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Abstract: An international push to decarbonize economies has initiated a major transition in the
global energy system and has begun to disrupt the intricate network of energy trade. As trade pat-
terns begin to reconfigure, it is important that policy makers understand how vulnerabilities of the
existing network may present obstacles to a smooth energy transition. We analyze the topology of
the global energy trade network in aggregate, for various energy commodities, and for individual
countries. Using the network science technique of triad analysis, which examines the prevalence of
3-node subnetworks in a target network, we calculate triad significance profiles for each network.
We then analyze whether various triads are under- or over-represented in our networks and find
that triads associated with stability appear more frequently than expected, whereas triads associated
with conflict appear less frequently than expected. We further find that the global energy trade
network is quite robust against disruptions, maintaining its topological characteristics even after
random removal of 80% of the network’s nodes. However, when analyzing individual countries,
we find that some exhibit a high prevalence of unstable triads or a low prevalence of stabilizing
triads, suggesting that vulnerabilities in global energy trade are more pronounced in some countries
than others.

Keywords: energy transition; global trade; networks; energy trade; energy security

1. Introduction

The world stands on the cusp of a major transformation of the global supply system
for energy. For at least 20 years, governments and other concerned stakeholder groups
have been advocating for a transition to decarbonized economies by shifting from fossil
fuels to alternative renewable energy sources [1]. Several countries have begun this tran-
sition by, for instance, phasing out coal mining and nuclear energy production [2]. These
first steps of a global energy transition will likely disrupt the existing energy trade regime
that has fueled the global economy for the last several decades [3]. Growth in solar and
wind energy alone is expected to significantly disrupt the global energy system in the next
five years [4]. Some energy trade links will disappear, and new ones will form as the
global energy trade network reconfigures around new types and geographical sources of
energy [5]. For policy makers navigating this complex transition it is crucial to understand
vulnerabilities of the existing energy trade network so that risks to energy security can be
better managed during a transition [6].
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1.1. Network Analysis and Global Trade

Globalization has dramatically increased the interconnectedness of world economies
via trade. In 2019, aggregate trade in energy commodities totaled over USD 1.39 trillion
globally —up from USD 280 billion just 20 years earlier [7]. This has coincided with sub-
stantial increases in both the number of countries engaged in trade and the number of
bilateral trade relationships [8]. In response, a rich body of literature has emerged regard-
ing the nature of these complex product flow networks, in aggregate [8-12], for specific
industry sectors such as manufacturing [13], and for individual commodity types such as
agricultural goods [14-16], rare earth metals [17], and energy [18]. Others have con-
structed networks, not of physical products, but of the resources embedded in goods, such
as virtual water [19-21] and emergy [22,23], which is the embodied energy required to
produce particular goods or services [24].

Whereas many of these studies focus on characterizing the topology of trade net-
works, others analyze how network topology relates to phenomena such as economic de-
velopment [14,25,26] or security [27-29]. Here, we contribute to the literature by charac-
terizing the topology of the global energy trade network, contrasting it with other known
network topologies, and analyzing how certain aspects of that topology are thought to
affect system robustness and vulnerability. Although previous studies have examined
both aggregate energy trade [23,30] and trade networks of individual commodities, such
as crude oil [31-33] and coal [34,35], we apply a topological technique to the study of en-
ergy trade networks that, to our knowledge, has not been previously used —triad analysis.

1.2. Triad Analysis

Past studies of trade networks have typically focused on global topological proper-
ties of networks, such as density, degree distribution, assortativeness and dissortative-
ness, and clustering. Although these techniques are useful for analyzing the global struc-
ture of networks, they tell us little about local structures within networks [36]. Here, we
use a technique known as triad analysis to examine the local topology of trade networks
instead. A triad is a subset of three nodes within a network. In directed networks, such as
those structuring trade, there exist 13 possible triads (Figure 1). We disregard three other
configurations having isolated nodes.

AAAAANNAAAAAAA

Figure 1. The 13 possible connected triads in a directed network. We disregard three other triads
which have isolated (unlinked) nodes. For each triad type, we tabulate the number of times the triad
appears in an empirical network and compare that to an expected value to generate a triad signifi-
cance profile, or TSP.

Decomposing networks into a frequency of observed triads, known as a triad census,
has been used to study human social networks for many years [37,38]. This allows one to
characterize a network by comparing the relative frequency of individual triads within
and between networks [39]. More recently, this technique has been enhanced by using
computational methods to determine the triad frequency distribution that one would ob-
tain in randomly rewired networks with the same degree sequence and the same number
of mutual edges [36]. Comparing a triad’s empirical frequency with that obtained in such
shuffled networks enables researchers to identify triads that appear significantly more
often than expected (motifs) or less often than expected (anti-motifs).

Comparing the actual appearance of all 13 triads in a network with their expected
distributions results in a topological characterization of a network known as a triad sig-
nificance profile, or TSP [40]. Previous studies have used TSPs to examine and compare
networks of biological gene transcription [40], neuron connectivity [40], human social
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networks [40], ant colony communication [41], agricultural product trade [14], global
cargo shipping [42], and even word adjacency in languages [40]. This diversity of past
examples illustrates one advantage of the TSP method —it allows researchers to compare
topological characteristics of networks with a broad range of sizes and densities, and net-
works governing systems from vastly different disciplinary domains.

Here, we use this method to construct TSPs of energy trade networks to (a) charac-
terize their structures, (b) compare those structures to previously published TSPs, and (c)
examine local-scale topological properties of energy trade that have implications for net-
work vulnerability and security. We further apply this technique to individual energy
commodities including oil, coal, and natural gas in both liquid and gaseous form. For con-
text, the top 2019 importers and exporters of each of these commodities, by total dollar
value, are presented in Table 1.

Table 1. Top 2019 importers and exporters by energy commodity in billions of US dollars.

Commodity Top Exporters $ Top Importers $
Coal Australia 43 Japan 21
Indonesia 20 India 21
Russia 18 China 19
Oil Saudi Arabia 162 China 225
Russia 124 USA 128
Iraq 81 India 96
Gaseous Norway 20 Italy 14
Natural Gas Russia 18 China 13
Turkmenistan 9 Germany 9
Liquid Qatar 38 Japan 40
Natural Gas Australia 36 China 29
USA 10 South Korea 21

Note: based on data from [7].

2. Data and Methods
2.1. Trade Data

We construct energy trade networks using the United Nations Comtrade database.
Comtrade data includes annual directional flows of bilateral trade between countries for
several goods and services for the period 1962—present [7]. Data is submitted to the
United Nations from individual countries and coded using the Harmonized System (HS),
with current data using the HS517 code schema. This system includes detailed commodity
types such as dairy spreads, shampoos, polyesters, shirts, iron, and clocks. Although
Comtrade data is available for 2020, we use 2019 data to avoid trade anomalies and dis-
tortions that may be due to the coronavirus pandemic.

Following [18], for all countries, we extract import and export data for energy com-
modities H5-2701 (Coal), HS-271111 (Petroleum gases and other gaseous hydrocarbons;
liquefied, natural gas), HS-271121 (Petroleum gases and other gaseous hydrocarbons; in
gaseous state, natural gas), and HS-2709 (Petroleum oils). We exclude records that have a
null trading partner or region, records that have an ambiguous trade partner such as
“World”, records with a negative trade value, and data on re-exports and re-imports.

In our networks, nodes represent individual countries, whereas edges represent the
presence and direction of energy commodity flows between two countries. Thus, if two
countries are engaged in mutual energy trade, their nodes will have a bi-directional edge.
In the aggregate energy network, such bi-directional edges could be due to the exchange
of different energy commodities. For example, if country A exports oil to country B, while
country B exports natural gas to country A, the aggregate energy trade network will have
a bi-directional edge between countries A and B. We also construct separate trade
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networks for each energy commodity, and in those cases, using our previous example, the
oil trade network would have only a directed edge from A to B, whereas the natural gas
network would have only a directed edge from B to A.

Finally, given that some commodities flow from exporter A to importer B, both coun-
tries report the value of this flow to the United Nations. However, the reported values are
often not exactly equal. In those cases, we average the quantities reported by both partners
to determine the value of trade from A to B. In cases where one country reports a value
and the partner country does not, we use the value submitted by the one reporting coun-

try.

2.2. Constructing a Triad Significance Profle (TSP)

To examine the topology of our trade networks we generate a triad significance pro-
file (TSP) for each network using the method of [40]. We first tabulate the frequency dis-
tribution of triads in an empirical network and then compare each triad’s frequency to the
mean and standard deviation of a computationally derived frequency distribution of ran-
domized networks. We next calculate a Z-score as

7. = Ni,empirical_mean(Ni,randomized) (1)
¢ std(Nirandomized) !

where Ni is triad i’s frequency in either the empirical or randomized network. Finally, to
allow for comparison across networks of different sizes and densities, we normalize Z-
scores for each triad i as:

Zi
A @)

The resulting vector of a network’s 13 normalized Z-scores is known as the network’s
triad significance profile or TSP.

We calculate TSPs for the aggregate energy trade network and for the trade networks
of each of the four energy commodities. In addition, we calculate a TSP for each country
(or equivalent political unit) used in the Comtrade data. We do this for country X by count-
ing only triads in the global network that include X in both the empirical network and the
randomized networks used to generate an expected distribution. This allows us to calcu-
late a country-specific Z-score for each triad and thus a country-specific TSP.

Our analysis was conducted using the NetworkX library (2.6.2) in Python for creation
and analysis of networks. To calculate network Z-scores and TSPs we used three software
platforms in parallel to verify results: mFinder [43], MATLAB, and R.

normalized Z; =

3. Results and Discussion
3.1. The Aggregate Energy Trade Network

We first present the distribution of country-level values of degree centrality, which
measures connectivity of a node to the rest of the world, finding it to be positively skewed
(Figure 2). The US exhibits the highest degree centrality of 0.865, meaning that it is con-
nected to 86.5% of all countries, whereas the mean degree centrality = 0.133. This indicates
that a few countries are highly connected to others via energy trade, whereas most coun-
tries have few connections. Mean out-degree and mean in-degree centrality, which meas-
ure the fraction of export links and import links, respectively, are also skewed, with the
US having the highest out-degree centrality at 0.575 and the Netherlands having the high-
est in-degree centrality at 0.377. Thus, the US exports to more countries than any other
and the Netherlands imports from more than any other.
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Figure 2. Degree distributions for the 2019 global trade network of aggregate energy. Distributions
are shown for (A) degree, (B) out-degree, (C) in-degree, and (D) closeness centrality. In all cases N
=208. Note that the network is highly skewed, meaning that most countries trade with a small frac-
tion of possible partners.

The network’s mean closeness centrality, which measures the inward distance from
a node to all reachable nodes, is 0.326. A higher closeness centrality indicates that a coun-
try is more centrally located in the trade network and has a short path length to other
nodes. We find that the Netherlands has the highest closeness centrality at 0.476, followed
by India at 0.456.

3.2. Triad Significance Profile (TSP): Motifs and Anti-Motifs

The TSP for the aggregate energy trade network is presented in Figure 3. Motifs,
meaning triads that appear considerably more often than expected, include triads 9, 10,
12, and 13, with normalized Z-scores of 0.28, 0.29, 0.22, and 0.38, respectively. Anti-motifs,
those triads that appear less than expected, include triads 1, 2, 4, 5, and 6 with normalized
Z-scores of —0.22, -0.25, —0.34, —0.27, and —0.54, respectively.

Here we focus our discussion on triads that have been shown in the literature to im-
pact network stability, conflict, and efficiency. Triad 13, which exhibits the greatest possi-
ble transitivity and is the strongest motif of the energy trade network, is commonly iden-
tified as a motif in human social networks [40,44]. Researchers assert that this is due to the
phenomenon of triadic closure in social networks, which can be informally described as
the pressure for two people that are friends with a third person to also be friends with
each other [45,46]. The overrepresentation of triad 13 suggests that energy trade relation-
ships are partly a manifestation of human social dynamics. Because triadic closure is con-
sidered to be a more stable configuration, it also suggests that some degree of stability is
induced in the structure of the energy trade network through triadic closure.
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Figure 3. Triad significance profile (TSP) of the global energy trade network. Motifs, which are triads
that appear more frequently than expected, include triads 9, 10, 12, and 13. Anti-motifs, which are
triads that appear less frequently than expected, include triads 1, 2, 4, 5, and 6. Triad 13 is frequently
a motif of human social networks, whereas triad 6 is considered unbalanced and is typically an anti-
motif of human social networks. Taken together, this suggests the topology of the global energy
trade network is influenced by human sociality.

On the other hand, the intransitive triad 6, referred to as the “frustration” triad, is
typically an anti-motif in human social networks. It arises when triadic closure has not
occurred and is thus considered destabilizing in structural balance theory [44]. We find
triad 6 to be the strongest anti-motif of the aggregate energy trade network, meaning this
structurally unstable triad appears far less frequently than expected in the network. This
similarity to human social networks, in terms of the low occurrence of this unstable triad,
further suggests that energy trade is partly structured by human social dynamics and that
this social influence enhances network stability.

Finally, we examine triad 7, known as the “feed-forward loop”, which is known to
be critical for efficiency and self-regulation in networks governing multiple types of com-
plex systems, especially evolved biological systems [36,41,47]. A higher-than-expected
prevalence of triad 7 in certain genetic signal transduction pathways has even been asso-
ciated with higher survival rates among breast cancer patients [48]. Although triad 7 was
the strongest single motif found in TSPs of ant communication networks [41] and micro-
organism gene transcription networks [40], we find that the observed frequency of triad 7
in the energy trade network is similar to its frequency computed from randomized net-
works.

Systems exhibiting a triad 7 motif have typically evolved over evolutionary time
scales, and because global energy trade has largely emerged in only the last century, it
may be that energy trade is simply too new for triad 7 to have emerged as a motif at this
time. It is also possible that the highly dynamic nature of international trade relations in-
hibits the emergence of some triads. Regardless of the reason, the absence of triad 7 as a
motif of the aggregate energy network suggests that the network is structured more by
factors not directly related to trade efficiency, such as political, cultural, or geospatial fac-
tors [49].

3.3. Network Robustness to Disruption: TSP Integrity under Random Node Removal

Although the presence and absence of certain triads suggest a degree of stability in
the energy trade network, we systematically assess the robustness of the aggregate energy
trade network to disruptions by randomly removing 25%, 50%, 80%, and 90% of nodes
from the network and recalculating the network’s TSP. Note that removal of a node also
removes all edges between that node and its partners. Ten replications were performed
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for each removal level and average TSPs were compared with the TSP of the unaltered
network. Results (Figure 4) show virtually no change in the network’s TSP after removal
of 50% of nodes (R = 0.99). Even after randomly removing 80% of nodes, the TPS of the
disrupted networks and the unaltered network remained highly correlated (R =0.96), sug-
gesting that the aggregate energy network could experience a relatively large disruption
and still maintain its topological integrity. Only after 90% of nodes were removed was the
original TSP substantially altered (R = 0.53).

—— 50% Node Removal
—+— 80% Node Removal
—— 90% Node Removal
J —s— Unaltered

N/

AV

TN

AALMALAAAALALA

Figure 4. Robustness of aggregate energy trade network to disruption. TSPs of the aggregate energy
network and of the same network after 50%, 80%, and 90% of nodes have been randomly removed.
Each TSP is the average of 10 networks in which nodes have been randomly removed. Even after
80% of nodes have been removed, the correlation between the disrupted network’s TSP and the
unaltered network is R = 0.96. Only after 90% of nodes have been removed is the TSP substantially
altered (R = 0.53).

3.4. Comparison of Energy Trade to Other Network TSPs

To contrast the topology of energy trade with other empirical networks, we compare
the TSP of the aggregate energy trade network to several other previously published TSPs.
These include biological signal processing networks [40], human social networks [40], ant
communication networks [41], agricultural trade networks [14], and ocean-based cargo
shipping networks [42]. TSP comparisons are shown graphically in Figure 5 with correla-
tion coefficients presented in Table 2.

Not surprisingly, the energy trade network TSP is most highly correlated with those
of the global agricultural trade network (R = 0.93) and the ocean cargo shipping network
(R=0.92). As cargo-shipping routes are partly structured with regard for cost-efficiency,
its high correlation with energy trade suggests that energy trade patterns are efficient de-
spite the fact that the efficiency-related feed-forward loop (triad 7) is not a strong motif of
the energy network.

On the other hand, both energy and agricultural trade differ from the cargo shipping
network in terms of triad 3. This “middleman” triad is indicative of products that require
multi-stage refining in multiple countries and of the fact that countries may import and
export different commodities that are nevertheless grouped under a single commodity
code in trade statistics. However, this does not appear to manifest in the cargo shipping
network, in which triad 3 is an anti-motif. This is likely because cargo shipping is inde-
pendent of the commodities being shipped and multi-stage production processes are
masked by the efficient scheduling of routes carrying all types of products.
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Table 2. Pearson correlation coefficients between all networks examined in this study.

Human Social Networks
Global Agricultural Trade
Cargo Shipping— Average
Energy Trade—Aggregate

Energy Trade—Coal
Energy Trade—Oil

Biological Signal Processing Networks
Ant Colony Communications
Energy Trade—Liquid Natural Gas
Energy Trade— Gaseous Natural Gas
Energy Trade— Country Cluster 1
Energy Trade— Country Cluster 2
Energy Trade— Country Cluster 3
Energy Trade— Country Cluster 4

biological signal pro-
cessing networks

063 067 060 071 073 069 075 086 036 057 051 0.27

—_
e
a1
\©

human social
networks

0.59 1 082 098 069 091 088 082 094 088 028 090 038 0.24

global agricultural trade

0.63 0.82 1 083 060 093 090 078 083 080 038 090 019 0.32

cargo shipping—
average

0.67 098 0.83 1 073 092 092 079 097 092 034 088 046 022

ant colony
communications

0.60 0.69 0.60 0.73 1 069 076 053 077 078 0.04 070 037 0.32

energy trade—
aggregate

071 091 093 092 0.69 1 096 090 094 087 044 094 029 034

energy trade—
coal

073 0.88 090 092 076 0.96 1 078 092 089 036 091 034 037

energy trade—
oil

069 082 078 079 053 090 0.78 1 084 079 047 083 029 0.26

energy trade—
liquid natural gas

075 094 083 097 077 094 092 084 1 09 035 088 045 0.27

energy trade—
gaseous natural gas

086 0.88 0.80 092 078 087 0.89 079 0.96 1 028 079 053 030

energy trade—
country cluster 1

036 028 038 034 004 044 036 047 035 0.28 1 019 033 -0.43

energy trade—
country cluster 2

057 090 090 088 070 094 091 083 088 079 0.19 1 021 039

energy trade—
country cluster 3

051 038 019 046 037 029 034 029 045 053 033 021 1 -0.49

energy trade—
country cluster 4

027 024 032 022 032 034 037 026 027 030 -043 0.39 -0.49 1

As noted in the analysis of individual triads, the aggregate energy trade network
shares a key motif (triad 13) and anti-motif (triad 6) with human social networks. This
similarity is reinforced when comparing the full TSPs of energy trade and social networks
(R=0.91). This strong resemblance further reinforces the notion that the topology of global
trade is largely a manifestation of human sociality.
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Figure 5. Comparison of the aggregate energy trade network TSP to other published TSPs, including
(a) biological signal processing networks, (b) human social networks, (c) ant colony communication
networks, (d) and two types of trade-related networks. Although energy trade shares several motifs
and anti-motifs with both biological signal processing networks (R = 0.71) and human social net-
works (R =0.91), it is most highly correlated with the network for global agricultural trade (R =0.93).

See Table 2 for a full set of correlation coefficients.

3.5. Disaggregated Energy Trade: Commodity-Specific Trade Networks
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Note that when a country A exports more than one energy commodity to a partner
B, this is represented by a single link from A to B in the aggregate energy network. Thus,
the characteristics of individual commodity networks can be masked when they are col-
lapsed into an aggregate network. Therefore, we also created TSPs for the trade networks
of each individual energy commodity (Figure 6). Correlations between these individual
commodity networks and other networks discussed in this study are presented in Table
2.

All commodity-specific trade networks are highly correlated with aggregate energy
trade, with coal being the most similar (R = 0.96) and gaseous natural gas being the least
similar (R = 0.87). The TSPs for both liquid and gaseous natural gas are notable because,
unlike aggregate energy, oil, and coal, we identify triad 11 as a motif and triad 3 as an
anti-motif.

Triad 3, or the “middleman” triad, is representative of situations in which a country
may possess considerable natural resources but lacks the ability to refine those resources
into final energy commodities. For instance, after discovering massive petroleum deposits
in its territorial waters, Guyana began producing oil in 2019 [50]. However, it still lacks
the capacity to refine petroleum and so its oil must be exported to other countries for re-
finement, even as Guyana remains dependent on imports for energy consumption. This
arrangement is an instantiation of triad 3. Thus, it is likely that natural gas requires fewer
intermediate production stages than oil or coal.

1.0
—— Coal
0.8
Qil

° 0.6 —— Ligquified Natural Gas
s 0.4 . —+— Gaseous Natural Gas
oz N / § 47 —=— Total Energy
N .
3 00 AN F
® -0.2 . x .
E %. e ,
o —-0.4 ¥
=z

-0.6

-0.8

-1.0

' 1 2 3 4 5 6 7 8 9 10 11 12 13
AANALANAALNLDANALN
Figure 6. TSPs for individual energy commodity trade networks. Aggregate energy trade is included
for comparison. All commodity networks are highly correlated with the aggregate energy network

(R>0.86 in all cases), with coal trade being most similar to aggregate energy trade. See Table 2 for
full correlation coefficients.

3.6. Disaggregated Energy Trade: Country-Specific Triad Significance Profiles

To understand how the network topology of energy trade varies by country, we cal-
culated TSPs for each country separately. A TSP for country X was calculated by counting
the numbers of each triad type that included country X in both the empirical and random-
ized networks and then comparing those values as we did with the full network. We then
used K-means clustering to partition countries into four groups (as suggested by silhou-
ette coefficients). The average (centroid) TSPs of each cluster is presented in Figure 7. See
Supplemental Materials for a list of all countries in each cluster.

Most larger economies fall into cluster 2, including the USA, Australia, India, Ger-
many, Japan, Russia, and several members of the European Union. This was the only clus-
ter highly correlated with the aggregate energy network (R = 0.94), suggesting that these
countries are relatively well-connected and trade a diversity of different energy commod-
ities. This idea is reinforced by the fact that, among all clusters, only cluster 2 is highly
correlated with the global agricultural trade network (R = 0.90), which is composed of
trade in a high diversity of agricultural products.
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Figure 7. Country cluster triad significance profiles (TSPs). K-means clustering was used to partition
country-level TSPs into four groups. Cluster centroids are presented along with the TSP of the ag-
gregate global energy trade network. Most large and developed economies fall into cluster 2,
whereas most small and island nations fall into clusters 3 and 4. Cluster TSPs show considerable
variability with some clusters being negatively correlated with each other. See Table 2 for full cor-
relations and Supplemental Materials for full list of countries in each cluster.

On the other hand, China falls into cluster 1 along with several countries from Africa,
including Algeria, Libya, Nigeria, Angola, Congo, Ethiopia, and others. Cluster 1 has less
similarity to the aggregate energy network (R = 0.44) and is unique among clusters in hav-
ing a strong motif in triad 3, the “middleman” triad. As noted above, this may be an indi-
cation that many of these countries have limited capacity to fully refine their endowments
of natural energy resources.

Clusters 3 and 4 deviate even further from the aggregate energy TSP with R = 0.29
and R = 0.34, respectively. However, they also differ significantly from each other (R =
—0.49). Many members of these clusters are less developed economies from the global
south as well as smaller and island nations, including nearly all countries of the Caribbean
Sea and Pacific Ocean. Countries in these clusters are generally characterized by fewer
trade links to other countries, which likely influences their peculiar trade network topol-
ogy.

Cluster 4 is also unique in that triad 5 is a motif. Triad 5 involves two countries en-
gaged in mutual trade, only one of which exports to an isolated 3rd country. Many of the
small, island nations in cluster 4 are dominated by this trade arrangement because of their
complete dependence on a large, well-connected neighbor for energy imports. For in-
stance, all energy imported by Macao in Southeast Asia comes from China, whereas all
energy imported by the Cayman Islands in the Caribbean Sea comes from the US. How-
ever, both China and the US have several bilateral trade relationships meaning that Macao
and the Cayman Islands —both members of cluster 4—will be part of several type 5 triads.

One implication of the existence of country clusters in the global network is that
shocks may exhibit differential impacts among clusters, particularly when the source of a
shock is specific to one country. It is also important to note that the constituents of clusters
typically change over time [16], and although it is beyond the scope of this study, temporal
analysis would likely enhance our knowledge of the developmental and security implica-
tions of different clusters.

In addition to identifying clusters based on country TSPs, we examined the normal-
ized Z-scores of certain triads within individual country TSPs. If global energy trade is, in
fact, influenced by triadic closure and structural balance, as are human social networks, it
is conceivable that these phenomena impact stability at the country level. In other words,
countries with a high prevalence of triad 6, or low prevalence of triad 13— opposite to both
human social networks and the aggregate energy trade network —may be less stable than
other countries.
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Thus, we list those countries in Table 3 that have either a normalized Z-score > 0.15
for triad 6 or a normalized Z-score < -0.15 for triad 13. Note that, with only one exception,
countries in both lists come from clusters 1, 3, or 4, suggesting that the energy networks
of countries in these clusters are, to some degree, anomalous and should be further re-
searched with regard to energy vulnerability. This is particularly true of the Democratic
Republic of the Congo, which appears in both lists.

Table 3. Countries with either a normalized Z-score >0.15 for triad 6 or a normalized Z-score <-0.15
for triad 13.

Country Zs  Cluster Country Ziz  Cluster
Malta 0.41 1 Iran -0.56 3
Cote d’'Ivoire 0.33 1  Israel -0.39 4
Saint Lucia 0.27 4  Dem. Rep. of the Congo -0.36 3
Niger 0.23 3  Serbia -0.31 1
Ghana 0.22 1 Moldova -0.28 3
Mexico 0.21 4  Guatemala -0.27 4
Dem. Rep. of the Congo ~ 0.19 3 Uzbekistan -0.25 1
Belize 0.17 4  Madagascar -0.23 4
Tunisia 0.17 2 Azerbaijan -0.23 1
Bosnia Herzegovina -0.22 4
Trinidad and Tobago -0.19 1
Zambia -0.16 2
Jordan -0.15 4

3.7. Policy Implications

Although the primary benefit of triad analysis is to better understand the fundamen-
tal structural properties of networks, this understanding might also be used to enhance
policy decisions [51]. For instance, given two possible future trade relationships, a policy
maker may explore how each scenario would affect a country’s number of stable and un-
stable triads. Moreover, for those managing a nation’s energy portfolio, a comparison of
a country’s commodity specific TSPs may highlight energy commodities that exhibit more
or less stable triad structures. This would allow managers to better allocate risk among
components of an energy portfolio and adjust policies accordingly.

This additional information becomes particularly useful during periods of relatively
rapid change in trade patterns, such as that expected in a looming global transition to low
carbon energy sources. Thus, assessment of risks and vulnerabilities will become increas-
ingly important as a global transition will not only reconfigure existing trade patterns but
will likely add novel energy commodities to the mix.

In any case, it is important to understand that triad analysis augments the infor-
mation available to policy makers, but it should not replace existing information. Its utility
is thus in providing additional data and insights with the goal of improving policy out-
comes.

3.8. Limitiations of Our Approach and Future Directions

Despite the increasing use of triad analysis and TSPs to compare networks across
domains, caution should be taken in interpreting results. Although it is compelling to find
that networks governing systems as different as genetic transcription pathways and
global oil trade have evolved structural similarities, our methodology cannot explain
what has led to those similarities. It is possible that any complex and dynamic system will
eventually evolve common non-random connectivity characteristics. It is also possible
that the method itself cannot adequately detect subtle differences between network
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structures. Critics have also argued that results of triad analyses are simply manifestations
of lower-order network structures which should instead be the target of research [39,52].

Nevertheless, triad analysis offers several tantalizing directions for future extensions
of this research. First, we have examined a only single year of data and additional insights
are likely to emerge from analyzing the topologies of trade networks over time. This is
especially important for understanding how trade structure responds to global shocks on
both short and longer time scales. Such analysis may also reveal that the motifs or anti-
motifs we identified are temporary phenomena related to the development trajectories of
global trade patterns.

Second, our examination of the robustness of trade to disruption is limited to the
systematic removal of random nodes. However, each node in real world trade networks
is unique and has differential impacts on global dynamics. Thus, a systematic analysis of
disruption due to removal of specific nodes could be undertaken.

Finally, we removed the weights from our networks as a requirement for construct-
ing triad significance profiles. However, this ignores a wealth of additional information
concerning trade structure. Future work could incorporate trade value to construct
weighted networks and apply novel analytic techniques to those links, such as using en-
tropy to measure the diversity of commodity sources and then analyzing how that en-
tropy relates to national energy security.
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