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Supplementary Information

Supplementary Methods
Defining a Continuous Trade Network
Previously, weighted representations of agri-food trade networks and the associated virtual water trade network have been
simplified by considering a backbone network. This backbone includes only the dominant links that are responsible for the
majority (generally 80%) of the total trade volume1–5. We have taken a different approach, considering only continuous trade
partnerships to simplify the model.

We define a continuous trade partnership in the 1986-2013 data set as an import or export that has occurred in at least 3
consecutive years as of the end of 2013; i.e. one has occurred ∀ t ∈ [a,2013] where a≤ 2011. A 3-year cut-off is employed to
account for the fact that the number of nodes and edges in the network drastically increases if partnerships that existed in 2012
and 2013, or only in 2013 are included (Fig. S1a, b). To account for the fact that shocks to the empirical network may have
interrupted the continuity of otherwise well-established trade relationships, all partnerships for which trades have occurred
in 90% or more of the years since they were initiated are included. The 90% threshold ensures that an otherwise continuous
long-term relationship, spanning decades, will not be excluded from the network due to a lack of trade in 1 or 2 years. Since the
majority of shocks to the wheat network, and other staple crop networks such as rice and maize, only persist for a single year,
this translates to roughly 1 or 2 shocks6–13. The continuity condition has the added benefit of ensuring that countries that have
ceased to exist since 1986 are excluded from the network, a logical assumption if any predictions of the future of the network
are to be made.

Figure S1. Number of nodes and edges added to empirical continuous wheat trade network, by year. (a) Year in which
some country (node) i first initiated a continuous trade partnership with another country (data to 2013). (b) Year in which a
continuous trade partnership (edge) between countries i and j was initiated (data to 2013). (c) Year in which some country
(node) i first initiated a continuous trade partnership with another country (data to 2010). (d) Year in which a continuous trade
partnership (edge) between countries i and j was initiated (data to 2010). Plots (a) and (b) use data for 1986-2013, (c) and (d)
use data for 1986-2010. For all cases, the 90% threshold on continuity is applied, and an export partnership is considered as
separate to an import partnership.

We explored the effect of a different final year of data on the growth of the continuous trade network. We see a similar trend
if we exclude the final 3 years of data and create a network based only on 1986-2010 data (Fig. S1c, d). In both cases, a jump
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in the frequency of entry for both nodes and edges occurs in the final 2 years, where the 1- and 2-year trade partnerships appear.
This entry spike reconfirm our finding that many partnerships do not persist for more than 2 years. Including those which exist
only from 2012 onwards would lead to the inclusion of many trades which fail to persist over longer time periods.
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Figure S2. Comparison of metrics for empirical continuous wheat trade network using different final years. Both
networks used a 3-year cut-off for continuous trades, and were generated using empirical data,

We also considered how a different final year would impact the structure of the continuous trade network (Fig. S2). With
regards to our fitting metrics (assortativity, number of nodes, and reciprocity), the 2010 and 2013 final year networks produce
similar trends and metrics (Fig. S2b, i, j). The most noticeable difference between these choices of final year for fitting metrics
is that the 2010 network contains more nodes (and edges) (Fig. S2j, k). This is unsurprising as countries which ceased trading
and trade partnerships which ceased to exist between 2010-2013 would be in this network, but not in the 2013 network. Thus, a
model network fitted using the 2010 data would have similar reciprocity and assorativity trends and metrics to one fitted using
2013 data, but contain more nodes and edges. For most other metrics used in our analysis (Fig. S2a, c, f-i), the 2010 and 2013
networks are quite similar in terms of trends and metrics, suggesting that a model informed by 2010 data would provide a
reasonable fit to the 2013 empirical network. Exceptions here are the giant weak and strong component sizes (Fig S2d, e),
which due to their close relationship to the number of nodes in the network, would likely be larger in a model fitted to 2010
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data. These observations suggest that the largest impact of using a different final year will be on metrics related to the number
of countries trading, and number of trades (number of nodes and edges, giant weak and strong component sizes). This analysis
demonstrates that using the most recent year for which data is available as the final year leads to the most accurate description
of the continuous trade network. By including data for the years 2011-2013 in our analysis we can exclude partnerships which
were discontinued in these years and should no longer be part of the network.
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Figure S3. Comparison of metrics for empirical continuous wheat trade network using different cut-offs. Cut-offs
correspond to the number of years a trade must have been established prior to 2013 to be considered continuous. A 1-year cut
off can be interpreted as no restriction on length of partnership; here a trade is considered continuous as long as the trade has
occurred in 90% or more of years since it was established. This means that trade partnerships which only exist in 2013 are
considered continuous for the 1-year cut-off case. All networks use empirical data for 1986-2013.

Finally, we explored how the network’s structure would be impacted by reducing the cut-off threshold for a trade to be
considered continuous (Fig. S3). Our network utilised a 3-year cut off, meaning a trade must have occurred in at least the years
2011-2013 to be included in the network. Here we consider how network structure would differ if trade only needed to occur in
2012-2013 (2-year cut-off) or 2013 (1-year cut-off) to be included. It is clear from the substantial changes in most metrics that
relaxing the cut-off impacts network structure. The alterations resulting from switching to a 2-year cut-off are noticeable, but a
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further relaxation to a 1-year cut off has a drastic impact. Large increases in the number of nodes and edges in 2012 and 2013
shown in Fig. S1a,b are also evident here (Fig S3j, k). Other metrics are also affected; the size of the giant weak and strong
components increases substantially (Fig. S3d, e), and there are drastic changes in heterogeneity, symmetry, and reciprocity (Fig.
S3f, h, i). These changes result in large deviations from the trends for 1986-2011. This analysis suggests that while relaxing our
cut-off to 2 years would have some impact on the structure of the network we are modelling, results would be similar to those
we present for the parameter fitting using a network with a 3-year cut-off. However, if the cut-off was reduced to 1 year, it is
probable that the group of parameter sets which provided the best model fit to the empirical network would be substantially
different. However, relaxing our cut-off would increase the probability that we are including trade partnerships in our network
which do not persist beyond 2013. This reduces the value of our model predictions; if shocks impact nodes which should not be
included in the network, the resulting changes in network metrics may not accurately reflect impacts on the empirical network.
Additionally, it is likely that obtaining a good model fit would become difficult due to the change in metric trends between
1986-2011 and 2012-2013. If we tighten the cut-off for continuous trade, requiring a partnership to last more than 3 years, we
reduce the number of years of data available for the fitting process, which is likely to negatively impact the accuracy of the fit.

Estimating Rate of Network Growth
To estimate the passage of time during network formation, a logistic growth model was fit to the cumulative number of edges in
the wheat trade network by year, m(t), for 1986-201314. This m(t) cannot exceed the maximum possible number of edges in a
directed graph with n(t) nodes where max(m) = n(n−1)15. We assume that the network can be fully saturated, or have total
reciprocity, as the empirical network includes reciprocal trades (Fig. S4c). Using the 244 countries and dependent territories
in the world as of 2015, nmax = 244, the largest possible network would contain mmax = 59292 edges16. This value was
held constant throughout the fitting process, with the slope and midpoint of the sigmoid estimated using linear regression. A
two-sample Anderson-Darling test (version 1) comparing the fit to data for 1986-2010 gives p=0.6672817. As p > 0.05, we
concluded that both samples came from the same distribution at the 5% significance level.

Figure S4. Time evolution of metrics for the empirical continuous wheat trade network (1986-2013). (a) Number of
nodes. (b) Assortativity. (c) Reciprocity. Network generated using empirical data.

Using the fit we estimated the number of edges added to the network each year, running all simulations for t ∈ [1875,2060].
The logistic growth model allowed us to introduce shocks with realistic durations. Even if no new countries enter the trade
network post-2013, meaning nmax = 108, we would have mmax = 11556, a threshold not exceeded by our logistic model for
t ∈ [1875,2060], though the parameters chosen for the logistic model with mmax = 59292 would provide a poor fit for the new
upper bound on the possible number of edges. However, the number of nodes in the network has increased over time (Fig. S1a,
Fig. S4a), and thus such a scenario is unlikely. We acknowledge that without empirical data on m(t) for t < 1986 or t > 2013,
it is difficult to justify the use of one functional form over another; it is possible that a linear or exponential function better
describes m(t) than the logistic form we assume.

Model Parametrisation
We ran approximately 5000 simulations for combinations of α, β , and ε from equation (1) as well as C and λ from equation
(3), across ranges for all parameters. Ranges for α and β were set to [1,200], based on the parameters used in previous similar
models18, 19. For C, λ , and ε we experimentally determined ranges that led to reasonable model outcomes in terms of the
network metrics. These ranges are C ∈ [25,1500], λ ∈ [0.01,0.1] and ε ∈ [9.0× 10−5,1.2× 10−5]. There are no physical
limits on the values these parameters may take; the limits we introduced facilitate a good fit to the metrics for the empirical
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network. Once suitable ranges had been determined, we began testing parameter sets using large increments for all parameter
ranges. This allowed us to focus on a smaller portion of the parameter space; α, β ∈ [1,5], C ∈ [25,1025], λ ∈ [0.01,0.05] and
ε ∈ [9.5×10−5,1.15×10−5], where model outputs for assortativity, reciprocity, and number of nodes were reasonably close to
those for the empirical network. Our 100 best networks had parameter sets drawn from these reduced ranges (Fig. S5).
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Figure S5. Network metrics for model parametrisation 1986-2011. Red lines represent the mean metrics for networks
generated using the top 100 parameter sets ranked by least MSE normalized over assortativity, number of nodes, and
reciprocity. The envelope represents a range of ±2 standard deviations from the mean metrics for the model networks. The
black lines correspond to the metrics for the empirical network.

Implementing Shocks
For attacks, countries are targeted based on their connectivity. Connectivity can be determined using various centrality measures
such as degree, out-degree, closeness, and betweenness centrality20–25. We define connectivity in terms of total degree centrality.
This means that an attack will cause the sequential removal of the outgoing edges belonging to the countries with the highest
total number of trade links. We limit ourselves to considering sudden shocks where production level adjustments occur on too
long a timescale to counter their effects26. For the duration of a shock affected countries will not export; existing export links
are removed, and new export links cannot be formed. After the shock, the affected countries, which no longer have any exports,
can begin to establish new export links. Following the removal of export links for affected countries new links are formed to
replace those removed. The formation of new links represents 2 occurrences whereby countries who previously imported from
the affected countries seek to replace their lost trade volume; they may form new partnerships themselves or rely more on
existing partnerships. This increased dependence on existing partners, in turn, means those countries either rely more heavily
on their partners or form new trade links. While we do not explicitly model how the weights of trade flows are redistributed due
to a shock, this rewiring of the network to account for changes in the availability of exports is conceptually similar.

Determining Realistic Shock Durations and Sizes
Each shock will be introduced for 1-5 years and impact 1-15 countries, as, depending on the shock, the duration and severity
of it’s impact will vary. For example, the late Victorian Great Drought of 1876-1878 had a protracted effect on global trade
networks of rice products4. Another case, the 2001 outbreak of foot and mouth disease in the United Kingdom caused shocks
to the global beef, sheep, and pig meat trade networks lasting approximately a year until the lifting of export bans in 200227.
Our ranges were drawn from a survey of the literature on recent export restrictions. These export restrictions include bans,
quotas, and taxes resulting from food shortages that have influenced global trade. During the 2007/08 global food crisis, 15
countries (including 6 of the top 17 wheat exporters) restricted wheat exports, in some cases implementing complete export
bans4, 6–10. Additionally, rice export was restricted in 14 countries (including 4 of the top 9 rice exporters), grain export in
15, maize in 3, palm oil in 2, and oilseed & vegetable oils in 14, 6–9, 11. Six of the top 17 wheat exporters (accounting for 90%
of total trade) imposed some degree of trade restrictions, while 4 out of the top 9 rice exporters did so4, 28. India maintained
bans and restrictions on rice and wheat exports from February 2007 to September 201129. In 2010/11 Russia, Ukraine, and
Kazakhstan all implemented export restrictions on grain12, 13. While not all of these restrictions have resulted in the complete
cessation of exports, they provide a rough estimate of the appropriate size and length of shocks. Additionally, we use the
2007/08 and 2010/11 shocks as a template for our multiple shock scenario; for all cases of multiple, shocks a gap of 2 years
will be observed between shocks.

6/18



Network Analysis For Agri-Food Commodities
Materials and Methods
Trade data for 549 commodities from 1986-2010 was obtained from the United Nations Food and Agriculture Organization’s
FAOSTAT database14. These commodities included wheat, as well as other crops, animal products, and crop-derived products.
A N×N trade matrix, where N is the number of countries in the network, was used to represent the trade network for each
commodity. Trades were extracted from the FAOSTAT database of imports, within the 25 year period. All cases where a
value of 0 was reported for a trade were excluded, as these are caused by rounding small trade values to 0, or due to missing
data. We believe that these excluded trades would not significantly alter the overall commodity-specific networks, in regards
to the metrics we measured. The (i, j)th element of the matrix represents the export of the commodity under consideration
from country j to country i. The value of this (i j)th element is the volume of the export from country j to country i. When
comparisons were carried out, commodity-specific networks were given equal weighting, regardless of their size, to remove any
bias towards the larger networks. These matrices were used to calculate diameter, average path length (AvPL), assortativity,
density, average clustering coefficient (transitivity), average degree (AvDeg), the unweighted normalized average betweenness
centrality coefficient (BCC), and reciprocity. Finally, the number of nodes and edges and the total value of the trade conducted
with each network were recorded. These values were averaged over all commodity networks.

We sought to determine what subset of the array of network metrics we calculated would be sufficient to describe an
individual commodity network, to reduce the computational time required. To this end, we looked for correlations between
groups of metrics; if several metrics are highly correlated, it is possible to measure a single metric from this group and
use that as a predictor of the correlated metrics. To determine relationships between metrics, the Pearson product-moment
correlation coefficient, r, was calculated for all possible pairs of metrics. The associated p-values used were adjusted using the
Holm-Bonferroni method to reduce the frequency of “false positives” resulting from multiple comparisons. Using a similar
method as Jamakovic et al. the number of metrics required to describe the network was reduced30. Any correlation with a
p-value > 0.05 was discarded as not significant at the 5% level and those where |r| ≤ 0.6 were discarded as weak. Once groups
of highly correlated metrics were identified, 1 metric from each group was selected for further analysis, to avoid redundancy.
All metrics not significantly correlated with others were kept. For the purposes of describing our results, Jamakovic et al.’s
definitions of correlation strength were used: 0≤ |r| ≤ 0.3 (no correlation); 0.3≤ |r| ≤ 0.6 (mild correlation); 0.6≤ |r| ≤ 0.9
(significant correlation); 0.9≤ |r| ≤ 1.0 (strong correlation)30.

Results
When network metrics were calculated to give correlations (Fig. S6) the number of commodity networks within the sample
was reduced to 524. This reduction was necessary as some networks contained an extremely low number of nodes and
edges, meaning certain metrics could not be properly calculated. Two groups of metrics had significant to strong intra-group
correlation: a size group containing the average path length, network diameter, and betweenness centrality coefficient, and
a connectivity group of average node degree, density, average clustering coefficient, reciprocity and the number of nodes
and edges (Fig. S6). The highly correlated metric groups for the agri-food trade network are not the same as those found by
Jamakovic et al. in their study of a variety of real-world networks, though there is some overlap30.

It would be preferable to consider the relationship between metrics for multiple networks of trade for the same commodity
(e.g. wheat), over the same time period, to reduce the number of metrics needed to describe that commodity’s network at that
time. However, in the absence of multiple realisations of the wheat trade network over the same period, it becomes necessary to
utilise networks for multiple commodities. Additionally, the metrics chosen from this analysis; average path length, assortativity,
and average clustering coefficient, are well-established metrics for describing networks31, 32.
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Figure S6. Correlation heat map for network metrics using 524 commodity networks for 1986-2010. All correlations
shown are significant at the 5% level, non-Holm’s-adjusted, and are given as % values.
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Supplementary Figures

Figure S7. Comparison of empirical networks for total trade and continuous wheat trade by year. The red and blue
lines represent, respectively, the percent of total trades which are included in the continuous trade network, and the percent of
the total trade volume which is included in the continuous trade network, by year. Both networks are generated using empirical
data.

0e+00

1e+07

2e+07

3e+07

0 10 20 30 40
Total degree

To
ta

l t
ra

de
 v

ol
um

e 
(T

on
ne

s)

Figure S8. Relationship between total degree in the continuous wheat trade network and total trade volume from
1986-2011. Each point represents a single country in a single year, with a total degree of 0 corresponding to a country not
included in the continuous trade network in that year, taken from empirical data. The darker the point, the higher the number of
countries with that combination of total degree and trade volume. The correlation between total degree and trade volume is
significant at the 5% level (p-value < 2.2×10−16).
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Countries i & j are chosen randomly 
as potential importer and exporter 

respectively.

If i=j or A(i,j) = 1 (i
already imports from j) 

the turn ends.

If A(i,j) = 0 and i≠j, then 
Pt[xi(m), xj(m)] is calculated, and 

p is randomly chosen in [0,1].

If Pt[xi(m), xj(m)]≥ p the edge from j to 
i is added (We set A(i,j) = 1).

If Pt[xi(m), xj(m)]< p the 
network remains unchanged.

Figure S9. Decision-making process at each turn. If the final Pt [xi(m),x j(m)]≥ p condition is not met, the turn ends with
no new edges formed.
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Figure S10. Selected network metrics 1986-2011. Coloured lines represents the mean metrics for model networks
generated using the top 100 parameter sets ranked by least MSE for assortativity (blue) and normalized across assortativity,
number of nodes, and reciprocity (red). The envelopes represent a range of ±2 standard deviations from the mean metrics for
model networks. Black lines correspond to the metrics for the empirical network.
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Figure S11. Impact of previous errors on changes in network metrics due to a subsequent shock. Initial error to
double shocked networks (shown in blue and red) occurred in 2017-18, all networks shocked in 2020-21. All shocks were low
severity/short duration. Solid lines represent the mean metrics for model networks generated using the top 100 parameter sets
ranked by least MSE normalized over assortativity, number of nodes, and reciprocity. The envelopes represent a range of ±2
standard deviations from the mean metrics for model networks. Black lines correspond to the empirical network.
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Figure S12. Impact of previous attacks on changes in network metrics due to a subsequent shock. Initial attack on
double shocked networks (shown in blue and red) occurred in 2017-18, all networks shocked in 2020-21. All shocks were low
severity/short duration. Coloured lines represent the mean metrics for model networks generated using the top 100 parameter
sets ranked by least MSE normalized over assortativity, number of nodes, and reciprocity. The envelopes represent a range of
±2 standard deviations from the mean metrics for model networks. Black lines correspond to the empirical network.
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Figure S13. Comparison of sequential and simultaneous attacks. Shocks occurred in 2017-18. Coloured line represent
the mean metrics for model networks generated using the top 100 parameter sets ranked by least MSE normalized over
assortativity, number of nodes, and reciprocity. Dashed lines indicate a sequential attack, solid lines indicate a simultaneous
attack. The envelopes represent a range of ±2 standard deviations from the mean for model networks. Targets are selected by
largest total degree. Black lines correspond to the empirical network, all other networks are generated using the model.
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Figure S14. Impact of out-degree attacks on network metrics. Shocks occurred in 2017-18. Coloured lines represent the
mean metrics for model networks generated using the top 100 parameter sets ranked by least MSE normalized over
assortativity, number of nodes, and reciprocity. The envelopes represent a range of ±2 standard deviations from the mean
metrics for model networks. Targets are selected by largest out-degree. Black lines correspond to the empirical network.
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Figure S15. Relationship between total degree and out-degree in the continuous wheat trade network from
1986-2011. Each point represents a single country in a single year, taken from empirical data, with a total degree of 0
corresponding to a country not included in the continuous trade network in that year. The darker the point, the higher the
number of countries with that combination of total and out-degree. The correlation between total and out-degree is significant
at the 5% level (p-value < 2.2×10−16).
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