustness and Function; Cambridge
University Press: New York, 2010.
Albert, R.; Jeong, H.; Barabási, A.-L. Error and attack tolerance of complex networks. Nature
2000, 406 (6794), 378–382.
Barabási, A.-L.; Albert, R. Emergence of Scaling in Random Networks. Science 1999, 286 (5439),
509–512.
Faloutsos, M.; Faloutsos, P.; Faloutsos, C. On Power-law Relationships of the Internet Topology.
In Proceedings of the Conference on Applications, Technologies, Architectures, and Protocols for
Computer Communication; SIGCOMM ’99; ACM: New York, NY, USA, 1999; pp 251–262.
Camacho, J.; Guimerà, R.; Nunes Amaral, L. A. Robust Patterns in Food Web Structure. Phys. Rev.
Lett. 2002, 88 (22), 228102.
Jeong, H.; Tombor, B.; Albert, R.; Oltvai, Z. N.; Barabási, A.-L. The large-scale organization of
metabolic networks. Nature 2000, 407 (6804), 651–654.
Pastor-Satorras, R.; Vespignani, A. Epidemic Spreading in Scale-Free Networks. Phys. Rev. Lett.
2001, 86 (14), 3200–3203.
Ebel, H.; Mielsch, L.-I.; Bornholdt, S. Scale-free topology of e-mail networks. Phys. Rev. E 2002,
66 (3).
Bonanno, G.; Caldarelli, G.; Lillo, F.; Micciché, S.; Vandewalle, N.; Mantegna, R. N. Networks of
equities in financial markets. Eur. Phys. J. B - Condens. Matter Complex Syst. 2004, 38 (2), 363–
371.
De Benedictis, L.; Tajoli, L. The World Trade Network. World Econ. 2011, 34 (8), 1417–1454.
Fagiolo, G.; Reyes, J.; Schiavo, S. On the topological properties of the world trade web: A
weighted network analysis. Phys. Stat. Mech. Its Appl. 2008, 387 (15), 3868–3873.
Fagiolo, G.; Reyes, J.; Schiavo, S. World-trade web: Topological properties, dynamics, and
evolution. Phys. Rev. E 2009, 79 (3), 036115.
Fagiolo, G.; Reyes, J.; Schiavo, S. The evolution of the world trade web: a weighted-network
analysis. J. Evol. Econ. 2009, 20 (4), 479–514.
Barigozzi, M.; Fagiolo, G.; Garlaschelli, D. Multinetwork of international trade: A commodityspecific analysis. Phys. Rev. E 2010, 81 (4), 046104.
Garlaschelli, D.; Loffredo, M. I. Structure and evolution of the world trade network. Phys. Stat.
Mech. Its Appl. 2005, 355 (1), 138–144.
Kali, R.; Reyes, J. The architecture of globalization: a network approach to international
economic integration. J. Int. Bus. Stud. 2007, 38 (4), 595–620.
Serrano, M. Á.; Boguñá, M. Topology of the world trade web. Phys. Rev. E 2003, 68 (1), 015101.
Smith, D. A.; White, D. R. Structure and Dynamics of the Global Economy: Network Analysis of
International Trade 1965–1980. Soc. Forces 1992, 70 (4), 857–893.
Squartini, T.; Garlaschelli, D. Triadic Motifs and Dyadic Self-Organization in the World Trade
Network. In Self-Organizing Systems; Kuipers, F. A., Heegaard, P. E., Eds.; Lecture Notes in
Computer Science; Springer Berlin Heidelberg, 2012; pp 24–35.
Squartini, T.; Fagiolo, G.; Garlaschelli, D. Randomizing world trade. II. A weighted network
analysis. Phys. Rev. E 2011, 84 (4), 046118.
Bhattacharya, K.; Mukherjee, G.; Saramäki, J.; Kaski, K.; Manna, S. S. The International Trade
Network: weighted network analysis and modelling. J. Stat. Mech. Theory Exp. 2008, 2008 (02),
P02002.
Mahutga, M. C. The Persistence of Structural Inequality? A Network Analysis of International
Trade, 1965–2000. Soc. Forces 2006, 84 (4), 1863–1889.
24

(49)
(50)
(51)
(52)
(53)
(54)
(55)
(56)
(57)

(58)
(59)
(60)
(61)
(62)
(63)
(64)
(65)
(66)
(67)
(68)

Nemeth, R. J.; Smith, D. A. International Trade and World-System Structure: A Multiple Network
Analysis. Rev. Fernand Braudel Cent. 1985, 8 (4), 517–560.
Snyder, D.; Kick, E. L. Structural Position in the World System and Economic Growth, 1955-1970:
A Multiple-Network Analysis of Transnational Interactions. Am. J. Sociol. 1979, 84 (5), 1096–
1126.
Hidalgo, C. A.; Klinger, B.; Barabási, A.-L.; Hausmann, R. The Product Space Conditions the
Development of Nations. Science 2007, 317 (5837), 482–487.
Ercsey-Ravasz, M.; Toroczkai, Z.; Lakner, Z.; Baranyi, J. Complexity of the International Agro-Food
Trade Network and Its Impact on Food Safety. PLoS ONE 2012, 7 (5), e37810.
Suh, S. Materials and energy flows in industry and ecosystem netwoks : life cycle assessment,
input-output analysis, material flow analysis, ecological network flow analysis, and their
combinations for industrial ecology. PhD Thesis, Leiden University: Netherlands, 2004.
Pizzol, M.; Scotti, M.; Thomsen, M. Network Analysis as a tool for assessing environmental
sustainability: Applying the ecosystem perspective to a Danish Water Management System. J.
Environ. Manage. 2013, 118, 21–31.
Schaubroeck, T.; Staelens, J.; Verheyen, K.; Muys, B.; Dewulf, J. Improved ecological network
analysis for environmental sustainability assessment; a case study on a forest ecosystem. Ecol.
Model. 2012, 247, 144–156.
Singh, S. Incorporating Biogeochemical Cycles and Utilizing Complexity Theory for Sustainability
Analysis. PhD Thesis, The Ohio State University: USA, 2012.
Havlin, S.; Kenett, D. Y.; Ben-Jacob, E.; Bunde, A.; Cohen, R.; Hermann, H.; Kantelhardt, J. W.;
Kertész, J.; Kirkpatrick, S.; Kurths, J.; et al. Challenges in network science: Applications to
infrastructures, climate, social systems and economics. Eur. Phys. J. Spec. Top. 2012, 214 (1),
273–293.
Chen, W.-Q.; Graedel, T.; Nuss, P.; Ohno, H. Building the Material Flow Networks of Aluminum in
the 2007 U.S. Economy. Submitt. Environ. Sci. Technol. Rev. 2015.
Ohno, H.; Nuss, P.; Chen, W.-Q.; Graedel, T. E. Deriving the Metal and Alloy Networks of Modern
Technology. Submitt. Environ. Sci. Technol. Rev. 2015.
Nooy, W. de; Mrvar, A.; Batagelj, V. Exploratory social network analysis with Pajek; Cambridge
University Press: England; New York, 2011.
Scott, J. Social Network Analysis: A Handbook; SAGE, 2000.
Wasserman, S. Social Network Analysis: Methods and Applications; Cambridge University Press,
1994.
Fisher, E. O.; Poly, C.; Obispo, S. L.; Vega-redondo, F. The linchpins of a modern economy;
Chicago, IL, 2006.
USBEA. Benchmark Input-Output Account of the U.S. Economy, 2007; US Department of
Commerce, Bureau of Economic Analysis: Washington D.C., 2014.
Lenzen, M.; Kanemoto, K.; Moran, D.; Geschke, A. Mapping the Structure of the World Economy.
Environ. Sci. Technol. 2012, 46 (15), 8374–8381.
Lenzen, M.; Moran, D.; Kanemoto, K.; Geschke, A. Building Eora: A Global Multi-Region Input–
Output Database at High Country and Sector Resolution. Econ. Syst. Res. 2013, 25 (1), 20–49.
Tukker, A.; de Koning, A.; Wood, R.; Hawkins, T.; Lutter, S.; Acosta, J.; Rueda Cantuche, J. M.;
Bouwmeester, M.; Oosterhaven, J.; Drosdowski, T.; et al. Exiopol – Development and Illustrative
Analyses of a Detailed Global MR EE SUT/IO. Econ. Syst. Res. 2013, 25 (1), 50–70.
Andrew, R. M.; Peters, G. P. A Multi-Region Input–Output Table Based on the Global Trade
Analysis Project Database (gtap-Mrio). Econ. Syst. Res. 2013, 25 (1), 99–121.
25

(69)
(70)
(71)
(72)
(73)
(74)
(75)
(76)
(77)
(78)
(79)
(80)
(81)
(82)
(83)
(84)
(85)
(86)
(87)
(88)
(89)

Leoncini, R.; Maggioni, M. A.; Montresor, S. Intersectoral innovation flows and national
technological systems: network analysis for comparing Italy and Germany. Res. Policy 1996, 25
(3), 415–430.
Campbell, J. Selected Aspects of the Interindustry Structure of the State of Washington, 1967.
Econ. Geogr. 1974, 50 (1), 35–46.
Campbell, J. Application of graph theoretic analysis to interindustry relationships: The example
of Washington state. Reg. Sci. Urban Econ. 1975, 5 (1), 91–106.
Slater, P. B. The determination of groups of functionally integrated industries in the United
States using a 1967 interindustry flow table. Empir. Econ. 1977, 2 (1), 1–9.
Slater, D. P. The network structure of the United States input-output table. Empir. Econ. 1978, 3
(1), 49–70.
Leoncini, R.; Montresor, S. The automobile technological systems: An empirical analysis of four
European countries. Res. Policy 2001, 30 (8), 1321–1340.
Chang, P.-L.; Shih, H.-Y. Comparing patterns of intersectoral innovation diffusion in Taiwan and
China: A network analysis. Technovation 2005, 25 (2), 155–169.
Leoncini, R.; Montresor, S. Accounting for core and extra-core relationships in technological
systems: a methodological proposal. Res. Policy 2005, 34 (1), 83–100.
Carvalho, V. M. Aggregate fluctuations and the network structure of intersectoral trade. Ph.D.,
The University of Chicago: United States -- Illinois, 2008.
García Muñiz, A. S.; Raya, A. M.; Carvajal, C. R. Spanish and European innovation diffusion: a
structural hole approach in the input–output field. Ann. Reg. Sci. 2008, 44 (1), 147–165.
García Muñiz, A. S.; Raya, A. M.; Carvajal, C. R. Key Sectors: A New Proposal from Network
Theory. Reg. Stud. 2008, 42 (7), 1013–1030.
Guan, J.; Chen, Z. The technological system of Chinese manufacturing industry: A sectorial
approach. China Econ. Rev. 2009, 20 (4), 767–776.
Montresor, S.; Marzetti, G. V. Innovation Clusters in Technological Systems: A Network Analysis
of 15 OECD Countries for the Mid‐1990s. Ind. Innov. 2008, 15 (3), 321–346.
Montresor, S.; Marzetti, G. V. Applying Social Network Analysis to Input-Output Based
Innovation Matrices: An Illustrative Application to Six OECD Technological Systems for the
Middle 1990s. Econ. Syst. Res. 2009, 21 (2), 129–149.
Chu, B.; Zhang, H.; Jin, F. Identification and comparison of aircraft industry clusters in China and
United States. Chin. Geogr. Sci. 2010, 20 (5), 471–480.
Shih, S.; Chang, P.-L. The Application of Network Analysis To Exploring Intersectoral Innovation
Flows: The Unit Value Approach. Int. J. Bus. Inf. 2010, 5 (2), 91–110.
Noguera-Méndez, P.; Semitiel-García, M. The Embeddedness of the Agro-Food System in the
Spanish Interindustrial Structure. Int. Reg. Sci. Rev. 2011, 34 (1), 34–74.
Soofi, A. S.; Ghazinoory, S. The network of the Iranian techno-economic system. Technol.
Forecast. Soc. Change 2011, 78 (4), 591–609.
Xu, M.; Allenby, B. R.; Crittenden, J. C. Interconnectedness and resilience of the U.S. economy.
Adv. Complex Syst. 2011, 14 (05), 649–672.
García Muñiz, A. S.; Ramos Carvajal, C. Linkages, contagion and resilience: an input-output scope
from the demand and supply side http://mpra.ub.uni-muenchen.de/59369/ (accessed Jul 10,
2015).
Semitiel-García, M.; Noguera-Méndez, P. The structure of inter-industry systems and the
diffusion of innovations: The case of Spain. Technol. Forecast. Soc. Change 2012, 79 (8), 1548–
1567.
26

(90)
(91)
(92)
(93)
(94)
(95)
(96)
(97)
(98)
(99)
(100)
(101)
(102)
(103)
(104)
(105)
(106)
(107)
(108)
(109)
(110)
(111)
(112)
(113)
(114)
(115)

Wu, X.; Jiang, Y. Sectoral role change in transition China: a network analysis from 1990 to 2005.
Appl. Econ. 2012, 44 (21), 2699–2715.
McNerney, J.; Fath, B. D.; Silverberg, G. Network structure of inter-industry flows. Phys. Stat.
Mech. Its Appl. 2013, 392 (24), 6427–6441.
García Muñiz, A. S. Modelling Linkages Versus Leakages Networks: The Case Of Spain. Reg. Sect.
Econ. Stud. 2013, 13 (1), 43–54.
García Muñiz, A. S. Input–output research in structural equivalence: Extracting paths and
similarities. Econ. Model. 2013, 31, 796–803.
García-Muñiz, A. S.; Vicente, M. R. ICT technologies in Europe: A study of technological diffusion
and economic growth under network theory. Telecommun. Policy 2014, 38 (4), 360–370.
Levermann, A. Climate economics: Make supply chains climate-smart. Nature 2014, 506 (7486),
27–29.
Ponsard, C. Un modèle topologique d’équilibre économique interrégional; Dunod, 1969.
Lantner, R. Theorie de la dominance economique; Dunod, 1974.
Rossier, E. Economie structurale; Economica, 1980.
Bastian, M.; Heymann, S.; Jacomy, M. Gephi: an open source software for exploring and
manipulating networks. Int. AAAI Conf. Weblogs Soc. Media 2009.
Hagberg, A.; Schult, D.; Swart, P. Exploring Network Structure, Dynamics, and Function using
NetworkX; Varoquaux, G., Millman, J., Eds.; Pasadena, CA USA, 2008; pp 11–15.
MathWorks. MATLAB Release 2012b; The MathWorks, Inc.: Natick, Massachusetts, United
States, 2012.
Brandes, U.; Erlebach, T. Network Analysis: Methodological Foundations; Springer Science &
Business Media, 2005.
Jackson, M. O. Social and Economic Networks; Princeton University Press, 2010.
Brin, S.; Page, L. The anatomy of a large-scale hypertextual Web search engine. Comput. Netw.
ISDN Syst. 1998, 30 (1–7), 107–117.
Kagawa, S.; Okamoto, S.; Suh, S.; Kondo, Y.; Nansai, K. Finding environmentally important
industry clusters: Multiway cut approach using nonnegative matrix factorization. Soc. Netw.
2013, 35 (3), 423–438.
Brandes, U. A faster algorithm for betweenness centrality. J. Math. Sociol. 2001, 25 (2), 163–177.
Freeman, L. C. Centrality in social networks conceptual clarification. Soc. Netw. 1978, 1 (3), 215–
239.
Barabási, A.-L. Scale-Free Networks: A Decade and Beyond. Science 2009, 325 (5939), 412–413.
Barabási, A.-L.; Bonabeau, E. Scale Free Networks. Sci. Am. 2003, No. 288, 50–59.
Weisz, H.; Duchin, F. Physical and monetary input–output analysis: What makes the difference?
Ecol. Econ. 2006, 57 (3), 534–541.
Pászthory, E. Investigations of the early electrum coins of the Alyattes type. Metall. Numis. 1980,
1, 151–156.
Hearnshaw, E. J. S.; Wilson, M. M. J. A complex network approach to supply chain network
theory. Int. J. Oper. Prod. Manag. 2013, 33 (4), 442–469.
Kito, T.; Brintrup, A.; New, S.; Reed-Tsochas, F. The Structure of the Toyota Supply Network: An
Empirical Analysis; SSRN Scholarly Paper ID 2412512; Social Science Research Network:
Rochester, NY, 2014.
Kim, Y.; Choi, T. Y.; Yan, T.; Dooley, K. Structural investigation of supply networks: A social
network analysis approach. J. Oper. Manag. 2011, 29 (3), 194–211.
Choi, T. Y.; Hong, Y. Unveiling the structure of supply networks: case studies in Honda, Acura,
and DaimlerChrysler. J. Oper. Manag. 2002, 20 (5), 469–493.
27

(116)
(117)
(118)
(119)
(120)
(121)
(122)
(123)
(124)
(125)
(126)
(127)

Nassar, N. T.; Graedel, T. E.; Harper, E. M. By-product metals are technologically essential but
have problematic supply. Sci. Adv. 2015, 1 (3), e1400180.
Nuss, P.; Eckelman, M. J. Life Cycle Assessment of Metals: A Scientific Synthesis. PLoS ONE 2014,
9 (7), e101298.
Graedel, T. E.; Harper, E. M.; Nassar, N. T.; Reck, B. K. On the materials basis of modern society.
Proc. Natl. Acad. Sci. 2015, 112 (14), 6295–6300.
Altimiras-Martin, A. Analysing the Structure of the Economy Using Physical Input–Output Tables.
Econ. Syst. Res. 2014, 26 (4), 463–485.
Navarrete-Gutiérrez, T.; Rugani, B.; Pigné, Y.; Marvuglia, A.; Benetto, E. On the Complexity of Life
Cycle Inventory Networks: Role of Life Cycle Processes with Network Analysis. J. Ind. Ecol. 2015,
n/a – n/a.
Nakamura, S.; Kondo, Y. Input-Output Analysis of Waste Management. J. Ind. Ecol. 2002, 6 (1),
39–63.
Hendrickson, C. T.; Lave, L. B.; Matthews, H. S. Environmental life cycle assessment of goods and
services: an input-output approach; Resources for the Future, 2006.
UNEP. Guidelines for social life cycle assessment of products; 2009.
Benoit-Norris, C.; Cavan, D. A.; Norris, G. Identifying Social Impacts in Product Supply
Chains:Overview and Application of the Social Hotspot Database. Sustainability 2012, 4 (9),
1946–1965.
Heijungs, R. Topological Network Theory and Its Application to LCA and IOA and Related
Industrial Ecology Tools: Principles and Promise. J. Environ. Account. Manag. 2015, 3 (2), 151–
167.
Singh, S.; Bakshi, B. R. Insights into sustainability from complexity analysis of life cycle networks:
A case study on gasoline and bio-fuel networks. In 2011 IEEE International Symposium on
Sustainable Systems and Technology (ISSST); 2011; pp 1–6.
Kuczenski, B. Partial ordering of life cycle inventory databases. Int. J. Life Cycle Assess. 2015, 20
(12), 1673–1683.

28

