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Abstract 

The convergence of recent extreme-weather events and international conflicts has 

heightened concerns about the vulnerability of the global food system to shocks. Yet, 

it remains unclear what shocks most affect a country’s food supply, and what role 

trade and other food system characteristics play in mitigating or amplifying negative 

impacts. Here, using a newly developed global bilateral trade model representing 177 

countries and four major staple crops (maize, wheat, rice, soybean), we simulate the 

food supply, trade and price impacts resulting from climate-related yield variability, 

and shocks motivated by (i) the Ukraine war, (ii) the recent energy price shock, (iii) 

observed trade bans, as well as (iv) a compound shock (i-iii together). The energy 

price shock has the greatest effect of the first three shocks, and dominates the 

effect of the compound shock across most regions and crops. We find that in many 

instances trade adjustments can help cope with both supply and price shocks, but 

that this is shaped by a combination of factors that characterize a country’s coping 

capacity. If the compound shock occurs at a time of poor global weather for agricul-

ture, the total drop in consumer surplus that year can be over USD 600 billion and 

affect most countries simultaneously. The modelling approach developed here can 

be a useful tool to identify vulnerabilities in food systems and to develop targeted 

strategies to enhance resilience, such as strategic stockpiling, schemes to support 

domestic production or new trade agreements.

1  Introduction

The global agricultural system has become increasingly interconnected, providing 
food and feed for a growing global population [1]. At present, around 20% of all cal-
ories consumed globally are from traded food products [2], with trade of agricultural 
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products more than doubling between 1995 and 2018 [3]. Trade is critical in bal-
ancing supply and demand across borders within and across years. However, an 
increasingly interconnected global food system also raises the possibility that local 
shocks become global ones, so-called systemic risks [4,5]. For instance, weather 
fluctuations during the growing season account for a third of the variation in global 
yields [6] and can cause crop failures in multiple ‘breadbasket’ regions simultane-
ously [7]. In addition to these climatic shocks, a variety of non-climatic shocks can 
impact production, prices and trade [8–10]. For example, global grain supplies were 
dramatically impacted by droughts in 2010–2011, whose effects were exacerbated 
by a Russian export ban and low stocks-to-use ratios, leading to a doubling of global 
wheat prices [11].

Evidence suggests that the frequency of droughts and other adverse weather 
events has increased in recent years [7]. Still, food price volatility over this period has 
been dominated by non-climatic factors, including the war in Ukraine and the con-
sequent rise in fertilizer prices, locust outbreaks, and trade restrictions imposed by 
various countries [12–15]. These events, along with other factors such as the pan-
demic and an increasing number of civil and international conflicts, have doubled the 
number of people facing acute food insecurity in 2023 compared to 2019 [16]. This 
led to a range of interventions taken by governments in 2022 and 2023 (e.g., food 
and fertilizer subsidies, cash transfers and food vouchers), often at a considerable 
cost [13].

These recent events have led to renewed efforts to understand the resilience of 
the global food system to multiple, compounding shocks, i.e., those affecting produc-
tion, trade and consumption at the same time across multiple countries. Food sys-
tem resilience, in this context, refers to the ability of countries to buffer the variety of 
shocks that are impacting their domestic food system, and also their capacity to cope 
with shocks elsewhere. Low resilience can lead to food shortages and fluctuations in 
consumer prices, ultimately harming food consumers, in particular the poorest house-
holds in society [17].

Several studies have sought to explore the vulnerability and resilience of countries 
to food system shocks, using a variety of methodologies. A first set of approaches 
use econometrics to understand the factors that have affected past price fluctuations, 
primarily during crisis events [18–22]. These studies highlight the complex interplay of 
factors, such as stocks, demand and supply, speculation, exchange rates and fiscal 
responses that together shape global price spikes and its transmission to domestic 
prices. Others have empirically analyzed which countries have been most affected by 
historical trade shocks (defined as global export reductions). For instance, one study 
[5] found that low-income countries are disproportionately affected by such shocks.

A second strand of work uses trade data to reconstruct the global network of 
trade in different commodities, and then employ network analysis to identify country 
vulnerabilities to shocks [23–27]. Most of these studies use multiple network metrics 
as indicator of a country’s vulnerability, and compare those indicators across coun-
tries or track their evolution over time. Recent work has complemented trade data 
with information on national food balances to better characterize the vulnerability of 
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different countries [17,28]. This research shows that a country’s vulnerability to shocks cannot be explained by a simple 
indicator [29], but is shaped by a variety of interacting factors such as trade diversity, imports dependency, self-sufficiency 
ratio, and stocks-to-use levels [17].

A third set of approaches encompasses the use of dynamic food shock models, incorporating elements of the system’s 
response to shocks such as supply adjustments or price fluctuations. For instance, Puma et al. added a simple trade real-
location algorithm to a trade model to evaluate the impacts of a supply shock and related export restrictions [27]. Burkholz 
and Schweitzer developed a “cascade model” in which a supply shock causes countries to reduce their exports, which 
consequently affects the supply to other countries, hence the cascade [4]. These models have been extended to include 
the use of stocks to buffer supply shocks, mainly based on heuristics [30]. In all these studies, price adjustments or substi-
tution effects are not captured, and hence only supply shocks can be modeled. Others have developed dynamic models 
that can explicitly capture how multiple shocks impact global prices, and the resulting supply and demand adjustments 
taken by different countries [31,32]. However, these models do not explicitly represent bilateral trade flows between coun-
tries, preventing them from capturing trade adjustments such as import substitution that can mitigate or amplify impacts.

A fourth means of studying this issue is to use global food system models to assess the impact of a shock on food 
prices. Examples include a study of the effects of reduced supply due to the Ukraine war, either alone [33] or combined 
with the increase in fertilizer prices brought about by the war [34]. These models often assume a single global market and 
do not specify bilateral trade flows, so that trade substitution is unconstrained and rapid. Work that incorporates trade 
data in such models showed that price increases in the countries most affected by reduced wheat exports from Ukraine 
could be an order magnitude higher than global price impacts [35]. Still, such general- or partial-equilibrium models are 
designed to study long-run price and trade adjustments and hence tend to underestimate the impacts of short-run shocks.

Despite the significant body of research on food system resilience, a gap remains in our understanding of how bilateral 
trade flows dynamically shape a country’s food system resilience to shocks. As highlighted above, existing methodolo-
gies fail to adequately capture either price or trade substitution adjustments. Price and trade adjustments are often the 
first response of many countries to a food system shock: to increase imports or reduce exports, and to forge new trading 
partnerships (which typically entails a cost). These trade adjustments can be country specific, requiring detailed modelling 
of how individual countries are affected by, or respond to, a disruption. Furthermore, most models do not fully explore the 
complex interactions of compounding climatic and non-climatic shocks. Yet, recent events have highlighted how supply 
shocks, trade restrictions, and input price spikes interact and possibly amplify each other. In doing so, it is important to 
explore these shocks and their interactions against the full distribution of possible weather scenarios: from those that 
result in a bumper harvest through “normal” years to adverse weather conditions leading to multiple production failures.

In this study, we utilize a newly developed bilateral trade model to study the effects of individual shocks and the com-
pounding (i.e., simultaneously occurring and therefore interacting) nature of these shocks on global grain supply and 
prices. This dynamic food shock model explicitly represents bilateral trade, storage and price effects in a single, integrated 
framework. The approach allows us to go beyond network metrics and static analyses to directly model how trade adjust-
ments can either buffer or amplify the impacts of a shock. By simulating a combination of compounding shocks (e.g., 
supply reductions, trade restrictions, and input price spikes) against a full distribution of possible weather scenarios, our 
research provides a more comprehensive assessment of global food system resilience than has been previously possible. 
Still, the shock scenarios tested in this study, inspired by the events of 2022–2023, are mainly to illustrate the use of the 
model, rather than a full global stress-testing of the food system.

We demonstrate how countries and regions differ in their exposure to the compound shock modelled, and in their 
capacity to cope with them by utilizing stocks, reducing exports, or changing trading partners. Our modelling framework 
provides insights into the vulnerability of different countries and the propagation of risks through global grain supply net-
works. We believe our modelling framework will enable more realistic stress-testing of global food supplies as well as the 
design of effective strategies to enhance the resilience of food supply systems.
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2  Materials and methods

2.1  Overview

We developed a spatial price equilibrium model that simulates demand, supply, producer and consumer prices, and trade 
flows across 177 countries. Our model relies on standard datasets of yield, supply, demand and trade, and upon a food 
production and trade cost dataset constructed in previous research [36–38]. We considered four crops – maize, wheat, 
rice, soybeans – as they are strongly affected by the different shocks we modeled [34] and because of their importance for 
global food and feed consumption.

All key model parameters (involving yield, supply, demand, trade) were averaged over the period 2017–2021, our ref-
erence period, which we used for our model calibration. This specific time frame was chosen to exclude the effects of the 
food shocks that emerged from 2022 onward and because the necessary data for several of the cost components used in 
our model were only fully available for these years. Using a different period would introduce inconsistencies in our calibra-
tion procedure. We note that while this period overlaps with the COVID-19 pandemic, the data used for calibration is not 
greatly impacted by this event, given the averaging across non-COVID-19 years and because the demand and supply of 
cereals during the COVID-19 were still relatively stable [39]. The five-year averaging period was chosen to smooth year-
to-year variations, as is common practice in general equilibrium modelling [40], because it is a good compromise between 
system representativeness and being able to smooth out interannual yield variability and external shocks. A longer period 
would have affected the consistency of our calibration, as mentioned above, while a shorter period would have been more 
susceptible to bias from events such as El Niño or the COVID-19 pandemic.

Our model can be considered a “one-time exogenous shock model” [4]. In other words, it is designed to explore the 
short-run impacts of a (hypothetical) shock whose impacts occur within a single year in which planting decisions have 
largely been made, leading to an inelastic supply. In this scenario of inelastic supply, countries can only respond by uti-
lizing grain stocks, withholding exports, adjusting imports from existing suppliers and, at a cost, diversifying their trading 
partners.

We provide here a brief overview of the methodology in four subsections: (i) the spatial price equilibrium model, (ii) the 
implementation of the various shocks into the model, (iii) an overview of the factors determining the coping capacity of 
different countries, and (iv) the impact metrics we employ. Further details are provided in the Supporting Information.

2.2  Global spatial price equilibrium model

Our newly developed spatial price equilibrium model (SPEM) captures producer and consumer prices, supply, demand 
and trade flows. A SPEM is a multi-region partial equilibrium model that links producers and consumers across geogra-
phies [41]. The cost of trade sums all expenses incurred post farm gate including storage, within-country transportation, 
border and custom compliance, maritime transport, intermodal transfers, port fees, and import tariffs. These trade cost 
components have been derived separately in our previous work [38] which explored how trade costs contribute to the 
landed cost of grains, across crops and countries.

The benefits of a SPEM are fourfold. First, it explicitly captures bilateral trade flows, which are absent in most global 
food systems models. Second, it allows for trade substitution and the establishment of new trading partners. Third, it 
captures directional trade flows, meaning that countries can both import and export the same product. Fourth, it allows 
different types of shocks to be modeled, including price shocks, supply shocks, and trade shocks (e.g., tariffs, trade bans). 
SPEMs are usually constructed to address medium to long term questions such as the response of an economy to chang-
ing trade tariffs or demand patterns [40,42]. Here, we have adjusted the standard SPEM formulation to make it suitable for 
studying more short-term, typically one-off shocks (see Supporting Information). We have also incorporated commodity 
stock levels in the modelling framework, as these are essential to understand supply shortages in the short-term but are 
usually omitted in studies with a longer time horizon.
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In our model, the decision to supply grain commodities from certain regions is purely based on differentials in the total 
landed cost of the goods (that is the cost to produce crops and ship them to consumers). However, there are real-world 
non-cost elements which influence where countries export to, and from where countries source imports. Hence, the model 
needs to be calibrated using existing trade data to capture these factors and create a representative cost chain for the 
trade network underpinning our reference period [40,43]. The model was calibrated to reproduce observed trade flows in 
our reference period (2017–2021) given the previous time period (averaged over 2012–2016) as a starting point (see Val-
idation in S2 Text). This process yielded a calibration constant for each bilateral trade relationship, representing ‘shadow 
trade costs’ within the current trade network. Given that we imposed shocks to our reference food system, only one cali-
bration constant is required instead of a multi-period calibration procedure. Moreover, only our reference trade system can 
be realistically calibrated, given that we do not have historical data on agricultural tariffs, production structures and costs, 
and transport connectivity and related costs.

In our model, countries have interconnected competitive markets between which there are directional trade flows 
in homogeneous goods. Producers in each country have a fixed amount of the good to supply to the market (either 
domestic or foreign), which is determined by that year’s harvest and which they sell at the highest possible price. How-
ever, countries can utilize their stocks to bridge supply deficits, following their supply curve. Consumers have elastic 
demand for food commodities which they buy at the lowest possible price (following their demand curve). At equilibrium, 
we can find the trade flows between countries that determine the producer and consumer prices. For each country, the 
total production, stocks utilized and imports must match the total consumption and export at equilibrium.

The SPEM model thus required data on trade, transport and trade costs, stocks, prices, supply and demand, and infor-
mation on the shape of the demand and supply curves (the demand and supply elasticities). We included 177 countries 
for which we could collect all the data required and provide an overview of the data sources in S1 Table. In the S1 Text, 
we describe the trade cost formulation used, the model set-up and the calibration process. A separate SPEM was con-
structed for each of the four crops, without considering any cross-grain substitution effects.

2.3  Shock implementation

Four shock scenarios were superimposed on a “weather-only” baseline scenario. It is important to clarify that our study 
used shocks that are motivated by the events of 2022–2023, rather than attempting to precisely reproduce the effects of 
these specific events. Instead, the main goal of this study is to explore the resilience of the food system to plausible and 
representative shocks against a wide range of simulated weather outcomes. Reproducing historical events would require 
more granular inputs than adopted in this paper. Below, we describe the different scenarios, with further details provided 
in the S1 Text.
Baseline “weather-only” scenario: Food production is influenced by year-to-year weather variations. Therefore, the 
impact of any additional shock depends upon the coincident weather in the year in which it occurs. To comprehensively 
analyze weather-related variability in food production, a baseline was adopted that incorporates weather variations from 
54 years of observed global meteorological data, which was fed in a calibrated crop model [44]. For each grid cell, this 
resulted in a probabilistic yield realization based on past observed weather conditions. It should be emphasized that the 
resulting yield distribution should be interpreted as plausible variations in production based on historical weather, and not 
a historical reconstruction reflecting changes in productivity, harvest area and other factors [44]. Modeled grid-level crop 
yields were aggregated to country level to derive 54 samples of national crop yield (and hence production). Linear regres-
sion was used to filter out trends in the data and derive annual production deviations from the mean. These deviations 
were then added to the calibrated supply as input to the trade model (see S1 Text), after which the model equilibrium was 
re-evaluated.
Ukraine war scenario: For this scenario, three adjustments to the baseline model were added. First, the food sup-
ply from Ukraine was lowered to 60% of its baseline, in line with observed reductions in 2022/2023 [45]. Second, the 
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trade costs of all food trade to and from Russia was increased by 50% to represent a surge in insurance costs for 
trade with Russia and rerouting costs given disruptions in Black Sea trade. Third, the effects of the blockage of Black 
Sea ports were modeled by doubling [46] the costs of trade from Ukraine to any non-European country. This captured 
the difficulty of sourcing Ukraine exports via sea and the additional costs to reroute goods via rail to alternative Euro-
pean ports.
Price shock scenario: In this scenario, a price shock was introduced to capture the increase in fertilizer, pesticide and 
diesel costs that occurred due to the energy crisis after Russia’s invasion of Ukraine as well other supply issues over the 
last few years. We follow a similar methodology to that in our previous work [38] and estimated for every country the share 
of fertilizer, pesticide and diesel costs to total production costs. An input price shock was imposed in the model, increasing 
fertilizer costs by 200% and diesel costs and pesticide costs by 100% (see S2 Table). This input price shock was assumed 
to be passed on to consumers via an equivalent increase in producer prices (see S1 Text).
Trade bans scenario. In the trade ban scenario, the impacts of trade restrictions were evaluated in a similar way to those 
implemented by countries between 2022 and 2023. To do so, the Global Trade Alert (GTA) database (https://www.global-
tradealert.org/) was utilized, which is considered the most comprehensive database on Non-Tariff Measures (NTM) avail-
able. The GTA database is constructed using an automated data collection system described in Evenett et al. [47,48]. The 
GTA database covers which countries imposed trade restrictions, which countries were affected by them, and for which 
commodities these restrictions were applied. Information on all implemented import and export trade bans (hereafter trade 
bans) was extracted for the four crops considered, and subsequently encoded in the model by preventing trade between 
the countries affected.
All “compound” shock scenario. In the compound shock scenario (“All”), all three shocks were implemented simultane-
ously on top of our “weather only” baseline.

2.4  Coping capacity indicators

There is a long-standing debate about the factors that determine a country’s food system resilience, i.e., the factors that 
shape a country’s capacity to cope and respond to shocks [17], including the role of trade [9,20]. A variety of indicators 
have been proposed to measure the coping capacity of countries. Here we considered five of these:

•	 Import dependency (ID) measures the percentage of consumption (production + imports – exports) derived from 
imports [17,27]. Higher ID makes countries vulnerable to shocks elsewhere, but reduces the impacts of domestic yield 
fluctuations (S1 Fig).

•	 Supply diversification, measured by the Herfindahl-Hirschman Index (HHI) which is an estimate of the degree to which 
supply is concentrated in a restricted number of countries (including from domestic production) [17,49]. Countries with 
larger supply diversification, so a lower HHI, can more easily substitute supply but are also more exposed to a greater 
number of shocks (42).

•	 The stocks-to-use ratio (S-t-U) measures the availability of stocks that can be used to meet shortfalls in supply and 
address domestic demand [18,29,50] (S3 Fig).

•	 The export-to-production ratio (E-t-P) is a proxy for a country’s ability to withhold exports to meet shortfalls in domes-
tic supply or withhold exports to lower domestic prices [17] (S4 Fig).

•	 The demand elasticity (DE) of countries determines its willingness to forego consumption if prices increase, and vice 
versa [18,51]. This is determined by a country’s dietary preferences and GDP, among other factors (S5 Fig).

We tested the relationship between these coping capacity indicators and the impacts as a result of the shocks mod-
eled (see Section 2.5).

https://www.globaltradealert.org/
https://www.globaltradealert.org/
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2.5  Impact metrics

Food system resilience in this study is measured in terms of fluctuations in consumer surplus. The consumer surplus is 
a measure of welfare that captures the difference between consumers’ willingness to pay for a given quantity of food and 
the price they actually have to pay. It has been used as an impact metric in a number of other studies of exogenous food 
system shocks [52–54]. Changes in consumer surplus track welfare impacts of price changes impacting both expenditure 
and consumption. A country’s food system resilience can thus be defined as the ability to buffer impacts to its consumer 
surplus given the shocks imposed nationally and internationally.

Apart from country-level impacts, we also evaluated the globally systemic impacts of specific shock scenarios. We 
measured the globally systemic impacts as the simultaneous negative consumer surplus experienced across countries for 
a given shock scenario. A negative consumer surplus measures the deviation in consumer surplus for a certain weather 
realization compared to the mean consumer surplus experienced across the 54 weather years in the Baseline scenario. 
The global systemic impact is thus defined as the total number of countries experiencing a negative consumer surplus 
and the total cumulative negative consumer surplus across countries.

To explore how coping capacity, as measured by the different indicators (Section 2.4), influences a country’s food 
system resilience, the relationship between the cross-country differences in the coping capacity indices and the mod-
eled deviations in consumer surplus was evaluated. To do so, the severity of consumer surplus impacts per country were 
ranked across the stochastic shock scenarios (from 1 to 54). Then, the Spearman rank correlations between the mod-
eled impacts and the five coping capacity indicators were evaluated. A non-parametric statistic was more appropriate than 
a standard Pearson correlation as the data was ordinal and to capture the potential non-linear relationship.

3  Results

3.1  The influence of weather on yields and hence consumer prices

We investigated the effects of typical patterns of weather fluctuations on domestic and foreign prices using 54 instances of 
annual weather data (Baseline scenario). In Fig 1 we show price volatility and average consumer prices for this scenario, for 
all four crops combined (Fig 1A) and for each crop separately (Fig 1B-1E). In S6-S7 Figs, we provide further information on 
fluctuations in supply and the degree to which domestic price fluctuations are influenced by global price fluctuations.

Despite weather-related variations in crop yield, most of Europe and North Africa exhibit low prices and low volatility, 
due to the deep and diverse grain markets operating in these regions. Regions with high production serving predominantly 
domestic markets (Central Asia, Eastern Europe, Australia, South Africa) have low prices but relatively high volatility, as 
domestic food prices are very sensitive to weather-related variation in domestic production (see S6 Fig). In contrast, some 
large importers (China, Bolivia, the Middle East and Sub-Saharan countries) have higher average prices because they are 
subject to large transport costs, but lower volatility because they can diversify across several food-producing trade part-
ners. Countries in Sub-Saharan Africa face both high consumer prices and high volatility. This is caused by high transport 
costs [38], a dependence on suppliers whose production is highly variable (S6 Fig), and an isolation from global markets 
that prevents countries from buffering yield shocks (S7 Fig).

There are interesting differences between the four crops (Fig 1B-1E). For maize, low consumer prices and price fluc-
tuations are predicted in Northern Africa (because of large and quite stable domestic supply) and in Eastern and Central 
Europe due to their proximity to major maize suppliers in Europe. In contrast, high transportation costs and reliance on 
variable production (AS6) leads to high prices and high price variability in most Sub-Saharan African countries and land-
locked South America. For wheat, high import-dependency leads to high consumer prices in most of Africa, yet results 
in relatively stable supplies and prices due to imports from a diversity of countries (Eastern Europe, North America, Latin 
America and Western Europe). On the other hand, large wheat producers in South America, Eastern Europe and Central 
Asia are among the lowest cost producers, yet are subject to price fluctuations induced by production variability  
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Fig 1.  Risk profile of consumer prices related to climate-driven yield variations (A) Bivariate plot of the mean consumer price averaged across the 
54 yield years, and the coefficient of variation (COV) of consumer prices over the same period across all four crops (weighted average), all under the 
baseline scenario. (B-E) Show the same as (A) but for Maize (B), Wheat (C), Rice (D) and Soybean (E) specifically. Darker red colors indicate  
that the price variability is high, but consumer prices low. Darker gold colors indicate that price variability is low, but prices are high. Black colors indicate 
that both are high. The basemap is from Global Administrative Areas project (gadm.org).

https://doi.org/10.1371/journal.pclm.0000825.g001
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(see S6 Fig) For rice, lower consumer prices are experienced in parts of Latin America, Central Asia, and South Asia and 
South-East Asia, due to relatively low-cost production for domestic markets. Low price variability is found in Western Europe 
and North America because of stable imports from rice producing countries (S6 Fig). Soybean patterns are dominated by 
high prices and high price variability in most of Africa, East and South-East Asia, due to their reliance on soybean imports 
from Latin America where production volumes are quite sensitive to the weather (more so in Argentina than Brazil).

3.2  The impacts of compound shocks

The shocks to the global grain supply that we modeled affect consumer prices, leading to a loss in consumer surplus (see S8 Fig). 
When the compound shock (All scenario) is superimposed on weather-related production variability, it causes a median (taken 
across years with different weather) increase in global consumer price (weighted by demand) of 22.6% for soybean, 40.1% for 
maize, 47.8% for rice, and 51.5% for wheat. This results in a reduction of median global consumption of 4.4% for soybean, 4.1% 
for maize, 4.5% for rice, and 8.9% for wheat. Taken together, the compound shock reduces median global consumer surplus by 
8.2% for soybean, 7.3% for maize, 7.9% for rice and 16.5% for wheat (S8 Fig). These reductions reflect the impact of food prices 
on domestic budgets and the food consumption of these crops that would be foregone because food is less affordable.

The drivers of consumer surplus losses differ across regions (Fig 2, equivalent plots for consumer prices and consump-
tion are given in S9-S12 Fig and S13-S16 Fig, respectively). For maize, the energy price shock has the greatest effect in 
most regions, and is particularly severe for Central Asia, Oceania, and Sub-Saharan Africa where consumer prices rise 
by 50–100% (S9 Fig). For wheat, the energy price shock is also dominant, except in Eastern Europe (mainly Ukraine and 
Russia) where the supply shock associated with the Ukraine war is more important. The widespread effects of energy 
price shocks reflect the ubiquitous dependence of agriculture on fuel. Trade bans are predicted to have a large impact on 
wheat prices in Central Asia (due to export bans imposed by Russia, Kyrgyzstan, and India) and Oceania (largely due to 
an Indian trade ban). The latter has a knock-on effect on increased demand for wheat from Australia, which raises con-
sumer prices locally, a dynamic that was also observed in 2022 [55].

For rice, the consumer surplus in Sub-Saharan Africa, East Asia, Central Asia, Western Asia, and Eastern Europe was 
found to be severely impacted by trade restrictions, particularly a rice export ban imposed by India. The same ban results in 
a reduction in domestic prices and so positively impacts domestic Indian consumer surplus, a response observed after India 
restricted rice exports in 2023 [56]. Consumer surpluses for rice in Central Asia are extremely sensitive to the different shocks. 
This can be explained by a combination of high weather-related production volatility in the region, combined with dependen-
cies on trade from South Asia (affected by trade restrictions) and Eastern Europe (affected by the Ukraine war). Soybean 
consumer surpluses are most influenced by the energy price shock which is felt relatively uniformly across all regions.

Our country-level analysis (S17 Fig) further shows that, especially for wheat and rice, countries within the same region can be 
affected in quite different ways by the shocks, something that could not be studied using a more aggregated (regional) model.

3.3  Global systemic impact

Local or regional production shocks can give rise to systemic impacts that are felt everywhere because of the intercon-
nected global food supply network. This may happen when shocks occur simultaneously (e.g., multiple breadbasket 
failures) or when a local shock is of such magnitude that it has global ramifications. To illustrate the potential worst case 
scenarios, we rank years from worst to best in terms of the cumulative negative consumer surplus (a log scale is used to 
highlight the effects of poor weather years) (Fig 3).

Under the Baseline scenario (Fig 3, grey curve), the worst annual consumer surplus loss is USD90.8 billion for maize, 
USD31.2 billion for wheat, USD64.4 billion for rice, and USD72.3 billion for soybean. This is equivalent to a 5% reduction 
in consumer surplus for maize, wheat and rice, and 10–15% for soybeans (S18 Fig). When this is compounded with the 
All shock scenario, the episodic loss can rise to up to USD246.4 billion, USD145.6 billion, USD135.6 billion, and USD78.6 
billion for maize, wheat, rice, and soybean, respectively. In relative terms, this refers to a 10–15% reduction in consumer 
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Fig 2.  Regional impact of shocks to consumer surplus. (A) Median deviation (across the 54 events) of the normalized total consumer surplus (CS) 
under the various shock scenarios compared to the average regional consumer surplus for the baseline scenario (across the 54 events). (B-E) Show the 
same results but for the crop-specific CS. See S3 Table for a classification of the regions. A low fraction indicates a more severe impact on consumer 
surplus.

https://doi.org/10.1371/journal.pclm.0000825.g002
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surplus during the worst years for maize and rice, and 15 – 20% for wheat and soybeans (S18 Fig). Comparing All with 
the other three shock scenarios, we find that the energy price shock can explain most of the response for maize while for 
the other crops the different shocks all contribute to the drop in global consumer surplus. Trade restrictions for wheat and 
rice also cause widespread negative consumer surplus across countries. These shocks together can cause almost all 
countries to simultaneously experience a negative consumer surplus (S19 Fig).

What is also apparent from the results is the importance of weather-related variability as a driver of systemic risk. If the 
worst year represented in our weather data is compared with the median year (the 0.5 quantile), the difference in consumer 
surplus is in many cases larger than the additional effect of the shock scenarios. In other words, the impact of a very good 
harvest or breadbasket failure can be as great or greater than the additional effects of non-climatic shocks, emphasizing the 
importance of looking at them together.

We further test whether certain country groups are more prone to these systemic shocks than others. Small Island Develop-
ing States (SIDS), which are often import-dependent, are considered to be more vulnerable to shocks originating abroad. Our 

Fig 3.  Global systemic impacts of shocks. Total amount of a negative consumer surplus (CS) during a single event (sum of all negative CS across 
countries). The quantiles indicates the rank of the weather year compared to the total number of weather years in our sample (N = 54), ordered by sever-
ity (rank 1 is worst case). A lower quantile indicates a higher severity event in terms of total negative consumer surplus.

https://doi.org/10.1371/journal.pclm.0000825.g003
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results (S20 Fig) shows that the systemic shock they face in terms of consumer surplus reduction is almost twice as high for 
maize and rice, but negligible for wheat and soybean. We perform the same test by grouping countries in terms of their income 
classification (Low and Lower Middle Income; Upper Middle Income; High Income), see S21 Fig. Here, again, crop-specific 
differences dominate. Upper Middle Income countries show lower impacts for wheat and rice, while Low and Lower Middle 
Income countries show higher systemic shock impacts for maize and soybean, but not for wheat and rice. In other words, 
crop-specific differences dominate specific characteristics of specific country groups, at least in our modelling framework.

3.4  Country food system resilience

A country’s food system resilience is shaped by different country characteristics that influence its coping capacity  
(see S1-S5 Figs for the country characteristics). Here, we test to what extent the coping indicators help explain the 
between-country variations in consumer surplus impacts under the Baseline scenario (S22 Fig) and All scenario (Fig 4). In 

Fig 4.  Country coping capacity to compound shock. (A) The Spearman rank correlation coefficient between country consumer surplus impacts and 
the different coping capacity indicators. (B-D) Show the same Figs but for Wheat (B), Rice (C) and Soybean (D). The quantiles indicate the rank of the 
shock year compared to the total number of years in our sample (N = 54), ordered by severity (event 1/54 is the worst case). ID = import dependency, 
HHI = the Herfindahl-Hirschman Index (HHI), S-t-U = stocks-to-use ratio, DE = demand elasticity and E-t-P = export to production ratio. All results are for 
the compound (All) shock scenario. A higher positive or negative coefficient indicates a stronger relationship between the coping capacity indicator and 
the across-country consumer surplus impacts.

https://doi.org/10.1371/journal.pclm.0000825.g004
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particular, the HHI and ID indices measure the ability of countries to shift trade patterns, which were explicitly considered 
in our modelling framework as shown and discussed in S3 Text.

For maize, the impacts on consumer surplus increase for countries with a higher demand elasticity, a low diversity of 
suppliers, and low import dependency. These countries (such as Uganda, Afghanistan and Côte d’Ivoire) have a limited 
ability to replace domestic supplies with imports from different sources. For wheat, a combination of having high demand 
elasticity, high supply concentration and low stocks-to-use ratios was found to reduce food system resilience, while the 
effect of import dependency is less important. This explains the large impacts of the compound shock on countries such 
as Zambia, Madagascar and Mongolia. For rice, supply concentration is the leading factor driving between-country varia-
tion in consumer surplus, harming the ability of countries (such as Rwanda and Burundi) with a low diversity of suppliers 
to cope with systemic shocks. For soybean, countries with high self-sufficiency (through low export ratios, low import 
dependency, and high primarily domestic concentration) and high demand elasticities are most affected (for example 
Brazil, Serbia and Zambia). These results underline that a combination of factors together influence the food system resil-
ience of a country to compounding global shocks.

4  Discussion

Fluctuations in food supplies and prices have been a growing cause of concern for governments and the international 
community since the 2007–2008 food crisis. Both empirical and model-based endeavors have sought to improve our 
understanding of the transmission of shocks through international food networks, its drivers, and the exposure and resil-
ience of different countries to those shocks. Our work complements those studies by emphasizing the importance of trade 
dynamics in shaping the transmission of shocks and country’s food supply resilience.

In our modeling framework, the compounding nature of weather and non-weather shocks was studied, including how 
this impacts countries globally within a food system interconnected by trade. This makes our study distinct from most 
earlier attempts that model a single shock [4,27,30], most often a supply shock or export restriction. Within our framework, 
the supply shock associated with the Ukraine war and the introduction of trade restrictions had the lowest global impacts 
across the scenarios studied. Still, the consequences for certain countries, in particular those with strong trade links to 
the Ukraine or dependent on countries introducing export bans, could be substantial, in line with previous work [35]. This 
underlines that a country-level analysis is key to distinguish the effects of exposure levels and impact pathways. Over-
all, we find that, within the set of scenarios we explored in our study, the indirect effects of the war in Ukraine via energy 
prices were greater than the direct effects through reduced production and trade disruptions. This has been found in other 
studies as well [31,34], and mainly occurs because energy prices affect all countries to some extent, irrespective of their 
position in the global trading system.

The relatively minor impact of the supply shock of the Ukraine war on global prices and consumption in our simulations 
arises because countries can source maize and wheat from international markets, either from existing trading partners or 
by establishing (at a cost) new trading relationships. This highlights the importance of trade substitution during shocks, 
which most existing food shock models do not capture. However, there is an ongoing debate about the short-run sticki-
ness of trade flows after a shock [57]. In our model, each country could increase its imports from existing trade partners or 
establish a new trading relationship. However, there may be factors that favor or prevent such adjustments. For instance, 
previous work has shown that low-income countries often suffer disproportionately during trade shock, which has been 
hypothesized as due to lesser bargaining power [5,27]. Insights into the flexibility of trade adjustments and the factors that 
shape the winners and losers in securing supplies during “shortages” merit further research attention.

Our study contributes to the long-standing debate on whether reliance on trade is beneficial or not when it comes to 
food system resilience, given its potential to expose countries to systemic shocks [9,20]. We find that the global food 
system exhibits considerable resilience to mild shocks, with trade adjustments able to reduce impacts on consumer prices 
and consumer surplus. However, in years when the food system is already stressed due to weather-related crop failures, 
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the food system becomes sensitive to the occurrence of further, non-climatic shocks. In particular, shocks such as a rise in 
energy prices can hit many producers at the same time, reducing the benefits of diversification. Stress-testing exercises, 
like our study, are therefore critical to understanding how systemic risks arise, how they propagate through food networks, 
and how they affect countries differently. Despite the fact that agricultural models have known biases in predicting the 
effects of climate extremes on future yields [58], estimating the likelihood of weather-related shocks is feasible. However, 
estimating the likelihood of non-climatic shocks is inherently much more difficult, requiring carefully crafted shock narra-
tives that can inform policy.

Our study shows that a complex combination of factors, including import dependency, supply diversification, stock lev-
els, and ability to withhold exports, shape a country’s food system resilience. We find that the relative importance of these 
factors differs per crop, something that has also been noted in previous research [17,26]. For instance, we find that higher 
trade diversification positively impacts country resilience across all crops, but particular so for rice. Our results further 
point to the positive effect that a higher maize import dependency has on resilience, in line with earlier empirical find-
ings [20]. On the contrary, access to stocks is most critical for wheat supplies in our simulations. Heslin et al. (2020) also 
found that United States stock levels were a key determinant of the international propagation of a major domestic supply 
shock [30]. In addition to the variations across crops, we find that for soybeans the importance of the different coping 
indicators changes with the severity of the shock. While the import dependency and export-to-use ratio do not explain the 
cross-country impacts observed under moderately extreme events, these two indicators become increasingly important in 
explaining the impacts across countries for the most extreme events. In other words, a country’s food system resilience is 
not a static concept or a general attribute of a country, as often portrayed, but can differ across types of shocks and shock 
severity.

In addition to assessing the factors that shape a country’s exposure and vulnerability to internationally transmitted 
shocks, it is important to understand the ability of a country to mitigate such shocks. Some countries have put in place 
mechanisms to transfer risk, or to recover quickly from exogenous supply or price shocks [13]. Based on our results, we 
see value in a layered approach to resilience in which the exposure and response to different types of shocks is matched 
to a set of specific interventions (such as agricultural system interventions, fiscal policies, and trade policies). Given the 
relative importance of these shocks in terms of their probability and severity, an optimal portfolio of interventions can then 
be determined.

5  Limitations

As with all global analyses, our modelling framework has several limitation. First, our model is supply constrained and 
does not allow for within-year adjustments by food producers. In reality, many farmers have few options to adapt to 
emerging shocks within a growing season, but there may be some opportunities to switch crops or alter crop management 
(including the application of fertilizers and pesticides) to reflect prevailing market conditions. For example, in 2022–2023 
farmers chose to reduce the use of fertilizer and pesticide in response to rising input prices [59], which in turn would have 
reduced yields and supply and hence increased consumer prices. We believe the net effects of within-year responses will 
have only a minor effect on the broad patterns we found, but further analysis of this issue would be interesting to explore 
how enhancing within-year response agility may affect food system resilience.

Second, the price fluctuations we modeled only capture part of the price spike dynamics as observed during past 
events. In particular, on shorter time spans of days or weeks, global price fluctuations may be considerably higher due 
to aspects of grain markets that are not modeled here, such as speculation [60], derivatives trading, and cross-sectoral 
interactions with other markets (e.g., biofuels) [18]. In addition, we do not include government interventions, such as tariff 
adjustments and price subsidies, that affect the pass-through of global price spikes to domestic prices [61,62]. Including 
such policy responses in our model, and the feedback processes they may have with global markets, is an important 
future research avenue.
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Third, we implemented a one-off exogenous shock to a single crop. In doing so, we omit how the implications of a shock 
are carried over to the following year(s), or how shocks to one crop may affect prices of, and demand for, other crops. For 
instance, during price spikes of grain crops, consumption patterns often change, leading to a higher consumption of unaf-
fected or less-affected grain crops, or even other food groups [63,64]. Extending our modelling framework to a multi-year and 
multi-crop model can help address such questions but comes at the expense of higher computational complexity.

Fourth, the probabilistic set-up of our modelling framework, involving 54 years of weather-driven yield fluctuations, 
makes it computationally difficult to systematically explore variations in other model parameters. For instance, our analysis 
of the importance of various coping indicators indicated that demand elasticity is an important parameter shaping a coun-
try’s food system resilience, but we have not been able to do a full sensitivity analysis of this parameter.

Fifth, the specificity of the compound shock modeled in this study limits us from making statements about the gener-
alization of our findings beyond the context of these shocks. Future work could consider relaxing some of the model’s 
granularity (e.g., number of countries) and test a larger subset of shock scenarios.

6  Conclusion

The world requires a globalized food system so that countries with a production surplus can provide food to countries with limited 
agricultural capacity to feed their population. Global trade in food is therefore essential to ensure global food security, and the food 
system needs to be stress-tested to ensure it is resilient to plausible worse-case shocks. We believe that the modeling approach we 
have adopted here, which can be extended to include further aspects of food system dynamics or different shocks (such as pest out-
breaks, shipping disruption, or other conflicts), can be a useful tool to locate food systems’ strengths and vulnerabilities, and identify 
strategies to increase resilience, such as strategic stockpiling, schemes to support domestic production or new trade agreements. 
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S24 Fig. Chord diagram of global international trade flows between regions under the baseline scenario (average 
over 54 years). The size of the outer band indicates the export share that regions have, and the size of the lines indicates 
the size of traded volume. See S3 Table for a classification of the regions.
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Entries on the bottom-left to top-right diagonal of the matrices indicate changes in within-region international trade flows. 
See S3 Table for a classification of the regions. Darker red colours indicate larger negative trade volume, whereas darker 
blue colours indicate larger positive trade volume.
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