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Abstract

Global food systems face mounting pressures from climate change, evolving dietary
preferences, and shifting trade policies, all of which threaten food security. Un-
derstanding how food moves from production to consumption, and identifying the
vulnerabilities and environmental impacts embedded in these distribution networks,
is essential for building resilient and sustainable food systems. Despite this necessity,
there remains substantial empirical uncertainty around the structure of food flows
at fine spatial scales, the environmental footprints of the foods we consume, and how
future changes in diets, climate, and trade policy may reshape global food systems.
In this doctoral thesis, I present three papers that advance this understanding.
In Paper 1, I develop a novel methodological framework to map global cereal
flows at subnational scales across 3,536 regions in 195 countries, revealing substantial
heterogeneity in regional dependencies and identifying concentration patterns that
expose vulnerabilities in cereal flow networks. In Paper 2, I estimate the environ-
mental footprints of approximately 475,000 retail food products across 74 countries,
demonstrating that the relative ranking of food categories by environmental impact
is consistent across regions — with products containing animal-derived ingredients,
coffee, and nuts consistently exhibiting the highest footprints — but that ingredient
sourcing can also meaningfully affect a product’s footprint. In Paper 3, I model
how bilateral trade flows for 32 crops across 153 countries may evolve through
2050 under alternative dietary, climate, and trade policy scenarios, finding that
accommodating large-scale dietary transitions under climate change would require
substantial restructuring of global food trade, and that more liberalized trade regimes
increase reliance on a smaller set of foreign suppliers alongside efficiency gains.
Overall, I argue that more informed decision-making amid the coupled challenges

of climate mitigation and food systems transformation requires attention to several



interrelated dimensions of food systems. Among these are the balance between
local self-sufficiency and global connectivity; the fact that environmental impacts
are driven largely by what is consumed, but also by how food is produced; and the

ways in which dietary, climate, and policy pathways may reshape global food flows.
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Introduction

Global food systems lie at the heart of the sustainability and climate crisis. On one
hand, climate related extremes are increasingly disrupting agricultural productivity
and food supply chains, with more frequent production losses undermining food
security (Skea et al., 2022). On the other hand, the global food system is itself a
major driver of climate and environmental change, accounting for up to a third of
anthropogenic greenhouse gas emissions (Crippa et al., 2021; Foley et al., 2011).
Furthermore, globalization and agricultural trade mean that a shock to food
production in one region can rapidly propagate across borders (Centeno et al., 2015;
Wellesley et al., 2017), while dietary transitions, whether driven by rising incomes or
by health and sustainability goals, would reshape both demand patterns and supply
chain configurations (Gouel & Guimbard, 2019; Pingali, 2007; Willett et al., 2019).
These interconnected dynamics, where food systems are simultaneously vulnerable
to climate change and a cause of it, create both challenges and opportunities for
building resilient and sustainable food futures.

Addressing this dual challenge requires understanding how food moves from
where it is produced to where it is consumed. International food trade has more
than doubled in the last two decades and is now critical to global food security
(FAO, 2022). For many countries, trade is the primary mechanism through which

food deficits are met (Kinnunen et al., 2020). Trade can buffer local production



1. Introduction

shocks and serve as an adaptation mechanism under climate change (Janssens
et al., 2020). Yet trade networks can also transmit and amplify shocks through
geopolitical disruptions, extreme weather events, and disease outbreaks, especially
when disruptions occur in key producing regions (Centeno et al.; 2015; Puma et al.,
2015; Wellesley et al., 2017). Understanding the structure of food flows, i.e., where
food comes from, where it goes, and which links are most critical, is therefore
essential for identifying vulnerabilities and building resilience.

Yet our understanding of food flows remains limited. Most prior research on food
trade has focused on international trade at national scales (Sartori & Schiavo, 2015;
Vishwakarma et al., 2022; Y.-T. Zhang & Zhou, 2022), but this perspective obscures
substantial heterogeneity within countries (Lin et al., 2019; Pandit et al., 2023).
Subnational resolution can enable a more accurate assessment of local exposure to
supply disruptions, and allocation of consumption-related environmental impacts.
The first paper of this thesis addresses this gap by developing a novel methodological
framework to map global cereal flows at subnational scales, revealing the hidden
geography of food distribution and its implications for resilience.

Alongside the structure of food flows, we must also understand the environmental
burdens these impose. The environmental footprint of food systems spans greenhouse
gas emissions, land use change, water use, nutrient pollution, and biodiversity loss
(Foley et al., 2011). The environmental cost of producing the same goods can be
highly variable, indicating substantial mitigation opportunity on the production side
(Poore & Nemecek, 2018). At the same time, even the lowest-impact animal products
typically have higher impacts than those of plant-based substitutes, suggesting that
dietary change on the consumer side can have substantial positive effects (Poore &
Nemecek, 2018). A critical question then, is whether impacts are driven primarily
by what people eat or by where and how its ingredients are sourced.

Answering this question requires rigorous data on the environmental footprints
of food products, accounting for both product composition and ingredient sourcing.
Such data would enable retailers to compare products consistently, procurement

teams to set evidence-based targets, policymakers to design effective regulation,
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and consumers to make informed choices (El Bilali & Allahyari, 2018). Yet most
research has quantified footprints of agricultural commodities rather than the multi-
ingredient packaged foods that dominate many modern retail environments (Clark
et al., 2022; Poore & Nemecek, 2018; Sala et al., 2017). The second paper of this
thesis addresses this gap by estimating the environmental footprints of 475,000
retail food products across 74 countries, and assessing the contribution of product
composition and ingredient sourcing to these impacts.

Beyond current patterns, food flows will be reshaped by forces already in motion,
such as climate change, population growth, urbanization, land-use competition, and
evolving dietary preferences (Godfray et al., 2010; Nelson et al., 2014; Springmann
et al., 2018; Tilman et al., 2011). Climate change will unevenly affect regional
crop productivity (Gaupp et al., 2019; Rezaei et al., 2023). Simultaneously,
socio-economic growth across emerging economies towards more diverse diets that
often include greater consumption of animal products (Pingali, 2007), or global
transitions towards healthier and more sustainable diets (Willett et al., 2019) would
reallocate demand across commodities. Trade policy regimes will further shape
how production and consumption are spatially distributed and how efficiently
surpluses reach deficit regions.

The interaction between these forces will determine the future geography of
food production and trade. Yet the literatures on climate impacts on agriculture
(Gaupp et al., 2019; Havlik et al., 2014; Rezaei et al., 2023; Robinson et al.,
2015), dietary transitions (Gouel & Guimbard, 2019; Springmann et al., 2018;
Willett et al., 2019), and trade as an adaptation mechanism under climate change
(Gouel & Laborde, 2021; Janssens et al., 2020) have largely proceeded separately.
The third paper of this thesis addresses this gap by developing an integrated
modelling framework that projects bilateral trade flows for 32 crop groups across
153 countries through 2050, under alternative combinations of dietary transitions,
climate pathways, and trade policy regimes.

Together, these three papers provide a comprehensive examination of global food

systems across spatial scales, food system activities, and temporal dimensions. The
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first paper reveals the hidden structure of food flows, identifying where vulnerabilities
lie. The second paper quantifies the environmental burdens these flows carry,
decomposing impacts into actionable components. The third paper projects how
these systems may evolve, identifying the forces that will matter most. The thesis
moves from diagnosis to prognosis, from understanding the current state of food
systems to anticipating their future trajectories (Figure 1.1).

To pursue these questions, I employ a range of quantitative approaches including
machine learning and network analysis to capture the topology of food flows, life-
cycle assessment and Monte Carlo analysis to measure environmental burdens
through supply chains, and partial equilibrium modelling to simulate trade patterns
under future scenarios. These methods allow me to move beyond aggregate statistics
to reveal the spatial heterogeneity, supply chain complexity, and scenario-dependent
uncertainty that characterise global food systems.

Together, these three papers offer complementary perspectives on global food
systems. Paper 1 reveals that national-level statistics obscure substantial subnational
heterogeneity in food flows, with implications for how we assess vulnerability. Paper
2 shows that while dietary composition is the primary driver of environmental
footprints, sourcing decisions matter enough to warrant attention from supply chain
interventions. Paper 3 finds that achieving dietary transitions under a changing
climate requires global food trade to reshape significantly over the coming decades,
and that trade liberalization involves trade-offs between efficiency and concentration.
While each paper addresses a distinct question, these findings underscore the need
for integrated approaches that align dietary guidelines, agricultural investment, and

trade policy to build equitable and sustainable food futures.

1.1 Thesis outline

In Chapter 1, I outline the overall motivation of my doctoral thesis. I discuss why
understanding global food flows and their implications is crucial for building resilient

and sustainable food systems. After this outline, I present a review of the relevant
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Figure 1.1: Structural overview of doctoral thesis

literature that situates the three papers within broader scholarly debates on food
systems resilience, environmental impacts of food, and future food system scenarios.

In Chapters 2, 3, and 4, I present three individual pieces of research that
tackle different facets of the food systems challenge. Paper 1 has been submitted
to Environmental Research: Food Systems. Paper 2 is ready to be submitted to
Proceedings of the National Academy of Sciences. Paper 3 will be submitted to
Nature Food after incorporating co-author feedback.

In Paper 1, I present a paper that develops a novel methodological framework
integrating machine learning and data harmonisation algorithms to map global cereal

flows at subnational scales. The paper models international and domestic cereal
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flows across 3,536 first-level administrative regions in 195 countries, identifies critical
nodes and links in cereal distribution networks, and quantifies concentration patterns
that reveal vulnerabilities to production and market shocks. The analysis reveals
substantial heterogeneity in regional dependencies on domestic versus international
food flows, with implications for food systems resilience.

In Paper 2, I present a co-authored paper that estimates the environmental
footprints of approximately 475,000 retail food products across 74 countries. The
paper combines machine learning-based product categorisation, ingredient com-
position estimation, and life cycle assessment data weighted by supply chain
sourcing patterns to quantify impacts across five environmental indicators: land
use, greenhouse gas emissions, biodiversity loss, eutrophication, and water stress.
The analysis demonstrates that ingredient composition remains the dominant driver
of environmental impacts — with products containing animal-derived ingredients,
coffee, and nuts consistently exhibiting the highest footprints — but that ingredient
sourcing can also meaningfully affect a product’s footprint, suggesting supply chain
interventions can complement dietary shifts.

In Paper 3, I present a co-authored paper that models how bilateral trade
flows for 32 crops across 153 countries may evolve through 2050 under alternative
dietary transitions, climate pathways, and trade liberalization regimes. The
paper employs a spatial price equilibrium model to project future production,
consumption, and bilateral trade flows under 20 scenario combinations. The
analysis finds that accommodating large-scale dietary transitions would require
substantial restructuring of global food trade, and that this restructuring interacts
with climate impacts on yields and trade policy regimes in complex ways. Trade
liberalization, meanwhile, involves trade-offs between efficiency gains and increased
import concentration.

Finally, in Chapter 5, a brief Conclusion is presented where I summarise the main
insights that the collective work of this thesis has yielded. The individual pieces of
work combined in this thesis illustrate that there is significant value in examining

food systems across multiple scales and dimensions. The thesis demonstrates that
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building resilient and sustainable food systems requires understanding the interplay
between local self-sufficiency and global connectivity, recognising that environmental
impacts are shaped primarily by what we eat but also by how it is produced, and
coordinating dietary guidelines with trade policy to navigate the restructuring of

global food networks that dietary transitions will entail.

1.2 Literature Review

This literature review situates the three papers within the broader scholarly context,
organised around three themes that correspond to each paper. Each section reviews
the relevant literature, identifies gaps, and explains how the corresponding paper
addresses them.

Before proceeding, it is useful to define the key concepts that frame this thesis.
Food systems include all activities associated with food production and utilization
as seen in Figure 1.2 (Woodhill & Quak, 2019). These activities are influenced by
the institutional norms they operate within, and by activities conducted under any
supporting sectors such as logistics or communication. Moreover, they are influenced
by their natural, social, and economic environments, referred to as drivers. At the
same time, food systems generate outcomes such as food security, environmental
and economic impacts. This framework demonstrates the interconnected nature
of food systems activities, drivers, and outcomes.

Food systems are responsible for 21-37% of anthropogenic greenhouse gas
emissions, with agricultural production accounting for the majority of this, and
other activities in the food system such as processing and transport accounting
for the remainder (Crippa et al., 2021; Van Berkum et al., 2018). At the same
time, environmental conditions significantly impact food systems activities. Rising
temperatures, changing rainfall patterns, extreme weather events such as droughts
and floods, and increased pests and diseases, can negatively impact crop production
(Baas et al., 2015; Fisher et al., 2002; Lesk et al., 2016; Rosenzweig et al., 2001).
Extreme humidity can have a negative impact on food while it is in storage; floods

can damage transport networks that distribute food, which in turn can increase
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price volatility in markets and cause consumers to seek food substitutes (Davis
et al., 2021). From a socio-economic perspective, agri-food is the world’s largest
economic sector with more than 2 billion people working in the food system. In
emerging and developing countries in particular, agriculture continues to be an
important livelihood and social safety net. Hence, as the demand for food grows
due to rising populations amid economic development and urbanization, achieving
food security in a sustainable manner requires food systems to increase the supply
of safe, healthy food, in an inclusive manner, while staying within environmental

Natural systemns

limits (Van Berkum et al., 2018).
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Figure 1.2: Food systems framework as defined by Woodhill and Quak (2019)

Food systems resilience can be defined as the capacity of a food system to provide
sufficient, appropriate, and accessible food to all in the face of various and even
unforeseen disturbances (Tendall et al.; 2015). This definition encompasses the
complexity of food systems and discourages enhancing resilience at the expense of
negative outcomes like food insecurity or environmental degradation (Zurek et al.,
2022). Food systems face two types of threats: shocks, which are abrupt events

such as extreme weather, disease outbreaks, or geopolitical disruptions; and stresses,
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which are longer-term drivers such as climate change, demographic shifts, and
biodiversity loss (Ingram & Zurek, 2019; Zurek et al., 2022). These threats can
interact and propagate through interconnected supply chains.

This thesis addresses both types of threats. Paper 1 examines resilience to
shocks by mapping the current structure of food flows and identifying concentration
patterns and dependencies that could amplify or transmit disruptions. Paper 3
examines resilience to stresses by exploring how food systems may need to transform
under long-term drivers including climate change, dietary transitions, and trade
policy shifts. Paper 2 complements the two by quantifying the environmental
burdens embedded in current food flows, burdens that sustainability concerns
may require us to reduce.

Food systems sustainability refers to the capacity of food systems to deliver food
security and nutrition without compromising the economic, social, and environ-
mental bases that generate food security for future generations (Nguyen, 2018).
Sustainability thus requires managing the environmental footprint of food systems,
including greenhouse gas emissions, land use, water consumption, nutrient pollution,
and biodiversity loss, while continuing to meet nutritional needs.

Additionally, this thesis uses several trade-related concepts in a specific, opera-
tional sense. Concentration refers to the degree to which trade flows within a network
are unevenly distributed across a limited number of nodes, and is quantified using
standard concentration metrics applied to bilateral trade flows. Import concentration
denotes this property from the perspective of the importer, capturing the extent to
which a country or region relies on a narrow set of external suppliers. Concentration
risk describes the potential vulnerability that may arise when high concentration
increases exposure to supply disruptions affecting key trading partners. Trade
liberalization, as used in this thesis, does not represent specific policy instruments
such as tariffs or trade agreements, but rather a modelling assumption about the
degree of freedom in international sourcing. Low trade liberalization constrains

countries to maintain higher self-sufficiency and caps reliance on individual exporters,
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while high trade liberalization allows production and trade patterns to adjust more

freely to comparative advantage.

1.2.1 Vulnerability: Mapping food distribution

Food systems are vulnerable to a range of shocks that can disrupt the flow of
food from production to consumption. Climate-related extremes like droughts,
floods, and heatwaves are increasingly affecting agricultural productivity, with
evidence suggesting that the frequency and intensity of such events is rising under
climate change (Skea et al., 2022). Critically, production shocks are not independent
across regions. Gaupp et al. (2017) found that historically observed wheat yield
deviations in five major breadbaskets (United States, Argentina, India, China, and
Australia) were interdependent, meaning that shocks in one region often coincide
with shocks in others. Beyond climate, food systems face shocks from disease
outbreaks, geopolitical conflicts, trade policy disruptions, and financial market
volatility. The COVID-19 pandemic and the Russia-Ukraine war demonstrated
how shocks can cascade through global food supply chains, disrupting trade flows,
spiking prices, and threatening food security in import-dependent regions (Laborde

et al., 2020; Lang & McKee, 2022; Salih et al., 2020).

The role of trade and transport in food distribution

Studies have examined the extent to which populations depend on trade and
transport infrastructure to access food. Kinnunen et al. (2020) found that only
11-28% of the global population can fulfil their demand for specific crops (such as
maize, rice, and temperate cereals) within a 100-kilometre radius, with significant
variation across regions and crops. Their analysis computed distances to these crops
in the absence of trade, based on friction surfaces derived from transport networks.
This study highlighted that satisfying food demand with only local production
is not feasible for most of the world's population.

Building on this work, Kotavaara et al. (2021) combined proxies of regional

supply and demand with transport network information, concluding that global
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accessibility of grains varies significantly in space, with lowest accessibility in central
Africa, central South America, and the Arabian Peninsula. The FAO used flood
simulations to understand the fragility of food delivery transport networks in Nigeria
and Pakistan, finding that breakdown of critical transport routes causes significant
detours, affecting food accessibility and causing food loss (Torero, 2021).

Z. Sun et al. (2020) evaluated the link between global consumption and local
production hotspots, tracing the supply chains of 40 primary crops and 6 kinds of
livestock using road networks to allocate supply between domestic consumption and
exports. They found that high-income countries outsource agricultural production
significantly to low-income countries with lower production costs, whereas low-
and middle-income countries have greater self-sufficiency, partly driven by lower
per-capita consumption. Although this study provided high-resolution analysis of
production hotspots, there remains scope to extend it by incorporating all modes
of transport (ports, rail, roads) and by building high-resolution networks linking

both producers and consumers at subnational scales.

Evolution and structure of international trade networks

The literature on international food trade networks has evolved considerably.
Sartori and Schiavo (2015) analysed the evolution of global trade over the years
19862010 and concluded that while the world has become more interconnected, it
is not necessarily less stable due to rising global trade. The dissipation of shocks
through networks provides sufficient benefits to outweigh the potential costs of
shock propagation and magnification. However, some nodes are critically important
owing to a few very strong relationships responsible for much of world trade.

Y.-T. Zhang and Zhou (2022) applied network analysis to the evolution of
international trade networks for maize, rice, and soybean from 1993 to 2018, finding
that all networks grew with more participants and larger trade values, becoming
tighter (more interconnected with higher clustering) and more similar across crop
types over time. Traverso and Schiavo (2020) examined global food trade from a

nutritional perspective, specifically proteins, carbohydrates, and lipids, finding that
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macronutrient trade has more than doubled since 1996, improving macronutrient
availability and aggregate food access in low-income countries.

Collectively, these studies show that global food trade networks have become
denser and more integrated over time, with important consequences for systemic
resilience, vulnerability to shocks, and the distribution of food and nutrients

across countries.

Trade shocks and propagation

Studies have also examined how shocks propagate through trade networks and
their implications for food security. Grassia et al. (2022) used a network model of
shock diffusion to understand the role of trade in mitigating versus propagating
shocks to domestic agricultural production. They found that low-income and food-
insecure countries were most exposed to external shocks and were also unable to fully
leverage international trade to shield themselves from domestic production shocks.

Distefano et al. (2018) examined shock propagation empirically, using drops in
exports for wheat, maize, rice, and soybeans during 1986-2011. This study also found
that developing countries absorbed most trade shocks, bearing disproportionately
larger drops in food imports. Income per capita was a key determinant, as wealthier
countries could pay higher prices and leverage greater bargaining power to maintain
their import levels. Furthermore, they found that food prices and quantities traded
were weakly correlated, suggesting that food flows contain more information than

prices alone in the context of trade shocks.

The gap: subnational resolution

Most prior research on food trade has focused on international flows at national
scales (Sartori & Schiavo, 2015; Vishwakarma et al., 2022; Y.-T. Zhang & Zhou,
2022). This perspective, while valuable, obscures substantial heterogeneity within
countries. Agricultural production is not evenly distributed across national ter-
ritories; some regions produce far more than they consume, while others depend

heavily on inflows from elsewhere. A country that appears self-sufficient at the
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national level may contain regions that are highly dependent on distant suppliers,
while a country that appears trade-dependent may contain breadbasket regions that
anchor both domestic and international supply chains. Subnational resolution would
therefore enable more accurate assessment of local exposure to supply disruptions,
identifying which populations are most vulnerable to shocks in specific source
regions. Furthermore, since the environmental impact of producing the same
commodity varies substantially across regions (Poore & Nemecek, 2018), detailed
sourcing information can help allocate environmental impacts to consumption
more accurately.

The analysis of spatially resolved food distribution networks remains limited to
select geographies. Lin et al. (2019) modelled food flows between counties in the
United States. Harris et al. (2020) examined interstate cereal flows within India.
Pandit et al. (2023) analysed spatially detailed agricultural trade between China
and the United States. While these studies demonstrate the value of subnational
analysis, a globally consistent framework for mapping food flows at subnational

scales has been lacking.

Paper 1 contribution

Paper 1 addresses this gap by developing a novel methodological framework
that integrates machine learning and data harmonisation algorithms to map global
cereal flows at subnational scales. The focus on cereals reflects their importance
as the foundation of global food security. They form the most important source of
calories for a majority of the world’s population, either directly or indirectly via
animal feed (Awika, 2011). By modelling international and domestic flows across
3,536 first-level administrative regions in 195 countries, the paper identifies critical
nodes and links in subnational cereal flow networks, and quantifies concentration

patterns that expose vulnerabilities obscured by national-level statistics.
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1.2.2 Sustainability: Environmental Impacts of Food Sys-
tems

The environmental footprint of food systems is substantial and spans multiple
dimensions. Food systems account for 21-37% of global greenhouse gas emissions
(Crippa et al., 2021), and they also have significant impacts on land use, freshwater
consumption, nutrient cycling, and biodiversity (Foley et al.; 2011). As the global
population grows and diets shift, particularly towards greater consumption of animal
products in emerging economies, the environmental pressures from food systems

are expected to intensify (Tilman & Clark, 2014).

Drivers of environmental impacts

Evidence from farms producing diverse agricultural goods around the world
suggests that the environmental cost of producing the same goods can be highly
variable, indicating substantial mitigation opportunity on the production side
(Poore & Nemecek, 2018). This landmark study, synthesising life cycle assessment
data from approximately 38,700 farms and 1,600 processors across 119 countries,
quantified cradle-to-retail impacts spanning production, processing, packaging, and
transport. The study found that impacts can vary by a factor of 50 among producers
of the same product, indicating substantial mitigation opportunity across supply
chains. However, this research also found that the impacts of even the lowest-impact
animal products typically exceed those of plant-based substitutes, suggesting that
dietary change on the consumer side can have substantial positive effects. For
example, the lowest-impact beef still generates more greenhouse gas emissions than
the highest-impact plant protein sources.

The EAT-Lancet Commission proposed dietary benchmarks explicitly aimed at
promoting human health and environmental sustainability (Willett et al., 2019).
Research has demonstrated that replacing animal-source foods with plant-based
alternatives could improve nutrient levels, lower premature mortality, and substan-
tially reduce greenhouse gas emissions (Springmann et al., 2018). Esteve-Llorens

et al. (2019), evaluated the Atlantic diet using a life cycle analysis methodology,
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and found that it was beneficial both in terms of its nutritional and environmental
impacts. Clark et al. (2020) showed that food system emissions alone could preclude
achieving the 1.5°C and 2°C climate change targets if current dietary trends continue,

underscoring the importance of dietary shifts for climate mitigation.

The role of transport and sourcing

The role of food transport in overall food system emissions has received increasing
attention. i et al. (2022) estimated that transport accounts for about 19% of
total food-system emissions when the entire upstream supply chain is considered,
including transport of fertilizers, machinery, and feed. This finding is particularly
pronounced for fruits and vegetables, where transport accounts for approximately
36% of their total footprint, nearly twice the emissions from their production.
However, roughly half of these emissions stem from upstream input transport rather
than the movement of food from farm to retail. Estimates focusing on the latter
suggest a smaller share of around 6% on average, where upstream processes are
allocated to production rather than transport (Poore & Nemecek, 2018).

Even where transport of food itself is substantial, the relationship between
food miles and environmental impact is not straightforward. Production condi-
tions vary substantially across regions, meaning that food produced locally under
energy-intensive conditions may have higher impacts than food transported from
regions with more favourable growing conditions (Weber & Matthews, 2008). This
complexity makes it difficult to provide simple guidance on whether consumers

should prioritise local sourcing or focus primarily on dietary composition.

The gap: packaged food products

Information on environmental impacts of foods sold at retail stores remains
vital for transitioning to sustainable food systems (El Bilali & Allahyari, 2018), but
such information remains sparse, fragmented, and non-standardized (Deconinck

et al., 2023). Scalable estimation and clear, consistent communication of these
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impacts are critical to support evidence-based purchasing, procurement, reporting,
and target-setting, by consumers, retailers, producers, and policymakers.

Yet most research has focused on the environmental footprints of raw agricultural
commodities, such as grains, fruits, meats, rather than the multi-ingredient packaged
foods that dominate modern retail environments (Poore & Nemecek, 2018; Sala
et al., 2017). Some recent work has begun to address this gap. Clark et al. (2022)
estimated the environmental impacts of approximately 57,000 food products in the
United Kingdom and Ireland, finding that nutrition and environmental sustainability
are broadly compatible. However, food products vary substantially in their recipes
and regional sourcing patterns across geographies, and it remains crucial to develop
a global, standardized assessment of retail foods.

Another remaining question is whether environmental impacts are driven primar-
ily by what people eat or by where ingredients are sourced. If composition is
dominant, then dietary guidelines and product reformulation are the primary levers
for reducing impacts. If sourcing is dominant, then supply chain interventions, such
as shifting procurement towards lower-impact producers, become equally important.
Answering this question requires product-level data on environmental footprints,
linked to information on both composition and sourcing. A systematic analysis
of how composition and sourcing jointly shape footprints across a wider range of

countries and products remains limited.

Paper 2 contribution

Paper 2 addresses this gap by estimating the environmental footprints of
approximately 475,000 retail food products across 74 countries. By combining
machine learning-based product categorisation, ingredient composition estimation,
and life cycle assessment data corresponding to supply chain sourcing patterns, the
paper quantifies impacts across five environmental indicators: land use, greenhouse
gas emissions, biodiversity loss, eutrophication, and water stress. The analysis
demonstrates that ingredient composition remains the dominant driver of environ-

mental impacts, with products containing animal-derived ingredients, coffee, and
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nuts consistently exhibiting the highest footprints across regions, but that ingredient
sourcing accounts for meaningful variation within product categories, suggesting
that supply chain interventions can complement dietary shifts. This decomposition

enables a more direct assessment of where intervention opportunities lie.

1.2.3 Foresight: Understanding How Food Systems May
Evolve

Food systems are not static. Several forces are already reshaping, and will continue to
reshape, global food production and trade over the coming decades. Understanding
how these forces interact is essential for anticipating future challenges and identifying

policy pathways that promote resilience and sustainability.

Climate impacts on agricultural production

Climate change will unevenly affect regional crop productivity. Some regions
will see yields decline due to heat stress, water scarcity, and increased pest pressure,
while others may benefit from longer growing seasons or shifting agroclimatic zones
(Rezaei et al., 2023). Research has shown that these impacts will not be uniformly
distributed: tropical and subtropical regions face the greatest risks, while some
temperate regions may experience short-term gains before negative impacts emerge
(Rosenzweig et al., 2014; Tubiello et al., 2007).

Some studies have quantified how yield losses may evolve under future climate
scenarios. Leng and Hall (2019) estimated yield loss risk from future drought
severity, focusing on wheat, maize, rice, and soybeans. They found that yield
loss risk grows non-linearly with increasing drought severity and is projected to
increase substantially in the future. Research on global breadbasket regions has
examined how climate change may increase the risk of simultaneous production
failures. Gaupp et al. (2019) examined simultaneous breadbasket failures for maize,
wheat, and soybeans under 1.5°C and 2°C warming scenarios, finding that projected
yield losses increase disproportionately between the two warming levels, with wheat

showing the highest simultaneous climate risk increase, followed by maize and
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soybean. Gaupp et al. (2020) quantified the changing risk of simultaneous global
breadbasket failure, finding increasing risk for wheat, maize, and soybean, while
rice showed decreasing risk due to solar radiation changes that favour rice growth.

The implications for trade are significant. As climate change alters the geography
of comparative advantage in agriculture, production may need to shift towards
regions with more favourable conditions, and trade will play a crucial role in
connecting areas of surplus to areas of deficit. At the same time, the increasing
risk of simultaneous production failures across major breadbasket regions could

overwhelm the capacity of trade to buffer shocks.

Dietary transitions

Socio-economic growth across emerging economies is already driving shifts
towards more diverse diets that often include greater consumption of animal
products, fruits, and vegetables (Pingali, 2007). Gouel and Guimbard (2019)
documented how rising incomes reshape the structure of food demand, with
consumers shifting from starchy staples towards animal-source products, fats,
and sweeteners as incomes rise

These demand shifts matter not only because they change what people eat, but
also because they set the trajectory of future environmental impacts, and reshape
the mix of commodities and ingredients moving through domestic and international
supply chains. While historical income-driven transitions tend to increase the
consumption of resource and emissions-intensive foods, alternative pathways aligned
with health and sustainability oriented dietary benchmarks, such as those proposed
by the EAT-Lancet Commission, could bend this trajectory toward lower impacts
(Willett et al., 2019). Modelling studies suggest that such shifts could deliver
substantial reductions in greenhouse gas emissions alongside health co-benefits
(Springmann et al., 2018; Tilman & Clark, 2014). Z. Sun et al. (2022) further
show that, in the European Union and United Kingdom, similar dietary transitions
could help offset supply deficits linked to geopolitical disruptions, while improving

outcomes related to water use, greenhouse gas emissions, and carbon sequestration.
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Whether dietary change continues to follow historical patterns or is steered
toward healthier and more sustainable alternatives will therefore have major

consequences for environmental footprints and for future agricultural trade patterns.

Trade as adaptation

A growing body of research has examined the potential of international trade
to serve as an adaptation mechanism under climate change.

Janssens et al. (2020) analysed combinations of trade scenarios and climate
futures, finding that current levels of trade could lead to up to 55 million additional
undernourished people in 2050 under climate change. Without adaptation through
trade, this number could reach 73 million, while reductions in tariffs and barriers
could decrease it to 20 million. Adaptation through trade was found to positively
impact import-dependent regions the most, though at the expense of domestic
food availability in exporting regions. Janssens et al. (2022) assessed the combined
impacts of continental free trade and agricultural development in Africa, finding
that this combination could almost eliminate undernourishment in Africa by 2050
with modest increases in greenhouse gas emissions.

Gouel and Laborde (2021) examined the crucial role of both domestic and
international market-mediated adaptation to climate change, finding that trade
flexibility is essential for efficient adaptation but that its benefits depend on the
trade policy environment. Vishwakarma et al. (2022) analysed the international
wheat trade network from 2005 to 2014, finding that countries with larger differences
in extreme weather stress and synchronous yield variations tend to be trade partners
with higher trade volumes. This counterintuitive finding calls for improved trade

policies to enhance the adaptive capacity of trade networks.

Modelling approaches

Global models have been developed to project how climate change, dietary
shifts, and policy changes may affect food systems. International Food Policy

Research Institute's (IFPRI) IMPACT model (Robinson et al., 2015) integrates
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climate projections with economic responses to assess food security outcomes under
alternative scenarios. GLOBIOM (Havlik et al., 2014) and MAgPIE (Dietrich
et al., 2019) are partial equilibrium models that link land use, agriculture, and
environmental outcomes, and have been used to explore pathways for climate change
mitigation through agricultural transitions. Integrated assessment models such as
REMIND-MAgPIE have been used to explore how dietary shifts could contribute
to achieving climate targets (Humpenoder et al.; 2024). These modelling exercises
demonstrate that the interaction between production-side and demand-side changes

will determine the overall environmental trajectory of food systems.

The gap: limited integration across literatures

Despite this progress, the literatures on climate impacts on agriculture, dietary
transitions, and trade as an adaptation mechanism, have developed with limited
integration. Studies examining climate impacts on trade have typically held diets
constant; studies of dietary transitions have often assumed static trade patterns or
ignored climate effects on production; and trade models have rarely incorporated
both climate-driven yield shocks and demand-side dietary shifts simultaneously.

This separation limits our understanding of several important questions. How
dietary transitions and climate-driven changes in regional productivity jointly
reshape the geography of trade and reconfigure critical exporters and importers,
remains unclear. Similarly, whether trade liberalization can enhance allocative
efficiency without concentrating import dependence among fewer suppliers is not
well understood. Addressing these questions requires frameworks that integrate

all three forces simultaneously.

Paper 3 contribution

Paper 3 addresses this gap by developing an integrated modelling framework that
projects bilateral trade flows for 32 crops across 153 countries through 2050. By com-
bining dietary transition scenarios with climate impact projections and alternative

trade policy regimes, the paper explores how these forces interact to reshape global
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food trade under 20 scenario combinations. The analysis finds that accommodating
large-scale dietary transitions would require substantial restructuring of global food
trade, and that this restructuring interacts with climate impacts on yields and trade
policy regimes in complex ways. Trade liberalization, meanwhile, involves trade-offs
between efficiency gains and increased import concentration. The scenario-based
approach allows for systematic comparison of how different pathways affect trade

patterns, import concentration, and the distribution of production across regions.

21



Mapping Global Cereal Flow at
Subnational Scales Unveils Key Insights
for Food Systems Resilience

SHRUTI JAIN!

1Smith School of Enterprise and the Environment, University of Oxford, UK

Abstract

Strengthening food systems resilience requires a comprehensive understanding of
global food distribution networks, especially amid escalating climate and geopolitical
challenges. This research maps spatially resolved networks of global cereal flows
across 3,536 subnational regions in 195 countries employing machine learning
and harmonization algorithms to downscale national cereal flow data. The study
identifies pivotal exporting and importing regions in both domestic and international
distribution networks. Almost half of net importing countries contain surplus regions
that supply grain both domestically and internationally, while nearly every net
exporting country retains deficit regions that rely on inflows. Major cereal producers
such as the United States, Russia, and India demonstrate substantial domestic
self-sufficiency, whereas Southeast Asia and Furope rely on both domestic and
international sources. The study also identifies significant concentrations within
cereal distribution networks, highlighting vulnerabilities to potential disruptions.
These findings offer critical insights into the spatial complexities of global cereal
trade, providing a foundation for targeted policy interventions aimed at enhancing
global food security and resilience.
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2.1 Introduction

Agricultural trade has more than doubled between 1995 and 2018 (FAO, 2022),
accounting for 19% of globally consumed calories (Martin & Laborde Debucquet,
2018), which has allowed the flow of food from regions with surplus to those with
deficit (Janssens et al., 2022; Suweis et al., 2015). Trade can serve as an adaptation
mechanism under climate change (Janssens et al., 2020), and as resources like land
and water become limited with climate change, the role of trade in distributing food
will become even more important. At the same time, these distribution networks
can further geopolitical, environmental, and climate related vulnerabilities in the
form of food production, exchange, and transport disruptions (Centeno et al.,

2015; Wellesley et al., 2017). With regional specialization, major breadbaskets
have become sole suppliers of agricultural commodities to other nations (Puma
et al., 2015), and such structural food dependence of food deficit countries can
be disadvantageous if food surplus countries decide to impose international trade
restrictions (Paillard et al., 2011). For example, a small set of Asian exporters
dominate global rice trade (FAO, 2023), such that when India and Vietnam imposed
export restrictions during the 2007-2008 food crisis, import-dependent countries
faced sharp price spikes and food security pressures (Headey, 2011). Overall, the
potential of trade to enhance food systems resilience can only be realized if the
associated risks of increased exposure to geopolitical and environmental stresses
are minimized (Brown et al., 2017).

It is crucial to evaluate these food trade networks to improve our understanding
of vulnerabilities in food supply chains and of their associated environmental impacts.
While past research has extensively examined international trade networks (Sartori
& Schiavo, 2015; Vishwakarma et al., 2022; Y.-T. Zhang & Zhou, 2022), spatially
resolved analyses of food distribution networks have received comparatively less
attention and remain largely limited to select geographies, such as the United
States and China (Croft et al., 2018; Pandit et al., 2023). Subnational analyses of
food distribution are critical for an improved understanding of the heterogeneity in

vulnerabilities and resilience of food systems to natural and demographic threats
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(Kummu et al., 2020; Stokeld et al., 2020), and for accurately assessing the
environmental footprints of global food supply chains (Li et al., 2022).

The vulnerabilities and resilience of food systems play out at the subnational
scale because both domestic and international supply channels are vulnerable to
disruption, and regions within the same country are exposed to these disruptions to
differing degrees (Porkka et al., 2017; Stokeld et al., 2020). Domestic distribution
networks can be severed by extreme weather events, as illustrated by the 2022
floods in Pakistan (Qamer et al.; 2023), or by labour and political mobilisations,
as illustrated by the 2018 Brazilian truckers’ strike that triggered food shortages
(Lopes et al.; 2019; Schlindwein & Tson, 2020). International supply chains also
carry risks, including disruptions at maritime chokepoints (Wellesley et al., 2017),
and supply shocks from conflict in major producing regions, as illustrated by the
disruption to global wheat markets following Russia’s 2022 invasion of Ukraine
(Devadoss & Ridley, 2024). A country may appear adequately supplied at the
national level either because its regions are individually self-sufficient, or because
its aggregate balance relies on fragile distribution arrangements — a few internal
corridors moving grain from surplus to deficit regions, or a narrow set of overseas
suppliers. National-level statistics cannot tell these situations apart.

To address this gap, this research models international and domestic cereal flows
at subnational scales and provides insights into their implications for the resilience
of food systems. Specifically, global cereal flows are estimated between the first level
administrative regions in all countries, both domestically and internationally. These
‘flows’ explicitly link the region of production with the final destination of import, and
hence provide an accurate estimate of regional import dependencies. Cereal grains
were chosen for this work given that they form the most important source of calories
for a majority of the world’s population, either directly or indirectly via animal
feed (Awika, 2011). The estimated cereal flows are used to — i) identify the most
crucial nodes and links in cereal flow networks, ii) understand the heterogeneities
in regional reliance on domestic vs international inflows, and iii) quantify the

overall concentration and diversification of cereal flows, both internationally and
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domestically. This analysis is a step towards evaluating global food trade at different
spatial scales, which is crucial for unraveling the dual role of trade as both a promoter
and a detractor of food system resilience — an outcome that depends on specific

contexts and scales (KKummu et al., 2020).

2.2 Methods

This study estimates the flow of cereals between 3,536 subnational regions in
195 countries by downscaling available data on the bilateral flow of cereals at
national scales. The modelling pipeline comprises three main components: i)
pre-processing the production and bilateral trade data from the FAO and other
sources, ii) training machine learning models on the national-scale data and a
small subset of available subnational flow observations, to predict the existence of
food flow links and the volume of food flows on links at subnational scales, and
iii) harmonizing the subnational scale predictions using the national-scale food
flow data — to ensure that the aggregated subnational predictions align with the
reported national scale food flows, and that each subnational region can meet its

estimated consumption Supplementary Figure B.1.

2.2.1 Pre-processing production and trade data

The primary data inputs in this study were the FAO’s national-scale statistics on
the production, distribution, and consumption for 15 cereal commodities - barley,
buckwheat, canary seed, fonio, maize, millet, mixed grain, oats, quinoa, rice, rye,
sorghum, triticale, wheat, other. This data was pre-processed to address the
following discrepancies — i) the trade volumes reported by the importing countries
did not always match those reported by the exporting countries, and ii) the total
reported exports from some countries exceeded the volumes produced and imported
together, because of misreported transactions or countries reporting re-exported
imports as their exports. Discrepancies between the volume of cereal trade reported
by the importer and exporter were resolved using a reliability index approach

similar to the one outlined by (Gehlhar, 1996) (Supplementary Methods B.3.1).
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Furthermore, to resolve the second issue, a re-export algorithm developed by Croft
et al. (2018) was used to obtain cereal ‘flows’. This algorithm ensures that the
total exports from a country never exceed its production and total imports; and it
also links the source of production with the destination of import (Supplementary
Methods B.3.2). These two processing steps were implemented separately for each
crop and year, and the processed trade data was then merged first, for each year
separately, summing the trade data for all the cereal commodities, and then second,
averaging the total annual processed cereal trade data for the years 2017-2021 to
smooth out inter-annual variability in trade partners and volumes.

In addition to the FAO’s national level bilateral trade statistics, subnational flow
estimates were incorporated where available. Domestic cereal movements between
35 Indian states in 2011-12, as estimated by Harris et al. (2020), were aggregated
across individual commodities (e.g., wheat, maize) to derive total interstate cereal
flows. Subnational cereal transfers among 51 U.S. states and 31 Chinese provinces
in 2017, as estimated by Pandit et al. (2023), were likewise included. Although
both sources consist of modelled estimates rather than direct observations, they
capture subnational flow patterns absent from the FAO data, providing useful

nuance to the machine learning models.

2.2.2 Machine learning to predict cereal flow links and
volumes

A machine learning approach was employed to deal with the complexity due to
the number of flow links rising exponentially from ~38k at the national level to
~12.5 million at the subnational level. It is important to note that the validity of
this approach relies on the assumption that a machine learning model trained on
primarily national scale data can be used to make subnational food flow predictions.
The justification of this assumption is based on previous research that identified
similar structural properties across food flow networks at the global, national, and
village levels in the United States (IKonar et al.. 2018). This insight has been

leveraged by other studies to estimate spatially explicit food flows using machine
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learning models trained on food flows at aggregate spatial scales in the United
States and China (Karakoc et al., 2022; Lin et al., 2019; Pandit et al., 2023). The
strength of this assumption may vary across regions, depending on differences in
market institutions, transport infrastructure, and trade governance; this is discussed
in full in Supplementary Methods B.3.6.

Several factors determine the flow of food between regions, including production,
consumption preferences, storage facilities, transport infrastructure, and socio-
political factors (Venkatramanan et al., 2017). Subnational cereal production
and area estimates were derived from the GAEZ+ 2015 global gridded dataset
(Grogan et al.; 2022), which provides crop-specific harvested area, yield, and
production at 5-minute (~10 km) resolution for the year 2015. GAEZ+ 2015
builds on the Global Agro-Ecological Zones (GAEZ v4) model (Fischer et al.,
2021), which downscales national-scale FAOSTAT crop statistics to grid cells
using a sequential rebalancing procedure that draws on cropland and irrigation
distribution maps, soil and climate data, livestock and population layers, and
observed crop calendars. The gridded production values were aggregated to first-
level administrative boundaries and proportionally scaled so that the sum across all
subnational regions in each country matches the FAO-reported national production
total averaged over 2017-2021. The limitations of this dataset and approach are
discussed in Supplementary Methods B.3.6.

The remaining input datasets, including gridded livestock counts, population
characteristics, and transport data, were used as proxies for the other factors listed
above and are described in Supplementary Table B.1. These datasets serve as the
best available globally consistent sources for these variables at subnational scales.
Producer prices from the FAO were also incorporated, see Supplementary Methods
B.3.3 for how this data was processed. These datasets were used as predictors
or covariates in the machine learning pipeline. A classification model was used
for identifying cereal flow links, and a regression model was used for predicting

flow volumes. These models learned the relationship between the features and the
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observed cereal flows, and the trained models were then used to make predictions
for expected cereal flows at subnational scales.

The machine learning models achieved strong performance for predicting link
presence, and a moderate performance for flow volume prediction — the best
classification model achieved an out-of-sample accuracy of 94%, and the best
regression model achieved an out-of-sample R-squared of 0.52 on the linear scale
and 0.68 on the log scale. Performance metrics are averaged over five model runs
with distinct train-test splits to account for sampling variation. Regression model
performance in this analysis remained poorer than its counterparts in data-rich
geographies such as the United States (Karakoc et al.; 2022), but was modest
given the quality of data available for training. Supplementary Tables B.5 and
B.7 report the out-of-sample performance of different classification and regression
models tested, across datasets. The best performing classification model, a gradient-
boosting classifier achieves consistently high out-of-sample accuracy (exceeding
90%), precision (exceeding 85%), recall (exceeding 90%), and MCC (exceeding
0.75) scores, across national-scale international flows from the FAO, domestic cereal
flows within India, and subnational-scale international flows between USA and
China (FAO, 2023; Harris et al., 2020; Pandit et al., 2023). In case of flow volume
prediction, gradient boosting regressor and a neural network deliver the strongest
results — both models provide consistent performance across datasets (R-squared
exceeding 0.35 on the linear scale and 0.65 on the log scale) demonstrating that non-
linear methods can effectively capture cereal flow volume patterns at different scales.
The best performing models were used to predict cereal flows for each subnational

region. See Supplementary Methods B.3.4 for more details on these models.

2.2.2.1 Rationale for modelling cereal flows in aggregate

Flows were estimated for cereals in aggregate rather than by individual crop (e.g.,
wheat, rice, maize) for two reasons. First, models predicting total cereal flows
generally outperformed those for individual cereals (Supplementary Table B.9).

Second, disaggregating by cereal type would also require estimating subnational
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consumption for each cereal crop to harmonize its flows, which would require much
stronger assumptions about each subnational region’s crop-specific preferences.
Subnational consumption is estimated based on the relationship in Supplementary
Equation B.3.5.1 (Supplementary Methods B.3.5), which is derived from national-
scale consumption values. By treating cereals as an aggregated commodity, these
assumptions apply to the cereal bundle rather than to each cereal type individually.
Furthermore, national-scale regressions for estimating consumption of individual
cereals yielded lower R-squared than for the aggregate commodity (Supplementary
Table B.10). To demonstrate that the predictions for total cereal flows still respect
individual cereal flows, out-of-sample Pearson correlations were computed between i)
observed total cereal flows and observed disaggregated cereal flows, and ii) predicted
total cereal flows and observed disaggregated cereal flows (Supplementary Table
B.11). Although correlations between observed and predicted total flows against
individual cereal flows dipped modestly in some cases (e.g., wheat from 0.74 to
0.56; maize from 0.76 to 0.56), all cereals maintained positive correlations with
total flow predictions. Any shifts in relative ordering were small, and no cereal
experienced a disproportionately large change, indicating that the aggregate model

preserves the key spatial flow patterns of each grain.

2.2.3 Harmonizing the predicted flows

The estimates of cereal flows from machine learning models do not always satisfy
national-scale aggregates and local consumption demands. Hence, a harmonization
algorithm was applied to adjust the predicted flows to ensure that: i) the final
subnational flow network reconciles with known national cereal trade statistics,
ii) each subnational region has a supply of cereals (from production and inflows)
that is sufficient to meet its demand, and iii) no subnational region exports more
cereal than it produces. Previous work has applied post-prediction harmonization of
machine learning estimates to ensure consistency with known national or subnational
scale statistics, e.g. mass balancing of predicted commodity flows (Karakoc et al.,

2022; Lin et al.,; 2019), and calibrating satellite-based high-resolution agricultural
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maps (Jin et al., 2019; Kluger et al., 2021). See Supplementary Methods B.3.5

for more details on the harmonizing procedure.

2.2.3.1 Sensitivity analysis

Robustness of the harmonization procedure was evaluated via a comprehensive
sensitivity analysis across parameter combinations listed in Supplementary Table
B.12. For each combination, the harmonization algorithm was re-executed, and the
resulting subnational flow matrices were compared by computing pairwise Pearson
correlation coefficients; the complete correlation matrix is shown in Supplementary
Figure B.8. In all cases, correlations exceeded 0.95, demonstrating that the final
harmonized flows remain highly stable under reasonable variations in threshold

values, iteration limits, and scaling factors.

2.3 Results
2.3.1 Key links and nodes in cereal flow networks

An overview of the disaggregated flows is presented in Figure 2.1 below. Figure
2.1 panel a shows the cereal flows at national scales, as obtained after processing
production and bilateral trade data from the FAO. The width of the links indicates
the volume of trade flows, and the color indicates the exporting region. Figure 2.1
panel b show the top 5% of the cereal flows at subnational scales. Panel ¢ shows the
domestic flow of cereals in 6 select countries — Spain, Colombia, Ethiopia, United
States, New Zealand, and India. These 6 countries were chosen to display the
importance of domestic flows in different regions around the world. International
flows of cereals scales sum up to about 455 million tonnes and account for 16.5% of
global production, and global domestic flows make up a total of about 730 million
tonnes which is 26.5% of global production. 1568 million tonnes of cereals, i.e. ~57%
of total global production, are consumed within the regions they are produced.
It is vital to identify the key links and nodes in cereal flow networks for a deeper
understanding of resilience and vulnerabilities to production and market shocks.

Both national and subnational flows followed a right-skewed distribution — most
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a National Scale: Country-to-country cereal flows (2017-2021)

Spain India

wﬂ

United States

Ethiopia

Figure 2.1: National and subnational cereal flows (annual, averaged over
2017-2021). a Cereal flows at national scales. b Top 5% of cereal flows at subnational
scales. ¢ Domestic flows in 6 select countries.

The width of arrows representing flows in Figures 2.1a and 2.1b are plotted at the same
scale. However, the flows in Figure 2.1c¢ are all plotted at different scales for better
visibility of domestic flows.

flows were small, with a few very large flows. Table 2.1 shows the 10 links with
largest flow volumes at national scales and subnational scales. Both international
and domestic flows at subnational scales are presented. India and China have some
of the largest domestic cereal flows, but these countries do not show up in the
largest international subnational links, which means that these countries have a
greater reliance on domestic flows as compared to international flows. United States
and Argentina have some of the largest international outflows, both at national and
sub-national scales. At subnational scales, the largest domestic links carry about
three times larger cereal flows as compared to the largest international links. This
distinction between domestic and international flows highlights the varying degrees of

dependency on international trade versus domestic production in different countries.
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Table 2.1: Largest cereal flows at national and subnational scales (annual, averaged over

2017-2021)
Scale Exporting region Importing region Cereal
flow
(million
tonnes)
National United States Mexico 19.3
United States Japan 15.1
United States China 11.2
Russia Egypt 7.3
Russia Turkey 7.2
Argentina Vietnam 6.5
Ukraine China 6.5
Argentina Brazil 6.0
United States Colombia 5.4
United States South Korea 5.4
Subnational (interna- Texas, United States  Nuevo Ledn, Mexico 1.6
tional)
Bahia, Brazil Taiwan, Taiwan 1.2
Buenos Aires, Argen- Lima Province, Peru 1.0
tina
Mendoza, Argentina Region Metropolitana 0.9
de Santiago, Chile
Texas, United States  Coahuila, Mexico 0.9
Rio Grande do Sul, Cataluna, Spain 0.9
Brazil
Hauts-de-France, Vlaanderen, Belgium 0.8
France
Buenos Aires, Argen- Johor, Malaysia 0.8
tina
Buenos Aires, Argen- Selangor, Malaysia 0.7
tina
California, United Baja California, Mex- 0.7
States ico
Subnational Uttar Pradesh, India  Bihar, India 5.2
(domestic)
Nusa Tenggara Timur, Jawa Barat, Indonesia 4.6
Indonesia
Nebraska, United Texas, United States 3.8
States
Heilongjiang, China Jilin, China 3.4
Uttar Pradesh, India ~ Maharashtra, India 3.0
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Table 2.1 continued from previous page

Scale Exporting region Importing region Cereal

flow
(million
tonnes)

Nebraska, United California, United 2.9

States States

Heilongjiang, China Liaoning, China 2.9

Anhui, China Guangdong, China 2.8

Henan, China Sichuan, China 2.7

Anhui, China Zhejiang, China 2.7

Flows aggregated by exporting and importing regions can help identify key
exporters and importers in international and domestic markets. Figure 2.2 shows
total inflows into and outflows from all regions at national and subnational scales,
with the subnational outflows and inflows broken down into international and
domestic flows. Table 2.2 highlights regions with the largest outflows and inflows
at both national and subnational scales.

In subnational international markets, outflows concentrate in agriculture-intensive
regions, e.g. Texas and Illinois (USA), and Buenos Aires (Argentina), and largest
inflows land in major gateway regions, such as Gyeonggi-do (South Korea) and
Guangdong (China). At the domestic level, a similar split appears between
production and consumption hubs. Domestic outflows peak in top-producing
states and provinces, while inflows cluster in populous, industrialized regions. In the
United States, international export activity is concentrated in states adjacent to Gulf
and Great Lakes ports, whereas domestic redistribution hinges on the High Plains.
China’s eastern provinces drive domestic outflows, while coastal, industrial centers
and inland hubs lead inflows. India’s northern breadbasket dominates outflows,
with southern states driving inflows. Notably, Texas and Guangdong play dual roles
— Texas exports nearly 20 Mt internationally yet imports nearly 18 Mt domestically,
reflecting its large-scale production and port operations, while Guangdong ranks

among the top importers in both international and domestic flows. Although the
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a National cereal outflows (2017-2021) b National cereal inflows (2017-2021)
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Figure 2.2: Total outflows and inflows at national and subnational scales
(annual, averaged over 2017-2021). a National outflows. b National inflows. ¢
Subnational outflows, international only. d Subnational inflows, international only. e
Subnational outflows, domestic only. f Subnational inflows, domestic only.

harmonization algorithm ensures exports never exceed local production, residual re-
export artifacts can persist when a region both produces and imports large volumes,

so some of Texas’s estimated international outflows likely reflect re-exports.
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Table 2.2: Regions with the largest outflows and inflows at national and subnational
scales (annual, averaged over 2017-2021)

Scale Flow Region Value (mil-
lion tonnes)
National Outflows United States 89.7
Ukraine 47.5
Argentina 45.7
Russia 424
Brazil 30.8
Inflows  China 34.1
Japan 24.0
Egypt 224
Mexico 22.0
South Korea 15.6
Subnational (international) Outflows Texas, United States 19.8
Buenos Aires, Argentina 17.6
[linois, United States 14.9
Rio Grande do Sul, Brazil 14.7
Saskatchewan, Canada 13.8
Inflows  Gyeonggi-do, South Korea 5.4
Guangdong, China 5.2
Vlaanderen, Belgium 4.7
Cataluna, Spain 4.1
Ar Riyad, Saudi Arabia 4.0
Subnational (domestic) Outflows Nebraska, United States 24.8
Shandong, China 23.6
Uttar Pradesh, India 23.3
Anhui, China 22.3
Henan, China 20.6
Inflows  Guangdong, China 20.8
Texas, United States 17.8
Sichuan, China 17.5
Florida, United States 13.8
California, United States 13.8

It is also useful to explore net flows to pinpoint surplus and deficit regions —

nearly half of all net importing countries contain surplus regions with net domestic
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and international outflows, while virtually every net exporting country retains deficit
regions that receive net domestic and international inflows. Substantial subnational
heterogeneity exists in both domestic and international flows from surplus and
into deficit regions, respectively (Figure 2.3).

Net domestic outflows from surplus regions Net international outflows from surplus regions
a in net importing countries (2017-2021) b in net importing countries (2017-2021)

Million tonnes

Net domestic inflows into deficit regions Net international inflows into deficit regions
C in net exporting countries (2017-2021) d in net exporting countries (2017-2021)

Million tonnes

Figure 2.3: Net cereal flows by surplus and deficit regions in net importing
and exporting countries, respectively (annual averages, 2017—2021). a Net
domestic outflows from surplus regions in net importing countries. b Net international
outflows from surplus regions in net importing countries. ¢ Net domestic inflows into
deficit regions in net exporting countries. d Net international inflows into deficit regions
in net exporting countries.

Figure 2.3 panel a shows that in several net importing countries, some bread-
basket regions still generate internal surpluses. For example, subnational regions in
China such as Shandong, Shaanxi, and Jilin, ship significant volumes to the country’s
south and east; Spain’s Castile-La Mancha, Indonesia’s Nusa Tenggara Timur and
Mexico’s Tamaulipas likewise feed domestic shortfalls; and in sub-Saharan Africa,
Ethiopia’s Amhara, Nigeria’s Taraba and South Africa’s Free State account for net
internal exports. By contrast, Figure 2.3 panel b shows that very little of these
surpluses is exported internationally. Figure 2.3 panels ¢ and d mirror the pattern
in net exporters. Within the United States, New England and the Pacific Northwest
import from domestic heartlands; India’s western states and Brazil’s northern

provinces depend on their national breadbaskets (Figure 2.3 panel ¢). International
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imports into these deficit zones remain less prominent, but are significant in a few

cases, including Brazil, Denmark, and Germany (Figure 2.3 panel d).

2.3.2 Implications for food systems resilience

This section examines food system resilience through the lens of cereal trade flows
— first by comparing regional self-sufficiency and trade dependency, and then by
evaluating the concentration of cereal flow networks.

Assessing the balance between local self-sufficiency and connectivity with regional
and global networks is crucial, given its impact on food security and food systems
resilience (Kummu et al., 2020; Wood et al., 2023). Reliance on food inflows allows
for a more diverse food supply, increases resilience to local production shocks,
and leads to more efficient global production systems (Kearney, 2010; Liu et al.,
2019; Seekell et al., 2017). On the other hand, global food flow networks can
increase the vulnerability of importing regions to market shocks in exporting regions
(Cottrell et al., 2019). Hence, reliance on international inflows must be met with
strengthened domestic food flow networks to promote food sovereignty, and to
secure food availability (Béné, 2020; Kummu et al., 2020).

To understand the balance between self-sufficiency and trade dependency, Figure
2.4 compares the international and domestic flow patterns in 20 countries. These
countries have the largest totals of the three types of cereal flows in the data —
international inflows, international outflows, and within country domestic flows.
The figure shows that countries in Africa and Asia generally have higher inflows and
domestic flows and smaller outflows. In Europe, Latin America and the Caribbean,
North America, and Oceania, outflows are higher than or comparable with inflows
and domestic flows, with a few exceptions. The volume of domestic flows is highly
correlated with the country’s population, with a correlation coefficient of 0.80.
It is not possible to assess the resilience of cereal flow networks based on flow
volumes alone. Hence, domestic and international flows were also evaluated relative

to consumption, as described below.
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Figure 2.4: A comparison of inflows, outflows, and within country flows for a select 20
countries (2017-2021).

Figure 2.5 quantifies, for each subnational unit, the share of cereal consumption
covered by domestic versus international inflows (Panels a and b, respectively).
While some regions heavily rely on domestic inflows to meet their consumption, there
are others that depend on international inflows, and the two are generally mutually
exclusive. Regions along the coastlines in Latin America and Africa, for example,
exhibit a greater dependence on international inflows compared to their inland
counterparts. Although the cereal flow allocation model explicitly minimizes re-
exports, residual onward shipments may still blur the distinction between port-entry
and true consumption nodes, and this may partly contribute to elevated import
shares along coastlines. Several countries including the United States, Canada,
and India, display higher levels of self-sufficiency, with domestic inflows playing
a dominant role in meeting consumption demands. Parts of Southeast Asia and
Europe show a mixture of reliance on both domestic and international inflows,
reflecting complex trade dynamics. Several remote regions such as those in Middle
East and North Africa, Northern Canada, and Northern Europe, have domestic
or international inflows approaching proportions of 1. These regions have lower
consumption levels, which means their absolute inflows are not exceptionally large,

but these modest inflows cover nearly 100% of their demand.
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Figure 2.5: Regional inflows in proportion to consumption (2017-2021). a
Proportion met by domestic inflows. b Proportion met by international inflows.

Colors run from 0 (no coverage) to 1 (100% of consumption covered). Subnational cereal
consumption is calculated as subnational production + subnational inflows — subnational
outflows. The sum of the two shares can never exceed 1, i.e. total inflows never exceed
consumption.

Globally, international and domestic flows contribute to 16.56% and 26.53%
of cereal consumption. Supplementary Figure B.2 shows a breakdown of the
contribution of these flows to consumption by continent, with international inflows
further broken down into inter- and intra-regional flows, i.e. international inflows
originating outside and within the continent respectively. Domestic flows are the
most prominent in Northern America and the least in Africa. International inflows

are the most prominent in Africa and Latin America and the Caribbean, and
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the least in Northern America. Majority of the international inflows into Africa,
Asia, and Latin America and the Caribbean, originate from outside the continent.
On the other hand, most international inflows into Europe come from within
the continent, which can be attributed to the common market and agricultural
policy of the European Union.

Food systems resilience also depends on the concentration in food flow networks
— lower concentration allows for greater resilience to regional shocks to production
(Q. Sun et al., 2022; C. Zhang et al., 2021). In this work, the concentration
of cereal flow networks at national and subnational scales is measured using the
Herfindahl-Hirschman Index (HHI) and the four-partner concentration ratio (CR4)".
Karakoc and Konar (2024) show that national cereal import portfolios with lower
HHI consistently exhibit lower price-volatility risk, empirically validating the use
of HHI to measure concentration in cereal flow networks. Herndndez et al. (2023)
demonstrate rising concentration in the agrifood industry using both HHI and
CR4, and this research extends their firm-level focus to highlight concentration
in cereal flows between countries.

At the national level, the cereal flow network exhibits moderate concentration —
the HHI is under 0.10 for both exporters and importers, and CR4 sits at 0.49 for
exporters and 0.22 for importers. In other words, a handful of countries account
for a large share of global exports, but no one nation dominates, and import
destinations are comparatively more varied. While concentration remains moderate
overall, greater regional concentration exists. Most countries rely on a limited set
of partners for their imports and exports — the median HHI for both imports and
exports is roughly 0.27, while the median CR4 exceeds 0.80 in both directions,
meaning that for several countries, the top four suppliers provide over 80 percent

of their cereal imports and the top four buyers absorb over 80 percent of their

!The HHI measures the relative size of firms within an industry and serves as an indicator of
market competitiveness. This index ranges from 0 to 1, with 0 representing a highly competitive
market and 1 indicating a monopoly. An HHI<0.15 indicates a competitive market, and HHI
between 0.15 and 0.25 indicates moderate concentration, and an HHI>0.25 indicates high levels of
market concentration. The CR4 measures the market share of the four largest firms and should
generally be less than 0.4 for the market to be considered competitive.
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exports (Supplementary Figure B.3). These findings echo Kummu et al. (2020), who
show import dependency rose and the number of partners fell between 1987-2013,
and Fanelli and Giglio (2021), who document that agri-food trade flows are highly
concentrated among a small set of country-pairs.

At the subnational level, the global cereal flow network does not exhibit
concentration — the HHI is under 0.01 for both exporters and importers, and
CRA4 is under 0.10 — reflecting the presence of multiple exporting areas within
major cereal producing countries, and vice versa. However, this aggregate picture
masks pronounced pockets of concentration at finer scales, both within and between
nations. Within many countries, domestic cereal distribution is dominated by just
a handful of regions (Supplementary Figure B.4). In Bolivia, Ghana and New
Zealand, for instance, domestic flows exceed 10,000 tonnes (more than 20% of
national consumption), yet only a few key domestic exporters account for these
flows (HHI>0.60). The CR4 for these countries approaches 1, but that is less
meaningful for domestic networks, since the total number of subnational units is
relatively smaller for within country flows.

Considering both international and domestic flows at subnational scales, many
administrative regions depend on only a handful of partners, making them particu-
larly vulnerable to local and global production or market shocks (Supplementary
Figure B.5). For example, Ayacucho in Peru, where cereal inflows exceed 10,000
tonnes (around 60% of regional consumption), obtains over 70% of its inflows from
its top four source regions, and has an HHI of ~0.25. Conversely, Sinop in Turkey,
exporting more than 10,000 tonnes (about 60% of its production), primarily sells its
grains to a handful of regions (HHI=0.52, CR4=0.80). These findings demonstrate
how cereal flow concentration occurs at multiple spatial scales, both between and

within countries, with direct implications for the resilience of cereal supply chains.

2.4 Discussion and Conclusions

This study evaluates global cereal flows at spatially resolved scales, providing a

detailed analysis of global food supply chains and the vulnerabilities inherent in
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food flow networks. The research highlights substantial heterogeneity in subnational
cereal flows and identifies pivotal nodes and links within the cereal flow networks.
The study underscores the importance of both domestic and international flows for
regional food security. With approximately 17% of global cereal consumption met
through international flows and 27% through domestic flows, the critical balance
between local self-sufficiency and trade dependency in enhancing food systems
resilience becomes apparent. Regions that source most of their consumption from
domestic inflows enjoy greater insulation from international market volatility but
remain vulnerable to local production shocks and domestic transport disruptions.
Conversely, regions reliant on international inflows are more exposed to price
spikes, export restrictions, and supply chain disruptions in exporting countries.
Furthermore, the study reveals regional concentration in cereal inflows and outflows
at country and administrative levels, highlighting a need for both strengthening
local production capacities and ensuring diversified, efficient trade networks to
minimize potential vulnerabilities.

This study’s second contribution lies in its innovative modelling approach,
which integrates machine learning, data processing and calibration algorithms, to
effectively downscale national cereal flow data to a more granular, subnational level.
Crucially, despite modest prediction performance, these models help establish a
foundational understanding of cereal distribution dynamics.

The modelling pipeline in this research relies on some key assumptions —
concerning the spatial accuracy of gridded production data, the estimation of
subnational consumption from national-scale relationships, the structural similarity
of flow networks across spatial scales, the representativeness of the predictor
variables, and the harmonization parameters. These assumptions are enumerated
and discussed in full in Supplementary Methods B.3.6. Modelled flows can inherit
errors from input data; for example, in the United States, spatial misallocations
in the gridded crop production layer overestimate cereal output in Texas and
California and underestimate it in Corn Belt states like lowa and Illinois, producing

modest deviations from reported cereal flow patterns. In future work, richer
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input datasets, for both predictor and target variables, could improve prediction
performance and produce better estimates of cereal flows with less reliance on
post-prediction adjustments.

This global, subnational cereal flow analysis fills a critical gap in food systems
resilience research, and its findings can support policies aligned with the United
Nations’ SDG 2 (Zero Hunger) and SDG 13 (Climate Action), while also informing
regional initiatives such as EU’s Common Agricultural Policy and the Comprehensive
Africa Agriculture Development Programme (Commission, n.d. Nations, n.d. Union,
n.d.). This research can support future work to build a comprehensive resilience
index that balances local self-sufficiency with trade reliance, and can underpin
scenario analyses of regional vulnerabilities to climate shocks affecting global
breadbaskets. Going forward, integrating these insights into policymaking and

scenario planning can guide targeted strategies that bolster food systems resilience.

Data availability This study relies on publicly available datasets as inputs.
The data outputs of this study are included with the paper as supplementary
information. Any additional data related to this paper may be requested from

the corresponding author.

Code availability The code needed to analyse the data and reproduce the figures
from this study is publicly available via GitHub.
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Abstract

Understanding the environmental impacts of food products is essential for a
sustainable food systems transformation. While there has been extensive characterisa-
tion of specific agricultural commodities such as fruits, grains, and meats, there has
been much less work on the impacts of multi-ingredient retail foods. Here we analyse
around 475,000 products across 74 countries, with especially large samples from
North America and Furope. We use machine learning to categorize products into
standardized food categories across countries, to help identify product compositions by
parsing ingredient lists. By pairing identified ingredients with Life Cycle Assessment
(LCA) databases and their supply chain information, we quantify impacts on land
use, greenhouse gas emissions, biodiversity loss, eutrophication, and water stress.
We find that the relative order of category-level environmental impacts is consistent
across different countries, with the highest impacts observed in categories such
as animal products, coffee, nuts and seeds, and the lowest in fruits, vegetables,
and beverages. However, the absolute impacts of products within categories vary
across geographies due to differences in product composition and ingredient sourcing
patterns. For some products, sourcing differences across countries can result in
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substantially higher or lower footprints, sometimes outweighing their compositional
differences — highlighting the potential for targeted supply chain interventions. The
findings indicate that sufficient data exist to produce robust, comparable estimates
of product-level environmental impacts, that can support policies aimed at shifting
demand toward foods with lower environmental footprints.

3.1 Main

The food system is a major contributor to global environmental challenges, including
climate change, land-use change, biodiversity loss, freshwater depletion, and the
pollution of aquatic and terrestrial ecosystems (Foley et al., 2011). There is an urgent
need to transition to sustainable food systems, as even substantial improvements in
other sectors will be insufficient to counteract the escalating environmental damage
if current food production and consumption practices remain unaltered (Clark et al.,
2020; Springmann et al., 2018). Information on environmental impacts of foods sold
at retail stores remains vital for this transition, as retail purchases account for the
majority of food consumed in many countries (Clark et al., 2022; El Bilali & Allahyari,
2018). Yet such information remains sparse, fragmented, and non-standardized
(Deconinck et al., 2023). Scalable estimation and clear, consistent communication
of these impacts are critical to support evidence-based purchasing, procurement,
reporting, and target-setting, by consumers, retailers, producers, and policymakers.

While numerous studies have quantified the environmental footprints of agricul-
tural commodities such as grains, fruits, and meats (Poore & Nemecek, 2018; Sala
et al., 2017), less attention has been paid to the multi-ingredient food products
that dominate many modern retail environments. Clark et al. (2022) addressed this
information gap by estimating the environmental impacts of retail food products
in the United Kingdom through integrating ingredient-level Life Cycle Assessment
(LCA) data with parsed product composition information. However, food products
vary substantially in their recipes and regional sourcing patterns across geographies,
and it remains crucial to develop a global, standardized assessment of retail foods.
This research provides a foundation for such standardization by analyzing the

environmental impacts of retail food products across a broad geographic scope while
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integrating ingredient-level sourcing information, thereby enabling a comprehensive
and precise assessment of product-level environmental impacts.

We evaluate the environmental impacts of around 475,000 food products from
74 countries. Our dataset is particularly detailed for Europe and North America;
therefore, the findings should be considered representative of product availability only
in these regions, while additional data are required to improve product representation
in other regions. Nonetheless, the analysis offers valuable insights into the impacts
of the specific products included. Through this multi-national lens, our research
illuminates both the commonalities and differences in product-level environmental
footprints across geographies.

Our analysis reveals that environmental impacts follow consistent trends across
regions, with animal products, coffee, nuts and seeds, emerging as some of the
highest-impact product categories. Differences in where ingredients are sourced
across countries generally have a limited effect on impact estimates for most
ingredients and products. However, in some cases, similar products in different
countries source ingredients from markedly different production systems, leading to
substantially higher or lower impacts — sometimes exceeding differences attributable
to product composition. Importantly, these differences reflect variation in production
conditions at the source, rather than the geographic proximity between production
and consumption. By highlighting these cross-country consistencies and variations,
our study provides the evidence base for assessing the role of producer, retailer and
consumer behavior in driving food-system impacts, and to identify opportunities

for targeted supply chain interventions.

3.2 Results

3.2.1 Estimating the Environmental Impacts of Food Products
Across Geographies

The overall environmental footprint of a multi-ingredient food product is determined
by aggregating the environmental impacts of its individual ingredients, each weighted

by its respective quantity (Figure 3.1). However, the information about ingredient

46



3. The Environmental Footprint of Retail Foods at Scale: A Multi-Country Analysis

composition is scarce, and it varies by country. For example, while in United
Kingdom and the European Union, food labelling regulations mandate that certain
ingredients’ percentages be listed on retail foods, in countries like the United States
only the rank order of ingredients is required to be listed. Across the entire dataset
of foods in this analysis, the percent composition was provided for about 8% of
all ingredients, i.e. for about 400k of a total of 5.21 million ingredients. This
varied from 1.5% of ingredients in USA & Canada to 13% in France. Percentage
composition for all ingredients in a product was listed for only ~14k products in
our dataset (~3% of products). On average, the composition of 19% of the product
by mass was provided in ingredient lists, which varied from 1.6% in USA & Canada
to 29% in UK & Ireland. Accordingly, prior to estimating environmental impacts,
we imputed ingredient-level percentage shares for approximately 90% of ingredients,
which on average accounted for 80% of total product composition by mass.

This required us to first classify food products into a consistent shared set of food
categories that span across countries, using natural language processing and machine
learning (see Methods). The categorization scheme was based on the three-tier
categories used in the UK National Diet and Nutrition Survey (Supplementary Table
C.1). We used a pretrained language model, Sentence-BERT (Reimers & Gurevych,
2019), to obtain contextual representations (embeddings) that capture the semantic
meaning of product names and ingredient lists. We then used these embeddings as
features in machine learning models to classify each of the ~475k products into one of
104 food categories. This categorization enabled us to leverage known composition
information from functionally similar products, to estimate the composition of the
ingredients where composition was not provided. This assumes that products within
a food category, e.g. white breads, tend to have similar ingredient profiles across
supermarkets and countries. Overall, the food categorization models achieved ~90%
overall accuracy across all products, ranging from 88% to >95% across product
types (Supplementary Tables C.2 and C.3). Classification accuracy was highest
for the ‘miscellaneous’, and ‘sugar, preserves, and confectionery’ food categories,

and lowest for the ‘fat spreads’ and ‘non-alcoholic beverages’ categories. This
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variation likely reflects differences in semantic separability of categories in the
embedding space — categories with distinctive product names and ingredient lists
are easier to distinguish than others. For example, low-fat, reduced-fat, and full-
fat spreads are less separable due to similar product names and ingredients. By
contrast, chocolate confectionery and sugar confectionery might have similar names
but often differ in ingredients (i.e. presence/absence of cocoa derivatives), hence
improving separability. In addition, products that we call ‘edge cases’, which could
be appropriately allocated into multiple categories, were also challenging for the
models, e.g., a ‘pasta dish with beef’ could be included in both the ‘pasta’ and ‘beef
and veal’ categories. Supplementary Figure C.2 visualizes the predicted product
categories, and Supplementary Table C.4 shows product counts by category.

We next estimated each product’s ingredient composition from the ingredient
lists using an algorithm developed and tested by Clark et al. (2022). This process
estimates the composition of each ingredient in each product, using the known
ingredient percentages as provided, and employing a series of algorithms to estimate
composition of the remaining ingredients. Missing quantities were estimated
based on known ingredient percentages from similarly categorized products with
comparable ingredients, with matches restricted to the same country or region to
avoid gap-filling with products sold in dissimilar food environments. This ensured
that, for example, German products were gap-filled with composition information
from other similar products available in Germany and Western Europe, rather
than with products from Asia.

We paired the composition estimates with environmental databases that quantify
cradle-to-retail impacts of food production systems across five indicators — land
use, greenhouse gas emissions, biodiversity loss, eutrophication, and water stress.
Environmental data were drawn from Poore and Nemecek (2018) and Blue Food
Assessment (Gephart et al., 2021). We used publicly available trade data from
FAOSTAT (FAO, 2023) and FishStat (FAO, 2024b) to determine ingredient sourcing,
enabling us to use region-specific LCA data for each ingredient. To estimate the

possible range for a product’s impacts after accounting for its plausible supply chain
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pathways, we then conducted a Monte Carlo analysis with 3,000 simulations per
product, where each simulation corresponds with a possible supply chain for that
product. These simulations yielded distributions of the potential environmental
impacts for each product, which we used to derive mean environmental-impact
estimates and associated variances for each indicator. To summarize the five
indicators, we created a composite metric by first normalizing each indicator to
a 0-100 scale (where 0 equals lowest observed impact; 100 equals highest), then
averaging those scores with equal weights, and finally re-scaling the result back to
0-100. Expressed per 100 g of product, this composite provides a single metric for
comparing products, e.g., a score of 20 indicates that a product’s overall impact
is 20% of that of the highest impact product. Note that reporting impacts per
100 g rather than per kg is a presentation choice and does not affect the relative
comparison of products, but mass-based normalisation differs meaningfully from
nutrition-based normalisation (e.g., per 1,000 kcal or per gram of protein), which
can produce different impact estimates for the same product.

Although we approximated ingredient sourcing using country-average supply
chains, the absence of product-specific sourcing information remains a limitation.
The Monte Carlo simulations described above quantify the resulting uncertainty
in product-level footprints. For individual foods, the median simulated footprint
was, on average, 98% higher than the 5" percentile value and 36% higher than the
25 whereas the 75" and 95" percentiles exceeded the median by 32% and 138%,
respectively. Across products, the median difference between the 5th (lower-impact
sourcing) and 95th (higher-impact sourcing) percentile simulated footprints was 1.5
composite units, though it exceeded 30 units for some products. This implies that
supply-chain uncertainty typically has only a small effect on estimated footprints,
but it can be substantial for a subset of products.

Finally, we computed a confidence score for each product, indicating the
robustness of its environmental impact estimate (see Figure 3.2). We define the
score as the product of three components: (i) classification model certainty; (ii)

the share of ingredient composition provided on the package; and (iii) geographic
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coverage of LCA data for the product’s likely supply chains (see Supplementary
Methods C.3.8). Confidence varies across geographies and categories because
ingredient composition is unevenly reported across regions, and the LCA databases
are skewed toward commodities and practices common in high-income countries.
Products from European countries generally have higher confidence scores, due to
more complete composition information and better LCA data coverage. In North
America, confidence is lower despite strong LCA data coverage, primarily due
to limited composition information. In Asia and Oceania, available composition
information is comparable to Europe, but overall scores are lower because of gaps
in LCA coverage. Classification model certainty is consistently high across regions

and categories (Supplementary Figure C.1).
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Figure 3.2: Confidence in environmental impact measures across geographies and
categories. For plotting, some categories were condensed for visibility and clarity. For
instance, white and brown breads were combined into a single ‘Bread’ group. See
Supplementary Methods C.3.8 for details.
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3.2.2 Distribution of Environmental Impacts Across Food
Products

We estimated environmental footprints for 474,955 products spanning 74 countries.
Coverage is concentrated in North America (USA & Canada, 30.8%) and UK &
Ireland (25.6%). Within continental Europe, France contributes 19.3%, Germany
5.3%, and other European countries 14.5%. The remainder comes from Latin
America & the Caribbean (1.7%), Oceania (1.5%), Asia (0.9%), and Africa (0.4%).
Retail category shares vary by region (Supplementary Figure C.5). We report shares
only for the five regions with adequate sample sizes, where the product set is likely
indicative of products available at retail stores. Across regions, cereals and animal
products account for the largest proportion of products available, with processed
foods such as biscuits, savoury snacks, sauces and condiments also accounting for
a sizable share. In our sample, continental Europe shows a smaller proportion of
miscellaneous items (10-13%) than UK & Ireland and USA & Canada (15-18%).
USA & Canada have fewer animal products (21%) than Europe (25-29%), while UK
& Ireland have fewer fruits, vegetables, and nuts (13% vs. 17-21% elsewhere). These
shares provide a plausible proxy for product availability and could be suggestive
of the environmental footprints of national dietary patterns.

We find that product-level environmental impacts are highly right-skewed across
all countries, with a small subset of products accounting for disproportionately
large impacts (Figure 3.3, Supplementary Figure C.6). While most food products
have relatively lower footprints on a comparative scale, this does not imply that
their impacts are environmentally negligible or that they are sustainable; rather, it
reflects the presence of a long upper tail of products with exceptionally high impacts.
For the overall distribution of product-level environmental impacts, the 5%, 25,
50" (median), 75", and 95" percentiles are 0.2, 0.8, 1.6, 3.6, and 11.7, respectively,
meaning that 95% of products have less than one-eighth the impact of the highest
impact product. The gap between the 95th percentile and the median is 7.7 times
larger than the gap between the median and the 5th percentile, and the individual

environmental indicators are similarly right-skewed — again highlighting that a
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small subset of products has disproportionately large impacts. The highest impact
products are those with high proportions of beef (Supplementary Figure C.7), while
the lowest impact products are those with high water content, such as soft drinks.
In fact, for products with over 30% beef content, the 10th-percentile footprint is
roughly 40% higher than the 90th-percentile footprint of all beef-free products. The
highest impact beef-free products, (i.e. those above the 90th percentile) typically
contain high proportions of animal products, nuts, tea, coffee, and rice.

Figure 3.3 compares the estimated environmental impacts of food products
across categories and geographies, showing that the relative ordering of categories
from highest to lowest impact is consistent across regions. Animal-based foods,
especially beef, lamb, sausages, burgers and kebabs, consistently exhibit the highest
impacts, while fruits, vegetables, and beverages show lower environmental footprints.
Tea, coffee, nuts and seeds tend to have higher environmental impact scores per
100g than many other plant-based foods, sometimes even reaching levels comparable
with some animal products. Meat alternatives show substantially lower footprints
compared with their conventional counterparts, with reductions typically exceeding
60% across regions, while dairy alternatives reduce environmental impacts relative
to dairy products by approximately 20-65% across most regions. Within the
dairy group, cheeses impose markedly higher burdens than milks, yogurts, or
butters (Supplementary Figure C.8). Among cereals-based products, processed
foods like bread, pizza and pasta have lower impacts, whereas rice products have

higher impacts.
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Figure 3.3

each product, the impact is given by the mean of its Monte Carlo simulation outputs.

Categories with fewer than 30 products are omitted and instead indicated by star markers.



3. The Environmental Footprint of Retail Foods at Scale: A Multi-Country Analysis

While rank ordering of categories is broadly consistent across regions, the
absolute impacts of comparable products can vary considerably between countries.
In USA & Canada, ’beef and lamb’ and ’sausages, burgers, and kebabs’ exhibit
especially high impacts. Smaller but meaningful regional deviations also appear for
'rice’, 'nuts and seeds’, 'dairy products’, 'seafood’, 'poultry and pig meat’, ‘'meat
dishes’; 'chocolate confectionery’, and ’coffee’. For example, on our composite scale,
the average beef jerky product scores roughly 15 in France but ~38 in USA & Canada;
chicken and rice dishes average ~4 in UK & Ireland but ~2 in Oceania; pork sausages
average ~12 in France versus ~5 in USA & Canada; and chocolate and hazelnut
products average around 4 across Europe and North America, but ~7 in Asia.

Crucially, while the composite metric summarizes patterns across regions, it can
mask important environmental trade-offs — for example, rice cultivation produces
substantial greenhouse gases, yet has comparatively low land use impacts (Poore &
Nemecek, 2018). Pairwise correlations among the five indicators range from r = 0.1
(biodiversity vs. water stress) to r = 0.8 (land use vs. eutrophication), indicating
that biodiversity loss and water-stress impacts are largely decoupled, whereas
products requiring extensive land conversion also tend to have high eutrophication
impacts (Supplementary Table C.9). To unpack these differences, we examine
the five indicators separately. Figure 3.4 disaggregates the composite into its five
components across the five regions with adequate sample sizes. We focus the main
text on nine food categories (rice, nuts and seeds, dairy products, seafood, beef and
lamb, dairy alternatives, chocolate confectionery, coffee, and cooking fats and oils)
because they span a wide range of composite environmental impacts and exhibit
distinct trade-offs across the five component indicators. Comprehensive results for
all categories are provided in Supplementary Figure C.9. For beef and lamb products,
all indicators except water use lie toward the upper end of their distributions and
thus drive the composite; GHG emissions dominate dairy; and water use dominates
rice products and nuts and seeds. Dairy alternatives improve substantially on land
use, GHG emissions, biodiversity, and eutrophication relative to dairy products, but

show comparable or slightly higher water footprints in some regions. The relative
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importance of indicators in the composite is consistent across regions for most

food types. However, beef and lamb products exhibit substantially higher land use,

biodiversity, and eutrophication impacts in USA & Canada than in other regions,

but somewhat lower GHG emissions and similar water use footprints. Our impact

estimates also enable product-level comparisons across indicators. As an illustration,

Supplementary Figure C.10 plots GHG emissions against scarcity-weighted water

use for 100 randomly selected products per category across the nine categories.
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3.2.3 Drivers of Regional Variation in Footprints of Com-
parable Products

The observed differences in the environmental impacts of certain food products
across geographies highlight the need for further investigation. We examine two
potential sources of variation in impacts of similar products — differences in ingredient
mix (the types and proportions of ingredients), and differences in ingredient sourcing
(the production systems from which ingredients are obtained) — to understand how
each of these contribute to region-level differences in impacts.

To examine how ingredient mix of similar food products varies between countries,
we expressed each product’s composition as the proportion of its ingredients
falling into five ingredient groups, from lowest to highest ingredient-level impacts.
Supplementary Figure C.11 presents these proportions aggregated by food category,
capturing the typical ingredient mix within each category across regions. We limit
this comparison to the five regions with sufficiently large product samples, which
are likely indicative of retail product availability. We find that ingredient mix
for similar products sold in different regions is often similar but there are a few
exceptions. For example, products in USA & Canada often contain a smaller
proportion of the highest impact ingredients (such as bovine meat, nuts, cheese,
crustaceans) in the beef and lamb category compared to similar products in other
countries, but a higher proportion of high impact ingredients in products in the
seafood category. Importantly, these findings are not simply an artifact of our
approach to filling in missing ingredient data. Missing ingredient proportions are
estimated using products where the same ingredient appears in the same position
in the ingredient list, drawing only from products within the same category and
country group (see Methods and Supplementary Information C.3.3). Moreover,
category-level aggregation captures not just individual product compositions but
also differences in the mix of product types available in each region. These patterns
indicate that differences in ingredient mix across regions among comparable products

are insufficient to fully explain the observed footprint differences, particularly
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the differences in mean category-level impacts between regions, motivating an
examination of differences in ingredient sourcing.

To understand the effect of ingredient sourcing on product-level impacts, we
computed an alternative set of footprints using global average supply chains, ignoring
regional sourcing patterns (Methods and Supplementary Information C.3.4). Figure
3.5 compares these to our primary sourcing adjusted estimates. Differences are
reported as (global average — sourcing adjusted) per 100g on the composite scale.
Positive values indicate products with higher impacts when global average (rather
than sourcing-adjusted) supply chains are used to calculate product impacts. Using
global average supply chains raises average footprints for beef and lamb products by
~20 units in France and UK & Ireland (over 40 unit increases for some products),
but lowers them by ~20 units on average in USA & Canada (up to 40 unit decreases
in some cases). Similarly, global average assumptions lower average footprints for
seafood in Africa (~7 units), savoury snacks in Asia (~3), rice products in Latin
America & the Caribbean (~3) and in USA & Canada (~6), and poultry and pig
meat products in UK & Ireland (~2). In contrast, using global average supply
chains raises average impacts for dry-weight beverages (~10 units) and chocolate
confectionery (~5 units) in Germany, France, Other Europe, and UK & Ireland.
These alternative impacts (assuming global average supply chains) are presented in
Supplementary Figure C.12. Despite shifts across geographies, the rank ordering
of food categories remains broadly similar to that in Figure 3.3, i.e. incorporating
sourcing information changes the absolute impacts of a product, but is unlikely to
change the relative order of impacts between products. Cross-regional variation
among comparable products is smaller when global average supply chains are used,

consistent with differences in ingredient mix across regions.
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geographies, when computed excluding vs including ingredient sourcing. For each category,
the bars span the 10" to 90" percentile of product-level differences; the mean (black line)

and median (white dot) differences of each category are overlaid. Categories with fewer

than 30 products are omitted and instead indicated by star markers.
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To further quantify how much of the variation in product-level impacts is
attributable to ingredient sourcing, we computed the Pearson correlation between
our two sets of estimates (those computed with and without accounting for in-
gredient sourcing) across all products. The correlation is r = 0.80, indicating
that approximately 64% of variation in product impacts is explained by factors
other than sourcing, i.e. product composition (r2), while the remaining 36%
reflects sourcing-related differences (1 — r?). The importance of sourcing differs
markedly by category, e.g., it is minor for dairy products, nuts and seeds, and tea
(r > 0.95; sourcing < 10%), but substantial for rice, dry-weight beverages, chocolate
confectionery, and especially beef and lamb (r = 0.10; sourcing = 99%). The low
correlation for beef and lamb does not mean that products in this category have
identical compositions — these products vary widely in their share of highest-impact
ingredients (40% to 100%), as also reflected in the large 10th-90th percentile impact
bars for these products across all regions in Figure 3.3. Rather, it reflects the fact
that sourcing differences can outweigh compositional differences, e.g. a product
containing 50% beef sourced from high-impact production systems can have a larger
footprint than a product containing 90% beef sourced from lower-impact systems
(Supplementary Figure C.7). However, this does not imply that sourcing decisions
are more important than ingredient choice for reducing impacts, as products with
substantial beef content remain among the highest-impact products regardless of
sourcing, even if sourcing decisions shift their relative ranking. The contribution
of sourcing also differs by indicator — overall, it explains roughly 17% of variation
for water scarcity (r = 0.91), 31% for GHG emissions (r = 0.83), 51% for land
use (r = 0.70), 56% for eutrophication (r = 0.66), and 68% for biodiversity loss
(r = 0.57). Supplementary Table C.10 presents the full set of correlations across

all food categories and indicators.

3.3 Discussion

This study presents a global, multi-indicator, product-level assessment of the

environmental footprints of nearly half a million food products and establishes

61



3. The Environmental Footprint of Retail Foods at Scale: A Multi-Country Analysis

a scalable impact-estimation framework for multi-ingredient retail foods across
geographies. By bridging commodity-level LCA and product-level analysis, together
with information on ingredient sourcing, our work advances the literature and
enhances the granularity of environmental assessments.

Our analysis confirms that, consistent with commodity-level studies, animal-
based products carry substantially higher environmental footprints compared to
plant-based and processed foods. While overall trends in environmental impacts
are similar across regions, notable differences emerge upon closer inspection. These
variations are explained partly by product composition, and partly by ingredient
sourcing. When we omit sourcing information, impact profiles change markedly for
some products and categories, highlighting the sensitivity of certain food categories
to sourcing practices. Our findings suggest that the most reliable gains come from
shifting demand away from highest-impact categories and toward lower-impact
alternatives (e.g., replacing ruminant meat with poultry or plant-based options),
and that supply-chain interventions can complement such shifts, particularly where
the data show large sourcing effects (e.g., beef and lamb products, rice dishes, etc.).
Crucially, even the best-sourced beef and lamb products exceed the footprints of
meat alternatives or beans and pulses — underscoring that while sourcing matters,
dietary shifts remain the primary lever for reducing food-system impacts.

Even where supply-chain interventions are warranted, regional sourcing informa-
tion is necessary but not sufficient as a policy lever. Consumer-driven shifts toward
lower-impact sources face structural limits: lower-impact production systems often
cannot scale to meet aggregate demand, and price-sensitive consumers may continue
purchasing from higher-impact sources. Achieving genuine reductions requires
combining sourcing transparency with mechanisms that change production practices
at the source, including price incentives such as carbon pricing or differentiated input
subsidies, supply-side regulation of high-impact production systems, investment in
lower-impact farming techniques, and trade policies that internalise environmental
externalities. Sourcing information at the product level provides the evidence base

for these systemic interventions, but the interventions themselves must operate
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through the political and economic structures that shape how food is produced
— not only through individual consumer choice.

The approach demonstrated here uses an open and transparent algorithm to
estimate the environmental impact of a food product by connecting its ingredients
with a dataset of LCAs. The pipeline here has been developed using LCA data
from Poore and Nemecek (2018), but the modular approach means that this can
be replaced with other LCA datasets where necessary. This provides a mechanism
whereby we can estimate the environmental impact of any food product with an
ingredients list. Of course, this approach is limited by the amount of information that
is available on an ingredients list — if manufacturers have more specific information
about the contribution of ingredients to the composition of the product and the
sourcing of those ingredients, then a more refined estimate can be reached. This
approach is analogous to how nutrition labelling regulations are applied in the
UK and elsewhere, where estimates of the nutritional content of food is based
on linking ingredients with nutritional data from Food Composition Tables, e.g.
McCance and Widdowson (2014). These estimates are used as the baseline but can
be superseded by chemical analyses of specific food products if needed. Nutritional
data estimated in this way are the bedrock of public health regulations worldwide —
adapting an analogous approach for environmental metrics could open the doors
to policies and regulations that support more sustainable diets. Our pipeline
can be used and adapted to support ecolabelling schemes like France’s “Planet
Score” (Hélias et al., 2022) and voluntary carbon-footprint labels in Japan (Potts
et al., 2014), by calculating and analyzing per-product impacts at scale. The
pipeline, and outputs from it, can also be integrated into decision-support tools
that link environmental footprints with nutrient profiles and affordability to guide
healthier, lower-impact choices (Willett et al., 2019), and it can power manufacturer
and retailer scorecards that compare performance across multiple environmental
dimensions (Thogersen & Nielsen, 2016).

The analysis also highlights research and data priorities. First, while our LCA

database encompasses data from over 40,000 food production systems, these are
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skewed toward commodities and production systems prevalent in high-income
regions. As a result, environmental data for some origin regions may be sparse or
unavailable, necessitating the substitution of data with available proxies. Similarly,
the food product datasets used in our analysis favor markets in Europe and North
America. Consequently, our findings are most robust for developed markets and
may not fully capture consumption patterns or production practices in under-
sampled regions. Closing these data gaps is urgent as global targets call for halving
food-system emissions by 2030 (Nkonya, 2019). Our analysis reveals geographic
and category-level heterogeneity in data coverage, pinpointing regions where LCA
inventories and ingredient composition records remain sparse. Our research can be
used to identify environmental hotspots, calibrate context-specific interventions,
and monitor progress toward the twin goals of nutritional security and climate

mitigation (Springmann, Godfray et al., 2016).

3.4 Methods

There were three main elements in the approach to estimate food product impacts
across geographies (Figure 3.1). First, we developed a machine learning pipeline
to categorize food products into standardized categories across countries. Second,
with the categorized products, we used the previously developed algorithm that
estimates product ingredient composition by leveraging known ingredient lists, with
similarly categorized products used to gap fill missing composition information
(Clark et al., 2022). And last, we used publicly available information on trade flows
to determine sourcing of identified ingredients, and the composition and sourcing
information was combined with LCA databases to estimate the environmental
impacts of food products. A brief description of these steps is provided below,
see Supplementary Methods C.3 for more details.

We estimated the environmental impacts of food products from two large-scale
datasets - foodDB (Harrington et al., 2019) and Open Food Facts (homepage).

FoodDB is a web tool which systematically scrapes major UK and Irish retailer
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websites. Open Food Facts is a publicly available dataset, which relies on crowd-
sourcing to collect information about food products available around the world.
We obtained 262,711 products from foodDB and 961,989 products from Open
Food Facts. Nearly two-thirds Open Food Facts entries were non-English, and we
deployed automated language detection followed by machine-assisted translation
to English. After all products were categorized, ingredient text was cleansed
via regular expressions to strip extraneous content, such as allergen warnings,
sourcing statements, or promotional claims, and standardized into a uniform format.
Products whose lists could not be reconciled to this uniform structure were excluded,
and composition was estimated for the rest of the products. Products whose
identifiable ingredient mass fell below a predefined completeness threshold of 75%,
were also excluded. This multi-stage cleaning pipeline yielded just under half a
million food products covering over seventy countries and multiple retail contexts,

for which environmental impacts were estimated.

3.4.1 Automated product categorization

We first allocated all food products into a set of shared food categories. This allowed
us to a) estimate composition of ingredients where this is not provided in ingredient
lists, and b) to compare the environmental impacts of similar products that are
sold in different countries. For the food categories, we adopted the hierarchical
categorization system followed by the UK National Diet and Nutrition Survey
(Amoutzopoulos et al., 2025). This categorization system organizes foods into broad
parent categories (such as cereals, dairy, fruits, vegetables, meats and fish), further
divided into detailed main (such as bread, and cheese) and subcategories (such as
white bread and cheddar cheese). We made a few adjustments to this system to
remove redundancies (e.g., merging homemade and manufactured pasta categories
into one), and added a category to capture non-food items in our dataset, which
resulted in a total of 18 parent categories, 53 main categories, and 104 subcategories.

To categorize products, we developed a supervised machine learning approach,

where we trained classification models to predict food categories based on product

65



3. The Environmental Footprint of Retail Foods at Scale: A Multi-Country Analysis

descriptions. To train these models, we assembled a labelled dataset of ~60,000
products from foodDB, by combining fuzzy-matching techniques, annotation via
a large-language-model API with researcher review, and direct manual labelling
(Kennedy et al., 2025). The classifiers used product descriptions, i.e. product names
and listed ingredients, as model features. For each product, we concatenated the
product name with ingredient string, and then generated vector representations
using the Sentence-Bert model (Reimers & Gurevych, 2019). This approach captures
both semantic nuance and contextual cues in a fixed-length embedding, enabling
classification without intensive domain-specific tuning.

Our categorization pipeline works in two stages. First, a parent model assigns
each product to one of the 18 parent categories, simplifying the classification problem.
Second, specialized subcategory models refine each item’s label within its parent
category, i.e., they allocate products in each parent category (such as milk and milk
products), into one of the potential subcategories (such as whole milk, skimmed
milk, cheese, yogurt). We began with a labelled dataset of products from foodDB,
which we used to categorize the entire foodDB collection. Our goal was to achieve
highly accurate foodDB classifications so that these category assignments could
then serve as reliable and representative training data for categorizing products
from other datasets, such as Open Food Facts.

To accomplish this, we followed an iterative process — training machine learning
models on the labelled data, predicting on the unlabelled portion of foodDB, and
then manually correcting and expanding the labels to retrain improved models. This
cycle was repeated until manual evaluations showed both strong overall accuracy and
consistently high precision across all categories. During this phase, we primarily used
Random Forest classifiers. Although we also tested alternative models — including
linear discriminant analysis, k-nearest neighbours, and histogram gradient boosting —
all achieved comparable out-of-sample accuracies (approximately 85% to over 95% at
the parent and most subcategory levels). However, Random Forests produced more

reliable results on previously unlabelled products, making them our model of choice.
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Once we achieved robust category predictions on foodDB, we scaled up by
training deep learning classifiers on the larger dataset of roughly 260,000 foodDB
products. These models were then applied to classify approximately 960,000
products from Open Food Facts in a single pass, with no additional manual

correction required.

3.4.2 Ingredient parsing and composition estimation

Deriving accurate ingredient breakdowns from ingredients lists is challenging because
of inconsistent formatting, nested sub-lists, and the need to estimate percent
composition for most ingredients in a product. For this work, we built on the
methodology of Clark et al. (2022), extending it to accommodate the greater
variability in our dataset across multiple geographies. The Clark et al. (2022)
approach proceeds in three steps. First, ingredients text is parsed to identify
individual ingredients and their percent composition, when reported. Second, these
ingredients are mapped to one of 110 agricultural commodities to enable i) estimation
of ingredient composition when unknown, and ii) integration with environmental
databases (Gephart et al., 2021; Poore & Nemecek, 2018). For example, shiitake
mushrooms are mapped to ‘Mushrooms’; and organic peanut butter to ‘Groundnuts’.
Third, a series of algorithms estimate the composition of ingredients with unknown
shares by drawing on the composition of similar ingredients in similar positions
across comparable products. The final output is adjusted to comply with food
regulations, ensuring that ingredient shares sum to 100% and that each ingredient
accounts for at least as much mass as the one listed after it.

We extended this methodology in two ways. First, we standardized ingredient
strings across products from both foodDB and Open Food Facts. Ingredients
were separated by commas, percentages (when available) placed in brackets after
the ingredient name, and sub-ingredient lists nested within brackets following the
same format. Second, whereas Clark et al. inferred missing composition from
products stocked on the same supermarket shelf, aisle, or department, we gap-

filled missing composition using products from the same classification category and
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geographic cluster (e.g., Western Europe, Southeast Asia; Supplementary Table
(.5). This ensured that product composition was imputed using similar products
available in comparable food contexts.

Through this process, we estimated compositions for ~4.81 million of the 5.21
million ingredient entries, covering approximately 80% of the total ingredient

mass in our dataset.

3.4.3 Linking compositions to environmental impacts

To translate ingredient compositions into environmental footprints, we linked each
ingredient to its environmental impacts under different production systems, as
reported in LCA databases. Because production systems vary geographically, and
countries source ingredients from these regions in varying proportions, we weighted
the LCA data by real-world sourcing shares derived from bilateral trade data from
FAOSTAT (FAO, 2023) and FishStat (FAO, 2024b). The trade data were first
harmonized using algorithms from Gehlhar (1996) and Croft et al. (2018) to resolve
two reporting discrepancies — i) import volumes reported by importing countries
often differed from those reported by exporters, and ii) total reported exports from
some countries exceeded the sum of production and imports, reflecting misreporting
or re-exports counted as exports. Using the harmonized dataset, we estimated, for
each country, the share of each commodity in the LCA database that was sourced
from different supplier countries. When a supplier lacked country-specific data for
a commodity, we substituted it with corresponding regional averages.

For each product, we conducted a Monte Carlo analysis with 3,000 simulations,
repeatedly sampling production-system footprints for each ingredient in proportion
to its sourcing probabilities. This yielded distributions for five environmental
indicators (land use, greenhouse gas emissions, eutrophication potential, biodiversity
loss, and water scarcity), from which we calculated their expected values. We also
computed ingredient-level shares of each product’s impact by pooling across draws.
For each indicator, we summed each ingredient’s impact over the 3,000 draws and

divided by the pooled product-level total.
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In parallel, we ran another set of simulations that ignored trade flows, allowing us
to isolate the effect of sourcing patterns on overall footprints. For these simulations,
we weighted each ingredient’s LCA data for different production systems by their
share in global production rather than by specific regional sourcing.

To communicate product-level environmental impacts, we normalized each
indicator relative to the global distribution of observed values and averaged the five
indicators into a single composite impact score. This composite score was further
normalized on a 0-100 scale, enabling direct comparison among foods with diverse
compositions and sourcing patterns. For the sourcing-agnostic analysis, indicators
and scores were normalized using the minimum and maximum values from the

sourcing-informed results to ensure comparability between the two approaches.

3.4.4 Computing sourcing-adjusted ingredient footprints
and summarizing product composition

For each indicator, we estimated sourcing-adjusted ingredient footprints (per 100 g)
by dividing an ingredient’s contribution to a product’s total impact by its percentage
in that product. Ingredient composite scores were then computed using the same
five-indicator aggregation as for product-level footprints, with indicator values
normalized to the same min-max bounds as for products to ensure comparability.
Because an ingredient can appear in multiple products, and each product’s Monte
Carlo draws sample different sourcing pathways, its estimated footprint varies across
instances, yielding a sourcing-dependent distribution of ingredient impacts.

To group ingredients, we averaged each ingredient’s composite score across all
products in which it appeared, ranked ingredients by their mean footprint, and
split them into five equal-sized impact groups (from lowest to highest). To enable
comparison of composition across geographies and food categories, each product’s
composition was then expressed as the proportion of its ingredients falling into

these five groups, yielding a common five-variable representation.
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3.4.5 Quantifying the confidence in each product’s envir-
onmental impact estimate

We quantified confidence in each product’s environmental impact estimate as the
product of three components: classification certainty, composition completeness,
and LCA data coverage. Classification certainty reflected the reliability of product
categorization. All foodDB products were assigned a high baseline certainty
given extensive validation, while Open Food Facts products were assigned variable
certainties depending on the classification models’ probability scores at the parent
and subcategory levels. Composition completeness captured the proportion of a
product’s ingredients identified by weight on the label, with higher completeness
corresponding to greater confidence. LCA data coverage represented the geographic
resolution of environmental data available for each ingredient — country-level data
contributing most to confidence, and regional or global averages contributing
less. Additional details on these calculations are provided in the Supplementary

Methods C.3.8.

Data Availability The data used in this study will be partially available after
publication. All data for products obtained from Open Food Facts will be made
publicly available via a research archive. Product-level data from foodDB cannot
be made publicly available due to privacy and proprietary reasons. Access to this

data will be available upon request by email to fooddbaccess@ndph.ox.ac.uk.

Code Availability All code used for this study will be made publicly available

after publication, via a GitHub repository.
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Abstract

International food trade is critical for global security yet faces compounding
pressures from climate change, evolving dietary preferences, and shifting trade
policies. We quantified how these forces jointly reshape global food networks by
modelling bilateral trade for 32 crops across 153 countries through 2050, integrating
climate pathways, dietary scenarios, and trade liberalization regimes. We find that
dietary transitions are the dominant driver of future agricultural production and
trade patterns. Climate pathways exert comparatively modest effects under our model
setup, though this finding assumes continued technological progress to offset climate-
induced productivity losses; under more pessimistic adaptation scenarios, climate
effects could be substantially larger. Traditional commodity corridors, particularly
grain and soybean flows from the Americas to Asia, weaken substantially under
plant-forward scenarios, while trade in fruits and vegetables intensifies. Major
producing countries face uncertain futures depending on which pathway materializes.
While dietary choices primarily dictate regional supply requirements, trade policy
remains a critical determinant of export dynamics. Furthermore, trade liberalization
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consistently increases both import dependence and concentration across crop groups,
suggesting that while open markets may improve efficiency, they also concentrate
risk among fewer suppliers. Vulnerability profiles vary markedly across regions,
with some facing heightened dependence while others see reduced risk. These results
underscore the need for strategic coordination of dietary guidelines and trade policy
to ensure dietary transitions deliver both environmental and food security benefits.

4.1 Main

International food trade has more than doubled in the last two decades (FAO, 2022),
and is critical to ensuring global food security. Trade enables linking surplus regions
to deficit ones and can serve as an adaptation mechanism under climate change
(Janssens et al., 2020; Suweis et al., 2015). Yet, trade networks can also transmit
geopolitical and environmental shocks and concentrate food production, exchange,
and transport risks (Centeno et al., 2015; Grassia et al., 2022; Wellesley et al., 2017).

Several forces will determine the evolution of food trade over the coming decades.
Socio-economic growth across economies will create changes in the demand for food
products, especially in emerging economies (Pingali, 2007). Climate change will
unevenly affect regional crop productivity (Gaupp et al., 2019; Rezaei et al., 2023).
Efforts to promote healthier or more sustainable diets, with the potential to reduce
environmental impacts of food systems (Clark et al., 2020; Poore & Nemecek, 2018;
Springmann et al., 2018) would reallocate demand across commodities (Springmann,
Mason-D'Croz et al., 2016; Willett et al., 2019). Additionally, trade policy regimes
can further shape how production and consumption are spatially distributed and
how efficiently surpluses reach deficit regions. Present-day trade networks already
exhibit structural vulnerabilities, with over a third of countries unable to achieve
self-sufficiency for most essential food groups, and low self-sufficiency coupled with
dependence on a limited number of exporters constraining national capacities to
absorb global shocks (Stehl et al.; 2025). How climate change, dietary transitions,
and trade policy regimes may jointly reshape bilateral flows, self-sufficiency, and
import concentration (reliance on few exporters) remains poorly understood, yet

is essential for anticipating emerging food security risks.
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We address this gap by modelling future scenarios that couple projections of
climate change and socio-economic pathways with dietary transition pathways
and alternative trade policy regimes. Diet transitions are represented using
benchmarks from the EAT-Lancet Commission that target human health and
environmental sustainability (Willett et al.. 2019). These are linked with country-
level yield trajectories that reflect climate impacts and technological progress, in
a modelling approach that solves for market-clearing quantities, prices, and trade
under alternative trade-liberalization regimes. Here, trade liberalization refers to
the degree to which countries can flexibly source imports from global markets,
rather than the removal of specific tariffs or quotas. Covering 153 countries and
32 vegetal commodities (all major food crops except tea, coffee, cocoa, and spices)
from 2020 to 2050, we quantify changes in total demand, import dependence, and
bilateral trade flows, and assess how concurrent shifts in climate and diets reshape
the geography and concentration of global trade.

We find that dietary transitions emerge as the dominant driver of future
agricultural production and trade patterns, with trade policy modulating spatial
distribution and climate pathways exerting comparatively modest effects. These
demand shifts trigger a restructuring of bilateral trade networks and introduce
new vulnerabilities. Import concentration increases across most crop groups by
2050, especially under freer trade scenarios, suggesting that trade liberalization
may enhance efficiency but concentrate risk among fewer suppliers. Country-level
production trajectories prove highly scenario-dependent, with major producers
facing substantial uncertainty depending on which dietary and trade pathway
materializes. Together, these findings reveal that realizing dietary transitions are
likely to demand considerable adjustment in how food is produced and traded
globally, underscoring the need for coordinated dietary and trade policy for building

equitable and resilient food futures.
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4.2 Results

We used a multi-country partial-equilibrium model to project crop-level demand,
supply, and bilateral trade for 32 crops across 153 countries through 2050. The model
was calibrated to baseline trade flows observed during 2018-2022, incorporating
country-specific production and bilateral trade costs. For each scenario, the model
jointly solves for supply, demand, consumer and producer prices, and bilateral trade
flows in five-year intervals from 2020 to 2050, using forward projections of diets,
yields, and demand and supply elasticities. On the demand side, dietary pathways
include benchmark, flexitarian, pescatarian, vegetarian, and vegan trajectories,
with per-capita consumption translated to country totals using population and
food/feed/other shares. On the supply side, yields evolve along climate-affected
trajectories (RCP 2.6 and RCP 7.0) overlaid on technological progress. Trade
policy is varied through ‘low’ and ‘high’ liberalization regimes (see Methods and
Supplementary Methods 1.3). The full factorial design (diet x climate x trade,
2020-2050) yields equilibrium projections from which we summarize changes in total
demand, import reliance, and bilateral flows relative to 2020, and characterize
scenario-driven uncertainty.

Figure 4.1 presents projected global market-clearing quantities and trade frac-
tions for six major crop groups from 2020 to 2050 under varying diet, climate,
and trade liberalization scenarios. Production trajectories diverge substantially
across dietary pathways, with the most pronounced differences observed in grains
and soybeans. Plant-forward diets (vegetarian and vegan) reducing production
demand for both grains and soybeans, while animal-protein-rich diets (benchmark,
flexitarian, pescatarian) maintain or increase production levels. Fruits and vegetables
demonstrate consistent growth across all scenarios, but particularly for vegan diets,
rising from 2,000 to about 3,500 million tonnes. Trade fractions reveal distinct
patterns by crop group. Grains, soybeans, oil crops and sugar crops maintain
relatively high trade shares, while roots and tubers and fruits and vegetables
remain predominantly locally consumed. Trade liberalization regimes significantly

influence trade intensity, with high liberalization scenarios generally exhibiting
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greater trade fractions. Climate pathways exert more modest effects compared to
diet and trade policy. Overall, dietary transitions emerge as the dominant driver of
future agricultural production patterns, with trade policy modulating the spatial

distribution of production and consumption.
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Figure 4.1: Global production and trade fraction trajectories by crop group, 2020-2050.
Line colours indicate dietary pathways; markers distinguish climate pathways; rows
compare trade liberalization scenarios.

Global agricultural trade networks reshape over time, with dietary transitions
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producing variable changes in regional bilateral trade flows by 2050 relative to
2020 patterns (Figure 4.2 presents results for low trade liberalization and RCP 2.6).
Grains show a restructuring of trade networks, even under the benchmark scenario,
as the model eliminates present-day inefficiencies in grain networks over time.
Europe emerges as an increasingly important grain exporter across most scenarios,
with strengthened flows to Africa, Asia, and within Europe. On the contrary,
flows from Northern America and Latin America to Asia experience reductions
across most dietary pathways, suggesting shifts in regional production capacity
and import dependencies. Fruits and vegetables exhibit the most widespread trade
intensification, especially under non-benchmark dietary scenarios, with notable
increases within Africa, Europe, and Latin America, and expanded flows from
multiple exporting regions to Asia across all diet pathways. Dietary transitions
produce markedly different trade patterns for soybeans. Under plant-forward
scenarios (VEG, VGN), soybean exports from Northern America and Latin America
to Asia decline substantially, indicating diminished demand for animal feed in
these regions. Conversely, benchmark, flexitarian, and pescatarian diets maintain or
intensify these traditional trade corridors. Oil crops and sugar crops display complex,
region-specific responses with both increases and decreases across trading pairs,
particularly between Africa, Asia, and Latin America. Results under high trade
liberalization and RCP 2.6 (Supplementary Figure D.3) reveal consistent patterns
of trade network evolution across scenarios, though with greater intensification
of trade flows, particularly for grains and fruits and vegetables. These patterns
demonstrate that while trade networks undergo temporal restructuring, dietary
transitions modulate these changes distinctly, especially with respect to feed-oriented

commodity flows.
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Figure 4.2: Change in bilateral trade by 2050 relative to 2020 under low trade

liberalization and RCP 2.6. Panels are organized by crop group and diet scenario,
and values are aggregated to regions. In each panel, rows are exporting regions and
columns are importing regions.

Both import dependence and supplier concentration evolve by 2050, providing

insights into changing trade vulnerability patterns across crop groups and dietary

scenarios (Figure 4.3 compares 2050 projections with 2020 baseline under RCP

2.6). Import dependence reflects the inverse of self-sufficiency, while the Herfindahl-

Hirschman Index (HHI) measures import concentration, i.e. the inverse of supplier

diversification. Most crop groups in 2050 are characterized by increased import

concentration along with variable changes in import dependence. Soybeans display
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the highest vulnerability, maintaining elevated import dependence, and an HHI
of around 0.5 under most scenarios. Fruits and vegetables, and roots and tubers,
experience notable increases in import concentration along with modest changes in
import dependence, suggesting consolidation of import sources. Grains and legumes
show relatively moderate changes, maintaining concentration near baseline levels
while experiencing small increases in import dependence. Trade liberalization con-
sistently increases import concentration across crop groups, with high liberalization
scenarios pushing HHI values higher than low liberalization counterparts, indicating
that freer trade may enhance efficiency but concentrate risk among fewer supplier
countries. Dietary transitions produce more nuanced effects, with plant-forward
diets generally reducing import dependence for animal feed crops like soybeans and
increasing import dependence for fruits and vegetables, while having minimal impact
on diversification. Regional disaggregation (Supplementary Figure D.4) reveals
substantial heterogeneity in vulnerability profiles. For instance, Oceania exhibits
increasing import dependence and higher concentration compared to baseline for
several crop groups, while Latin America shows reducing vulnerability for grains
and soybeans, with both import dependence and concentration reducing under

several scenarios, indicating different risk profiles across regions and food groups.
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Figure 4.3: Global import dependence vs. supplier concentration by crop group in 2050.
Concentration is measured using HHI over imports, weighted by importer size. Points
represent dietary and trade liberalization scenarios under RCP 2.6; 2020 baseline shown
for comparison.

Country-level supply requirements vary substantially across scenarios, with
different dietary, climate, and trade pathways demanding divergent production
trajectories from major producers. Figure 4.4 plots mean supply changes from 2020
to 2050 against across-scenario variation measured as the interquartile range. Large
variations across scenarios indicate that the countries’ production roles depend
heavily on which dietary, climate, and trade scenario materializes. For grains, China
exhibits particularly high scenario sensitivity, with production requirements ranging
from substantial declines to near-baseline levels depending on the scenario. India and
Ukraine both show moderate positive mean changes with substantial uncertainty,
and the United States shows moderate negative mean changes with uncertainty,

while several mid-sized producers cluster near stable trajectories. For roots and
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tubers, most major producers, including Nigeria and Democratic Republic of Congo,
and excluding China, show positive mean changes but with varying degrees of
scenario dependence, suggesting stable growth requirements across most pathways
but with some sensitivity to dietary transitions. For Fruits and vegetables, China
shows near-zero mean change but extremely wide scenario variation. Besides China,
many countries, including India, Brazil, and the United States, show moderate
to high mean growth in production with moderate uncertainty across scenarios.
Soybeans reveal stark differences across scenarios. Traditional exporters like the
United States and Brazil show large mean reductions but with substantial variation
across scenarios, likely reflecting reduced feed demand under plant-forward diets
versus sustained or increased demand under animal-protein-rich scenarios. Other
producers like Argentina and India show small positive changes in production
but with moderate uncertainty. For legumes, nuts and seeds, nearly all countries
demonstrate modest positive changes with low variation across scenarios, suggesting
consistent demand growth across dietary pathways. Oil crops and sugar crops
exhibit large reductions across several major producers like Brazil, India, Indonesia
and Malaysia, and small increases in some countries including China, but all with
moderate to high cross-scenario uncertainty. Overall, future production geographies
remain highly scenario-dependent, with the magnitude and even direction of changes

varying dramatically across dietary, climate, and trade pathways.
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Figure 4.4: Country-level supply shifts and uncertainty by crop group. Each panel
shows, for the indicated crop group, the mean change in supply from 2020 to 2050 versus
the across-scenario interquartile range. Point size is 2020 supply and colour denotes
region.

To understand the sources of future uncertainty, we decompose the variance in
supply projections across the three scenario dimensions, i.e., dietary transitions,
climate pathways, and trade liberalization (Figure 4.5). Variance increases sub-
stantially from 2030 to 2050 across all crop groups and regions, reflecting the
compounding effects of scenario divergence over time. In the short term, variance
is driven primarily by dietary transitions and trade liberalization, with relatively

balanced contributions between the two depending on crop and region. Climate
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pathways contribute minimally to variance in both the short and long term. By
2050, dietary transitions emerge as the dominant source of variance for most crop
groups and regions. Trade liberalization continues to contribute meaningfully but is
overshadowed by dietary effects in the long term. Variance patterns also differ across
crop groups. Fruits and vegetables exhibit the highest variance, particularly in Asia,
followed by grains in Asia and Northern America, and oil crops in Asia and Latin
America. Soybeans show high variance concentrated in the Americas, while roots
and tubers display modest variance in Asia and Africa. Legumes show the lowest
variance across regions. Generally, regions and crops with higher mean production
levels also exhibit higher variance, though the relative contribution of each scenario
dimension varies. Variance decomposition for projected exports (Supplementary
Figure D.5) reveals distinct patterns from supply variance, with trade liberalization
playing a proportionally larger role. While dietary transitions remain important
for exports, liberalization contributes more substantially to export variance than
to supply variance across most crops and regions, reflecting its direct influence
on trade policy and flow patterns. This indicates that while diets predominantly
reshape production requirements, trade policy more directly governs the magnitude

and direction of international commodity movements.
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Figure 4.5: Variance decomposition of projected supply by crop group for 2035 (top)
and 2050 (bottom). Bars show the total variance across scenarios (Mt2) partitioned
by dietary, trade, and climate drivers. Annotations show regional mean supply (Mt).
Regional statistics are computed as variance-weighted averages of country-level values.
See Supplementary Information for decomposition details.

4.3 Discussion

The global food system is increasingly pressured by interrelated challenges such
as climate variability, population growth, urbanization, land-use competition, and
evolving dietary preferences (Godfray et al., 2010; Nelson et al., 2014; Springmann
et al., 2018; Tilman et al.,; 2011). This study is among the first to jointly model how
climate change, dietary transitions, and trade policy regimes interact to reshape
bilateral food trade networks. We find that dietary transitions are the primary
driver of future agricultural production and trade patterns. Traditional commodity
corridors, particularly the flows of grains and soybeans from the Americas to

Asia, weaken substantially under plant-forward scenarios, while trade in fruits
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and vegetables intensifies across most regions and scenarios. At the country level,
major producers like China, Brazil, and the United States face wide uncertainty
in future supply requirements, with the magnitude and even direction of changes
varying dramatically across scenarios. One caveat to these findings is that the
alternative dietary scenarios assume global convergence to 2,500 kcal /day, combining
compositional shifts with elimination of undernutrition, whereas the benchmark
scenario carries existing country-specific dietary patterns forward. The projected
differences between scenarios therefore partly reflect changes in caloric quantity
alongside composition. Running the model with the benchmark diet calibrated to
2,500 kcal/day would reduce projected global demand as our benchmark scenario
averages around 2,700 kcal/day globally in 2050. How this plays out would likely
vary substantially across overconsuming and undernourished regions. Disentangling
composition and quantity effects is a useful direction for future work.

Reorientation of trade networks can also introduce new vulnerabilities. Fruits,
vegetables, and roots and tubers show rising import concentration by 2050, and
regions increasingly reliant on external supply for these commodities may face
elevated exposure to production shocks or trade disruptions. Trade liberalization,
on one hand, enhances allocative efficiency by enabling production to concentrate
in regions with comparative advantage. On the other hand, it consistently increases
import concentration across crop groups, suggesting a trade-off between efficiency
and diversification. This aligns with longstanding debates in food security schol-
arship about the risks of trade openness (Grassia et al., 2022; Wellesley et al.,
2017). Regional heterogeneity in vulnerability profiles underscores the need for
differentiated policy responses. Oceania, for instance, faces increasing import
dependence and supplier concentration for several crop groups, while Latin America
shows reduced vulnerability for grains and soybeans under multiple pathways. The
optimal policy mix to mitigate concentration risks will therefore vary across regions
depending on their production potential and trade relationships.

Our finding that climate pathways exert modest effects relative to dietary

transitions warrants careful interpretation. Our yield trajectories come from the
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IMPACT model (Robinson et al., 2015), in which climate impacts are layered
onto exogenous productivity growth assumptions. Climate-induced yield losses are
therefore partially offset by assumed technological gains. Recent empirical work
suggests this assumption may be optimistic: Hultgren et al. (2025) estimate a global
crop production decline of approximately 5.5 x 10 kcal per 1°C of global mean
surface temperature rise, and project that even after accounting for adaptation
and income growth, substantial residual losses remain for all staples except rice,
with damages concentrated in modern-day breadbaskets. If realised yields follow
trajectories closer to those projected by Hultgren et al. (2025), the climate effect
on production and trade would be larger than our model suggests.

Furthermore, offsetting climate-induced yield losses through 2050 could require
hundreds of billions of dollars in additional public R&D investment globally (Baldos
et al., 2020). For the United States alone, sustained annual R&D spending growth
of 5-8% may be necessary to avoid productivity declines (Ortiz-Bobea et al., 2025).
These investments face significant time lags between expenditure and productivity
gains, so realising the productivity gains assumed by our model requires sustained
policy commitment to agricultural R&D. In a counterfactual scenario where this
investment stagnates, climate impacts on production would be substantially larger,
and regions projected by our model to expand production — often those most
vulnerable to climate change — might be unable to do so. For example, parts of
sub-Saharan Africa appear in our results as candidates for expanded production
and exports of legumes, nuts and seeds under plant-forward scenarios, but these
regions are also among the most exposed to climate change and the least equipped
to absorb productivity shocks. Future iterations of this analysis could draw on
empirically-grounded climate damage estimates to estimate the range of plausible
climate impacts on global food production and trade.

Other limitations also apply to our modelling framework (See Supplementary
Methods D.3.8). First, the model solves for each crop independently rather
than jointly, potentially overstating the feasibility of production shifts that would

compete for the same land or resources. Second, the model focuses on long-run
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trajectories and does not incorporate short-term shocks such as pest outbreaks,
droughts, or geopolitical disruptions, all of which can significantly affect short-term
production and trade patterns (Cottrell et al., 2019; Lesk et al.; 2016). Third,
elasticities derived from benchmark dietary projections may not accurately represent
consumer /producer behaviour under alternative dietary regimes, causing the model
to underestimate achievable demand for some scenarios and commodities. Fourth,
the partial equilibrium framework relies on linear demand and supply curves and
does not capture economies of scale or cross-sectoral linkages. Future work could
integrate these dynamics through coupling with computable general equilibrium
models or agent-based approaches.

Despite these limitations, our findings offer actionable insights for policymakers
and stakeholders navigating the intersection of diet, climate, and trade. Strategic
alignment across dietary guidelines, agricultural investment, and trade policy will
be essential for managing emerging trade dependencies and supporting vulnerable
regions. Dietary change offers substantial leverage for reducing food system emissions
(Clark et al., 2020; Springmann et al., 2018), and the urgency of these considerations
is underscored by evidence that rapid dietary transitions away from animal-source
foods may be necessary to keep the food system within its carbon budget (Hale
et al., 2025). Choices made in the coming decades about what the world eats
will shape not only emissions trajectories but also the geography of production

and structure of trade dependencies.

4.4 Methods

We developed a Spatial Price Equilibrium Model (SPEM) to project bilateral trade
flows, prices, production, and consumption for 32 crops across 153 countries from
2020 to 2050. The model builds previous research analysing short-term supply chain
shocks (Verschuur et al., 2024) but is adapted here for scenario-based projections of
future food systems. We first calibrated the model to reproduce current observed
trade patterns, then projected forward under 20 scenario combinations representing

alternative dietary transitions (5 scenarios), climate pathways (2 scenarios), and
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trade policy regimes (2 scenarios). Each crop is modelled independently, with the
model solving for equilibrium prices, quantities, and bilateral flows that satisfy
supply-demand balance across all countries. A brief overview of the methodology

is provided below, see Supplementary Methods D.3 for more details.

4.4.1 Baseline model calibration

SPEM is a multi-region partial equilibrium model that links producers and consumers
across countries through domestic supply and international trade (Takayama et al.,
1984; Takayama & Judge, 1964). Producers in each country supply a certain
quantity to the market, which they sell at a price determined by their supply curve.
Consumers have demand for the commodity and purchase at a price determined
by their demand curve. Countries can trade with any other country, subject to
bilateral trade costs, including transportation, tariffs, border and custom compliance.
In equilibrium, trade occurs between two countries if the consumer price in the
importing country equals the producer price in the exporting country plus trade
costs. The model solves for the set of bilateral trade flows, production quantities,
consumption quantities, and prices that satisfy these equilibrium conditions.

The SPEM framework offers several advantages for analysing future food trade.
It explicitly captures bilateral trade flows, which is not standard in many global food
system models. It allows for trade diversion and the establishment of new trading
partners as relative costs change. It captures directional trade flows, meaning
countries can both import and export the same product. While Verschuur et al.
(2024) adapted the SPEM framework for short-term shock analysis, SPEM models
are traditionally designed for longer-term partial equilibrium simulations under
changing trade costs or policy regimes (Janssens et al., 2022; Mosnier, 2014).
Our application aligns with this traditional use, projecting how bilateral trade
networks evolve under scenarios of dietary change, climate impacts, and trade
policy over a 30-year horizon.

The model is calibrated independently for each of the 32 crops. At baseline, the

SPEM assumes that sourcing decisions are determined by cost differentials between
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total landed cost of producing and shipping crops. In practice, non-cost factors
also influence where countries source from. To capture both cost and non-cost
determinants of bilateral trade, the model is calibrated on observed trade data to
reconcile modelled flows with observed bilateral trade patterns (Jansson & Heckelei,
2009). Calibration performance is reported in Supplementary Table D.G.
Baseline production and bilateral trade data come from FAOSTAT, averaged
over 2018-2022 to smooth inter-annual variability. Raw trade data were harmonised
using a reliability index approach (Gehlhar, 1996) to reconcile discrepancies between
importer- and exporter-reported quantities, then processed through a re-export
algorithm (Croft et al., 2018) to ensure mass balance and link production origins to
consumption destinations. We aggregated ~120 FAO commodities into 32 categories
corresponding to International Food Policy Research Institute’s (IFPRI) IMPACT
model crop classifications (Robinson et al.; 2015) (Supplementary Table D.1).
Processing factors convert between raw commodities (e.g., oil palm fruit) and
derived products (e.g., palm oil) where necessary. Producer prices were obtained
from FAOSTAT and gap-filled using a regression model relating log price per hectare
to GDP, production volume, yield, and region fixed effects (see Supplementary
Methods D.3.4). Transport and trade costs were obtained from Verschuur et al.

(2023), and bilateral tariff rates from MAcMap-HS6 (Guimbard et al., 2012).

4.4.2 Demand-side scenarios

Dietary scenarios were derived from the EAT-Lancet reference diet framework
(Willett et al.; 2019), which specifies recommended per capita consumption per day
of 21 food groups, including both plant and animal foods. We modelled five dietary
trajectories: a benchmark scenario representing continuation of current dietary
patterns, and four alternative scenarios (flexitarian, pescetarian, vegetarian, and
vegan), reflecting progressively greater shifts away from animal-source foods. We
assume gradual adoption, with diets remaining at benchmark levels through 2020

and transitioning linearly to reach full adoption of the target diet by 2050.
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Total quantity is estimated for each country, year, food group, and dietary
scenario, including demand for food, feed, and other uses. Food demand is calculated
by multiplying scenario-specific per capita consumption by population projections.
While animal products weren’t modelled in this analysis, their consumption was
used to estimate feed corresponding requirements. Feed demand is estimated using
livestock-specific feed conversion ratios from Herrero et al. (2013) for terrestrial
animals and Tilman and Clark (2014) for aquaculture, accounting for the crop
composition of feed rations. We incorporate trade in animal products when allocating
feed requirements across countries, assigning feed demand to the country where
livestock production occurs. Other uses (industrial, seed, waste) are held at baseline
levels, derived from FAOSTAT food balance sheets and supply utilization accounts.

The EAT-Lancet dataset provides projections for 13 vegetal food groups, whereas
we model 32 crop groups. Each of the 32 crops is mapped to one of the 13 EAT-
Lancet food groups (Supplementary Table D.1). For each food group, diet, country,
and year, we calculate demand change ratios from the EAT-Lancet projections, i.e.
projected demand divided by 2020 demand. These ratios are then applied to the
calibrated 2020 demand values (which are based on observed FAOSTAT data) to
project future demand for each of the 32 crop groups. This approach preserves
the relative changes implied by dietary scenarios while maintaining consistency

with observed baseline demand patterns.

4.4.3 Supply-side scenarios

Climate scenarios follow Representative Concentration Pathways RCP 2.6 and RCP
7.0, which affect agricultural yields through temperature, precipitation, and CO2
fertilization effects. Future crop yields under climate change are derived using
projections from the IMPACT model (Robinson et al., 2015), which provide year,
region and crop specific yields and yield change factors under each RCP. IMPACT
incorporates projected technological progress through assumptions about future
yield gains from improved inputs, seeds, and management practices, calibrated using

historical yield trends. Climate impacts on yields are then layered on top of these
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productivity trajectories, meaning that climate-induced yield losses in our scenarios
are partially offset by assumed technological gains. A no-R&D counterfactual is
not included in our scenario set, but would be a useful direction for future work.

The IMPACT model also provides future projections for region and crop specific
supply, assuming benchmark demand. These trajectories are used to shift the supply
curve and production prices for each year, region and crop. We calculate the ratio
of projected supply/yield to 2020 supply/yield from IMPACT, and apply these
ratios to calibrated 2020 values based on observed FAOSTAT data. This approach
preserves the relative yield and supply changes implied by climate scenarios while
maintaining consistency with observed baseline production patterns. Since IMPACT
uses the same 32 crop categories that we model, no aggregation or disaggregation

is required for supply-side projections.

4.4.4 Scenario modelling for projecting forward

After calibration, the model is run forward with scenario-specific parameters.
Demand curves shift according to dietary and population projections, and supply
curves shift according to climate-driven yield changes. Trade policy scenarios vary
constraints on self-sufficiency and supply diversification. The ‘high trade’ scenario
permits greater reliance on imports (self-sufficiency must remain at least 30% of
2020 levels; no single trading partner may supply more than 70% of imports),
while the ‘low trade’ scenario restricts import dependence (self-sufficiency at least
70% of 2020 levels; no partner exceeds 30% of imports). For existing trade links,
import shares are constrained to the maximum of the current share or the scenario
threshold, under both ‘low’ and ‘high’ scenarios.

Demand and supply elasticities are also drawn from the IMPACT model, which
are used to determine the shapes of demand and supply curves. Demand elasticities
vary by region, crop and year, while supply elasticities vary by region and crop. The
model solves for projected equilibrium prices, bilateral trade flows, and domestic
production and consumption at five-year intervals from 2020 to 2050. Note that the

model does not include stocks and solves each crop and time period independently.
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4.4.5 Outcome metrics

We assess several outcome metrics to characterise future food trade patterns. First,
we examine global aggregated equilibrium production and import dependence
(defined as total traded quantity divided by total production) across scenarios and
time periods (Figure 4.1). Second, we analyse bilateral trade flows aggregated to the
regional level to identify shifts in the geography of food trade (Figure 4.2). Third, we
compute import dependence and import concentration at both global and regional
scales; import concentration is measured using the Herfindahl-Hirschman Index
(HHI) across trading partners, weighted by import volumes. Fourth, we quantify
mean changes in domestic supply across scenarios and the interquartile range (IQR)
to characterise uncertainty in supply trajectories. Finally, we conduct variance
decomposition to attribute variation in projected supply and exports to dietary,
climate, and trade policy drivers. In all results and figures, the 32 crop categories are

aggregated into six groups to improve clarity (see Supplementary Methods .3.7).
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Building resilient and sustainable food systems requires a comprehensive under-
standing of how food moves from production to consumption, what environmental
burdens these flows carry, and how they may need to transform under long-term
pressures. Yet our collective understanding of these dynamics has been hampered
by a reliance on national-level aggregates that obscure subnational heterogeneity, by
environmental assessments focused on raw commodities rather than the packaged
foods that dominate modern retail, and by scenario analyses that treat climate
impacts, dietary transitions, and trade policy as separate concerns. These gaps
matter as without spatially resolved data on food flows, we cannot identify which
populations are most vulnerable to supply disruptions; without product-level
environmental footprints, we cannot guide consumers and policymakers toward lower-
impact choices; and without integrated scenario frameworks, we cannot anticipate
how the forces reshaping food systems will interact.

The relevance of addressing these gaps is immense. Food systems account
for up to a third of global greenhouse gas emissions while simultaneously facing
mounting pressures from climate change. International trade has more than doubled
in recent decades and now plays a critical role in connecting surplus regions to
deficit ones, yet trade networks can also transmit and amplify shocks. Dietary

transitions are reshaping demand across commodities, with profound implications
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for both environmental footprints and the geography of production. Understanding
these interconnected dynamics is essential for designing policies that enhance food
security without exacerbating environmental degradation.

The literature on food systems has advanced significantly in recent years.
Network analyses have revealed the structure and evolution of international food
trade. Life cycle assessments have quantified the environmental footprints of
agricultural commodities across diverse production systems. Scenario models have
projected how climate change and policy interventions may affect agricultural
production and trade. These advances have provided a foundation for understanding
food systems at global scales.

In this thesis, I have made contributions to this literature by addressing several
key gaps. In Paper 1, I developed a novel methodological framework integrating
machine learning and data harmonisation algorithms to map global cereal flows
at subnational scales across 3,536 regions in 195 countries, revealing substantial
heterogeneity in regional dependencies that national statistics obscure. In Paper 2, I
estimated the environmental footprints of approximately 475,000 retail food products
across 74 countries, bridging the gap between commodity-level life cycle assessment
and the multi-ingredient packaged foods that consumers regularly purchase. In
Paper 3, I developed an integrated modelling framework that projects bilateral
trade flows through 2050 under alternative combinations of dietary transitions,
climate pathways, and trade policy regimes, addressing the separation that has
characterised these literatures.

This thesis has demonstrated that examining food systems across multiple scales
and dimensions yields insights that aggregate analyses miss. The subnational
mapping in Paper 1 revealed that nearly half of all net importing countries contain
surplus regions with net outflows, while virtually every net exporting country retains
deficit regions dependent on inflows — patterns invisible at national scales. The
product-level assessment in Paper 2 showed that while ingredient composition
remains the dominant driver of environmental impacts, ingredient sourcing accounts

for approximately 36% of variation in footprints, with particularly pronounced effects

93



5. Conclusion

for certain product categories — nuance lost when focusing only on producer-side
impacts of raw commodities. The scenario analysis in Paper 3 found that large-scale
dietary transitions would necessitate substantial restructuring of global food trade —
a dynamic obscured when dietary and trade literatures proceed separately.

Overall, I argue that building resilient and sustainable food systems requires
understanding the interplay between local self-sufficiency and global connectivity,
recognising that environmental impacts are shaped primarily by what we eat but
also by how it is produced, and coordinating dietary guidelines with trade policy
to navigate the restructuring of global food networks that dietary transitions will
entail. The findings of this thesis underscore the need for integrated approaches
that align interventions across scales and domains. Dietary change offers substantial
leverage for reducing food system emissions, but the trade reconfigurations it would
trigger must be anticipated and managed. Subnational heterogeneity means that
national policies may have uneven effects across regions. Supply chain interventions
must complement dietary shifts for specific product categories where sourcing
effects are pronounced.

Several limitations warrant acknowledgment. The subnational flow analysis relied
on machine learning models with moderate predictive accuracy for flow volumes, and
estimating regional consumption required assumptions about subnational preferences
that could not be validated against observed data. The analysis focused on cereals,
but does not capture flows of other commodities such as oilseeds, fruits, vegetables,
or animal products, which may exhibit different network structures. The product-
level environmental assessment used estimated ingredient compositions rather than
verified formulations, and the underlying life cycle assessment databases are skewed
toward production systems in high-income regions. Similarly, the product datasets
favour markets in Europe and North America, so findings may not fully capture
consumption patterns in under-represented regions. The scenario model solved for
each crop independently rather than jointly, potentially overstating the feasibility
of production shifts that would compete for the same land or resources. Yield

projections reflected climate trends but did not account for discrete shocks such as
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pest outbreaks, droughts, or geopolitical disruptions, and the model also did not
incorporate the risk of simultaneous production failures across breadbasket regions.
Elasticities drawn from the literature may not adequately capture structural breaks
that could occur under large-scale dietary transitions. These limitations point
toward methodological priorities including closing data gaps in life cycle assessment
coverage for low and middle-income countries, validating subnational consumption
estimates, and incorporating joint optimisation across crops in trade models.

This thesis also highlights several avenues for future research that build directly
on its contributions. First, the subnational cereal flow framework developed in
Paper 1 could be extended to additional commodities, particularly perishable foods,
to assess whether vulnerabilities and concentration patterns differ across food
groups with distinct storage and transport characteristics. Second, the framework
developed in Paper 2 could be used to explore counterfactual scenarios: what
if countries sourced ingredients from the best or worst performing origins, or
adopted formulations typical of other markets? Such analyses could quantify
potential gains from supply chain optimisation and reformulation. Finally, the
trade projections in Paper 3 highlight the need to coordinate dietary guidelines
with trade policy. How such coordination might occur — through international
trade negotiations, national food strategies, or other policy pathways — remains
an open question for future research.

As global targets call for halving food system emissions while safeguarding food
security for a growing population, the need for granular, integrated analysis will
only intensify. The approaches developed in this thesis offer a means of navigating
uncertainty and trade-offs, supporting more informed decision-making amid the

coupled challenges of climate mitigation and food systems transformation.
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Contribution Statement

This section outlines my specific contributions to each paper to enable examiners
to gain a clear understanding of my independent work.

Paper 1 is single-authored; I was responsible for all aspects of the research and
writing.

In Paper 2, I developed the food classification model based on natural language
processing and machine learning, processed large volumes of product-level data
including language translation, incorporated ingredient sourcing information ac-
counting for country-specific supply chains, conducted comparative assessments of
product-level footprints across food categories and geographies, and decomposed
the relative effects of ingredient sourcing and product composition. The methods
for estimating product composition and implementing Monte Carlo analysis for
product-level footprints were developed by Clark et al. (2022) and further refined
by Michael Clark. Joe Kennedy, Ricki Runions, and Savka Akester assembled
large datasets of categorized food products that were used to train the machine
learning classification models. Interpretation of results and writing were carried
out with support from all co-authors.

In Paper 3, I processed trade, production, consumption, and producer price data
from FAOSTAT; constructed demand-side scenarios incorporating food, feed, and

other uses; defined the scope of analysis including the set of demand, supply, and

97



A. Contribution Statement

trade scenarios; and implemented the Spatial Price Equilibrium Model (SPEM).
The SPEM used in this work was originally developed by Verschuur et al. (2024)
and further modified jointly by myself and Jasper Verschuur. Interpretation of

results and writing were carried out with support from Jasper Verschuur, Michael

Clark, and Jim Hall.
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Figure B.2: Contribution of cereal flows to consumption, by continent (2017-2021).
Note that continental groupings differ widely in country count and scale; these bars are
descriptive and should not be read as strictly comparable efficiency metrics.
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Figure B.3: Concentration of national scale international cereal flows. a
Comparison of HHI and CR4 for cereal inflows, by importing country. b HHI over
inflows, by importing country (showing only countries where international inflows exceed
20% of national consumption). ¢ Comparison of HHI and CR4 for cereal outflows, by
exporting country. d HHI over outflows, by exporting country (showing only countries
where international outflows exceed 20% of national production).
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Figure B.4: Concentration of subnational scale domestic cereal flows. a
Comparison of HHI and CR4 for cereal exporters, by country. b HHI over exporters, by
country (showing only countries where domestic flows exceed 20% of national consumption).
¢ Comparison of HHI and CR4 for cereal importers, by country. d HHI over importers,
by country (showing only countries where domestic exceed 20% of national production).
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Figure B.5: Concentration of subnational scale cereal flows (both domestic
and international). a Comparison of HHI and CR4 for cereal inflows, by importing
administrative region. b HHI over inflows, by importing administrative region (showing
only regions where total inflows exceed 20% of regional consumption). ¢ Comparison
of HHI and CRA4 for cereal outflows, by exporting administrative region. d HHI over
outflows, by exporting administrative region (showing only regions where international
outflows exceed 20% of regional production).
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Figure B.6: Distribution of country-level total inflows and total outflows.
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Figure B.7: Predicted vs observed national-scale cereal flows in log tonnes for train
(n =17,959) and test sets (n = 2,026).
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Figure B.8: Pairwise Pearson correlations among subnational cereal flow estimates
generated under 96 different harmonization-parameter settings.
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B.2 Supplementary Tables

Table B.1: Datasets used in the modelling pipeline.

Data Database Year(s) Details
Political Global Administrative 195 countries, 3,536 subna-
boundaries Areas Database (GADM) tional primary administrative
regions
2012 Crops included: barley,
Production FAOSTAT (FAO, 2023) 2017 buckwheat, canary seed, fonio,
2017- maize, millet, mixed grain,
212 oatsP, quinoa, rye, rice®,
Producer FAOSTAT (FAO, 2023) 2010-21  sorghum, triticale, wheat,
prices other cerealsd
Yield FAOSTAT (FAO, 2023) 2010-21  Spatial resolution: National
FAOSTAT (FAO, 2023) 2017-21  scale
Bilateral trade Harris et al. (2020) 2012 Domestic cereal flow in India
Pandit et al. (2023) 2017 Subnational international
flows between USA and China
Global gridded Global Agro-Ecological 2015 Crops included: barley, maize,
crop areas Zones (GAEZ) + 2015 millet, rice, sorghum, wheat,
Global Annual Crop Harvest Area 2015 other cereals
gridded crop and Production (Frolking Spatial resolution: ~10 km
production et al., 2020a; 2020b)
Gridded Gridded Livestock of the 2015 Animals included: buffaloes,
livestock World 2015 (Gilbert et al., cattle, chickens, ducks, goats,
counts 2022a; 2022b; 2022¢; 2022d; horses, pigs, sheep
2022¢; 2022f; 2022g; 2022h) Spatial resolution: ~10 km
Global gridded Global Human Settlement 2020 Spatial resolution: 100 m
building foot- Layer (GHSL) Built-up
print Volume (Schiavina et al.,
2022)
Global gridded WorldPop (n.d.) 2020 Spatial resolution: 1 km
population
Global gridded Wang and Sun (2022) 2005 Spatial resolution: 1 km
GDP
Transport Verschuur et al. (2023) Includes cost, distance, and

time variables for transporting
commodities between any two
subnational regions

Tariff MAc-MAP-HS6 2019 Bilateral tariff data
(Guimbard et al., 2012)

& This five-year window was the most recent period with complete reporting for all countries at the
time of this analysis. Historical trade trends from the FAO were not used, because this study aims
to generate a single cross-sectional snapshot of subnational flows, and most predictor covariates
are only available at one point in time rather than as time-series. Although this interval includes
the COVID-19 pandemic, it remains representative of typical global cereal flows, as the literature
reports no significant impact of the pandemic on global cereal grain trade (Arita et al., 2022).
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Table B.1: Datasets used in the modelling pipeline (continued).

b Qats trade includes rolled oats as well.

¢ For rice, bilateral trade for the ‘milled equivalent’ category was used. For consistency, the rice
production data from the FAO was scaled by a factor of 0.7, to estimate the milled equivalent rice
production (Bodie et al., 2019).

4 “Other cereals’ corresponds to FAOSTAT’s ‘Cereals, n.e.c.” (not elsewhere classified).
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Table B.2: Global production, country-to-country trade, and flows for 15 cereal
commodities. Production data comes from the FAO, trade data is obtained after
harmonizing the FAO bilateral trade data (Gehlhar, 1996), and flows data is the output
of the re-export algorithm (Croft et al., 2018).

Correlation
. Global Production Global Trade Global Flows between country-to-
Commodity 11s 1 o country trade and
(million tonnes) (million tonnes) (million tonnes) flows
Linear scale Log scale
Barley 150.34 37.74 36.35 0.99 0.89
Buckwheat 2.01 0.18 0.12 0.94 0.69
Canary seed  0.25 0.20 0.17 0.99 0.68
Fonio 0.65 0.00 0.00 0.99 0.87
Maize 1154.94 183.23 177.31 0.99 0.89
Millet 29.91 0.47 0.38 0.96 0.82
Mixed grain  3.36 0.07 0.01 0.27 0.59
Oats 23.80 4.45 4.06 0.99 0.84
Quinoa 0.16 0.10 0.08 0.98 0.62
Rice 535.07 44.96 42.56 0.99 0.84
Rye 12.96 1.63 1.49 0.99 0.89
Sorghum 58.92 7.23 7.16 0.99 0.89
Triticale 14.17 0.81 0.78 0.99 0.97
Wheat 759.29 191.62 184.11 0.99 0.86
Other 7.82 0.37 0.11 0.44 0.51
Total 2754.09 471.44 455.92 0.99 0.89
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Table B.3: Predictor variables used by the classification and regression models.

Predictor variable Description Obtained from
dataset

from_ barley_ area
from maize area
from millet_area
from rice area
from_ sorghum_ area

from wheat area

from_ other_cereals area Cereal cultivation areas in exporting GAEZ + 2015
. . . Annual Crop
to__barley__area and importing regions (on log scales)

Harvest Area
to maize area

to_millet area
to_ rice area
to_sorghum_ area
to_wheat_area

to_other cereals area

from_ barley_ production
from_ maize_production
Cereal production in exporting and
importing regions (on log scales).

Subnational production figures were

from_ millet_ production

from_ rice_production

from_ sorghum_ production adjusted to align with national totals

from wheat production by applying scale factors based on

from_other_cereals_production the corr-esponding national-level . GAEZ + 2015
; production data (2012 for the India | Annual Crop

to_barley_production data, 2017 for the US-China dataset, | Production

to_maize production and 201721 for all 3,536 regions for

to_millet production which flows are to be estimated),

thereby ensuring that aggregated
subnational outputs matched the
observed country-level production.

to_ rice_production
to_sorghum_ production
to_ wheat_ production

to_other_ cereals_ production

from_buffaloes
from_ cattle
from chickens
from ducks
from_ goats

from_horses

from_ pigs

from_ sheep Livestock counts in exporting and Gridded Livestock
to_ buffaloes importing regions (on log scales) of the World 2015
to_cattle

to__chickens
to__ducks
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Table B.3: Predictor variables used by the classification and regression models. (Continued)

to_ goats
to__horses
to_ pigs
to_ sheep
from built volume total Built up volume in exporting and GHSL Built-up
to_ built_ volume_ total importing regions (on log scales) Volume
from_ po ion i i
_pop Populajclon m'exportmg and WorldPop
to__pop importing regions (on log scales)
from_ gdp GDP in exporting and importing Global gridded
to__gdp regions (on log scales) GDP
from__ area Area of exporting and importing
to_area regions (on log scales), Regional

group (Africa, Asia, Europe, Latin
America and the Caribbean,
Northern America, Oceania) of GADM
exporting and importing region,
Dummy variables for
subnational domestic/international and for
subnational /national

from_ region
to_ region

domestic

from__price Producer prices in exporting and

to_price importing regions (on log scales) FAOSTAT

transport_ USD_ t Cost of transporting a tonne of goods,
time h time in hours, distance in km, and

- border compliance cost per tonne,
customs compliance cost per tonne,
going from exporting to importing
region (on log scales). To aggregate
transport data to the national level, a
weighted average over all subnational
pairings between each pair of
countries was computed. The weight
customs_ USD_ t for each subnational pair was a
product of two elements — (i) the sum
of production of all cereals in the
importing region, and (ii) the sum of
population and livestock counts in
the exporting region.

distance km
border USD t

Transport

tariff Bilateral tariff data between countries | Tariff
in USD per tonne (on log scales)
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Table B.4: Hyperparameter settings for all cereal flow link classification models evaluated.

Model Hyperparameters

Logistic regression maximum iterations: 500

number of trees: 200

maximum tree depth: 15

minimum number of samples required to split a node: 4
weights associated with classes: ‘balanced’
maximum iterations: 5000

minimum number of samples per leaf: 100
proportion of features chose in each node split: 0.8
weights associated with classes: ‘balanced’
learning rate: 0.001

number of hidden layers: 2

dropout: 0.2

dense neurons: 512

batch size: 512

epochs: 300

hidden layer activation function: ‘relu’

output layer activation function: ‘sigmoid’

loss function: ‘binary cross entropy’

optimizer: ‘RMSprop’

Random forest classifier

Gradient boosting classifier

Neural network
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Table B.5: Out-of-sample performance of cereal flow link classification models by dataset
type. Metrics are averaged over five model runs with distinct train-test splits to account
for sampling variation.

Model Dataset* Accuracy Precision Recall MCC
faostat 0.89 0.82 0.77 0.72
Logistic regression 1nd1a. 0.72 0.74 0.83 0.38
us-china 0.80 0.53 0.33 0.30
overall 0.88 0.80 0.75 0.69
faostat 0.93 0.84 0.91 0.82
. india 0.87 0.83 0.99 0.73
Random forest classifier 10 097 0.94 091  0.90
overall 0.93 0.84 0.92 0.83
faostat 0.94 0.85 0.93 0.84
. . , india 0.90 0.88 0.97 0.78
Gradient boosting classifier uschina 0.97 0.93 0.95 0.92
overall 0.94 0.85 0.93 0.85
faostat 0.93 0.86 0.87 0.81
Neural network india 0.87 0.88 0.92 0.73
us-china 0.95 0.89 0.86 0.84
overall 0.93 0.86 0.87 0.81

* test-split only. ‘faostat’: national-scale international flows (2017-2021); ‘india’: domestic cereal
flows within India (2012); ‘us-china’: subnational-scale international flows between USA and China
(2017); ‘overall’: all datasets combined.

Accuracy measures the proportion of correct predictions over all predictions.
Precision measures the proportion of true positives over all predicted positives.
Recall measures the proportion of all positives that are identified by the model.
The MCC score provides the most balanced estimate of performance by assessing
all 4 elements of the 2x2 confusion matrix, and can take values between —1 and
+1, where +1 indicates perfect agreement.
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Table B.6: Hyperparameter settings for all cereal flow prediction regression models

evaluated.

Model

Hyperparameters

Details

Linear regression

Target: log(flow volume)
Loss: mean squared error on log
scale

Random forest regressor

number of trees: 500
maximum tree depth:
10

Target: log(flow volume)
Loss: mean squared error on log
scale

Gradient boosting regressor

maximum iterations:
1000

minimum samples per
leaf: 100

proportion of features
per split: 0.4
maximum tree depth:
8

L2 regularization: 100
loss function: ‘gamma’

Target: flow volume (linear)
Loss: gamma loss, which intern-
ally uses a log-link

Neural network

learning rate: 0.01
number of hidden lay-
ers: 2

dropout: 0.2

dense neurons: 256
batch size: 512
epochs: 400
hidden layer
tion: ‘relu’
output layer activa-
tion: ‘softplus’
optimizer: ‘KRMSprop’

activa-

Target: flow volume (linear)
Loss: L(y,9) = a Ly(y, 9) x 0.01 +
(1 - a) Lu(y, §) x 100,

where a = 0.5,

y = observed flows, § = predicted
flows,

L,(y,y) = quantile loss (quantile
weight = 0.6),

Li(y,y) = MSE between log(y)
and log(7)
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Table B.7: Out-of-sample performance of cereal flow prediction regression models by
dataset type. Metrics are averaged over five model runs with distinct train-test splits to
account for sampling variation.

R2 (cereal flows)

*

Model Dataset Linear scale Log scale
faostat 0.02 0.47
Linear regression mdla. 0.01 o
us-china  -0.04 0.34
overall 0.03 0.48
faostat 0.09 0.64
india 0.23 0.78
Random forest regressor us-china 0.18 0.86
overall 0.11 0.67
faostat 0.39 0.70
' ' india 0.52 0.83
Gradient boosting regressor us-china 0.79 0.95
overall 0.42 0.73
faostat 0.52 0.65
india 0.35 0.75
Neural network us-china 0.54 0.88
overall 0.52 0.68

* test-split only. ‘faostat’: national-scale international flows (2017-2021); ‘india’: domestic cereal
flows within India (2012); ‘us-china’: subnational-scale international flows between USA and China
(2017); ‘overall’: all datasets combined.
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Table B.8: Out-of-sample performance of the best performing link classification models
for different cereals, by dataset type. Metrics are averaged over five model runs with
distinct train-test splits to account for sampling variation.

Crop (Model) Dataset* Accuracy Precision Recall MCC
wheat (Neural faostat 0.96 0.84 0.86 0.83
network) india 0.96 0.85 0.97 0.88
overall 0.96 0.84 0.86 0.83
rice (Gradient 'faos,tat 0.95 0.75 0.94 0.82
boosting classifier) india 0.94 0.92 0.99 0.88
overall 0.95 0.77 0.95 0.83
maize (Random 'faogtat 0.95 0.73 0.85 0.76
Forest) india 0.97 0.00 0.00 -0.01
overall 0.95 0.73 0.84 0.75
faostat 0.94 0.72 0.86 0.75
oher tc)ereals (Random 5 i 0.94 0.64 028 039
overall 0.94 0.72 0.85 0.75
faostat 0.94 0.85 0.93 0.84
all cereals (Gradient  india 0.90 0.88 0.97 0.78
boosting classifier) us-china  0.97 0.93 0.95 0.92
overall 0.94 0.85 0.93 0.85

* test-split only. ‘faostat’: national-scale international flows (2017-2021); ‘india’: domestic cereal
flows within India (2012); ‘us-china’: subnational-scale international flows between USA and China
(2017); ‘overall’: all datasets combined. The ‘us-china’ dataset is excluded from individual-cereal

models because it lacks disaggregated flows by cereal type.

Accuracy measures the proportion of correct predictions over all predictions.
Precision measures the proportion of true positives over all predicted positives.
Recall measures the proportion of all positives that are identified by the model.
The MCC score provides the most balanced estimate of performance by assessing
all 4 elements of the 2x2 confusion matrix, and can take values between —1 and
+1, where +1 indicates perfect agreement.
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Table B.9: Out-of-sample performance of the best performing flow prediction regression
models for different cereals, by dataset type. Metrics are averaged over five model runs
with distinct train-test splits to account for sampling variation.

R2 (cereal flows)

Crop (Model) Dataset* Linear scale Log scale
faostat 0.45 0.64
wheat (Neural network) india 0.36 0.70
overall 0.45 0.65
faostat 0.33 0.61
rice (Neural network) india 0.44 0.87
overall 0.36 0.67
faostat 0.29 0.59
maize (Neural network) india -0.02 -0.47
overall 0.29 0.60
faostat 0.27 0.60
other cereals (Neural network) india -0.11 -0.07
overall 0.26 0.60
faostat 0.52 0.65
india 0.35 0.75
all cereals (Neural network) uschina 0.54 0.88
overall 0.52 0.68

* test-split only. ‘faostat’: national-scale international flows (2017-2021); ‘india’: domestic cereal
flows within India (2012); ‘us-china’: subnational-scale international flows between USA and China
(2017); ‘overall’: all datasets combined. The ‘us-china’ dataset is excluded from individual-cereal

models because it lacks disaggregated flows by cereal type.
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Table B.10: Goodness of fit for regression models estimating consumption for different

cereals.

Crop R-squared between R-squared between true
true and fitted country level consumption
country level and totalled admin level
consumption consumption (estimated)
Linear scale Log scale Linear scale Log scale

Wheat 0.89 0.52 0.93 0.47

Rice 0.85 0.76 0.94 0.68

Maize 0.63 0.74 0.69 0.72

Other cereals 0.57 0.75 0.52 0.65

All cereals 0.90 0.87 0.89 0.87
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Table B.11: Out-of-sample Pearson correlations of observed and predicted total cereal
flows with observed disaggregated cereal flows. Metrics are averaged over five model runs
with distinct train-test splits to account for sampling variation.

Correlation between total and disaggregated cereal flows
Model Dataset* wheat rice maize other cereals
obs pred obs pred obs pred obs pred
faostat 0.71  0.59 0.20 0.11 0.82  0.57 0.57  0.52
Neural india 0.84 0.56 0.75  0.47 0.07  0.16 0.23 0.22
network us-china - - - - - - - -
overall 0.74  0.56 0.31  0.15 0.76  0.56 0.54 0.51

* test-split only. ‘faostat’: national-scale international flows (2017-2021); ‘india’: domestic cereal

flows within India (2012); ‘us-china’: subnational-scale international flows between USA and China
(2017); ‘overall’: all datasets combined. Correlations for the ‘us-china’ dataset are not provided

because it lacks disaggregated flows by cereal type.
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Table B.12: Parameter grid used for sensitivity analysis of the harmonization algorithm.

Parameter

Description

Test values

Link probability threshold

Classification probability cutoft
for retaining a predicted link.

0.40, 0.50, 0.60

Domestic quantile fallback

If no domestic link in a country
exceeds the threshold, retain top
X% of links by probability.

0.75, 0.80

International quantile fall-
back

If no international link between a
trading country pair exceeds the
threshold, retain top X% of links
by probability.

0.75, 0.80

Iteration limit

Maximum passes in Phase I
(Phase IT uses twice this value).

40, 50

Scaling factor «

In Phase I, upward nudges go from
a to 2a and downward nudges go
from 0.5« to 1.5c; in Phase 11, «
denotes the fraction of total deficit
(or surplus) to reallocate.

0.10, 0.20

Export cap

Maximum share of production al-
lowed for export in Phase I.

0.90, 0.95
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B.3 Supplementary Methods
B.3.1 Reliability index approach

The reliability index approach outlined by Gehlhar (1996) is used to resolve
discrepancies between the volume of cereal trade reported by the importer and
exporter in the bilateral trade dataset. An accuracy level (Supplementary Equation
B.3.1.1) is computed for each bilateral trading pair, and this captures the quality of
match between the importer and exporter reported quantities. The value of AL
should be closer to 0 for the match to be more accurate, and a threshold of 0.2 is
used to separate accurate from non-accurate matches, i.e. a match is accurate only
if the difference between the reported imports and exports is less than 20%. Then,
for each country, it becomes possible to construct an importer reliability index
(RIM), and an exporter reliability index (RIX), which are given by Supplementary
Equations B.3.1.2 and B.3.1.3 respectively. An importer’s reliability is measured by
the proportion of total imports it reports accurately, and similarly an exporter’s
reliability is measured by the proportion of its total exports it reports reliably.
Finally, for each bilateral trading pair, the value reported by the more reliable
partner is accepted as the trade flow between those countries.

Equation B.3.1.1 calculates the accuracy level (AL) of a transaction from region
r to region s, for which the value of trade reported by the importer is M, ; and

that reported by the exporter is X, ;:

|Mr5 _er|
AL, g =2 X —>——" B.3.1.1
S VAR (B.3.L1)

Equation B.3.1.2 calculates the reliability index of import region s as:

MA
RIM, = 75 (B.3.1.2)

where M =3, M, Vs, and M2 =, M, Vs where AL,, < 0.2.

Equation B.3.1.3 calculates the reliability index of export region r as:

XA
RIX, = T (B.3.1.3)

r
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where XT = ¥, X, Vr, and X2 = ¥, X,,s Vr where AL, < 0.2.

B.3.2 Re-export algorithm

The bilateral trade dataset harmonized using the reliability index approach is fed
into a re-export algorithm along with the production dataset from the FAO. The
re-export algorithm proposed by Croft et al. (2018) ensures that the total exports
from a country never exceed its production and total imports; and it also links
the source of production with the destination of import. The algorithm uses the
production and export matrices P and F, and applies an iterative approach to
produce a domestic supply matrix D. In this study, the dimensions of P, F, and
D are 195 x 1, 195 x 195, and 195 x 195 respectively. The non-diagonal elements
of the computed domestic supply matrix D and the export matrix E were highly
correlated (Supplementary Table B.2).

D1 0 e -+ em dyi dig -+ dip
p_ D2 . E= eg1 0 -+ ey, . D= d‘21 d‘22 < doy
n €n1 €n2 " 0 dnl dn2 e dnn

where, p; is the production in country ¢; e;; are the exports from country ¢
to j; and d;; is the quantity of country j’s domestic supply that originates from
country ¢. The sum of rows of matrix D equals the countries’ production, and
the sum of columns equals the countries’ domestic supply (or consumption). The
diagonal elements correspond to the produce that stays within the countries. The
non-diagonal elements of matrix D are referred to as ‘flows’ in this study, i.e., d;jji-;
gives the food flow from ¢ to j. Croft et al. (2018) list all the algorithm steps and also
provide MATLAB code for implementing it to obtain the domestic supply matrix D.

B.3.3 Producer prices

FAO-reported producer prices (USD/tonne) reflect farm-gate receipts and exclude
post—farm-gate costs such as transport to market, storage, processing, and marketing

fees. When available, prices from the three most recent years since 2010 were
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averaged for each crop and country. Missing values were imputed via a linear
regression (Supplementary Equation B.3.3.1), with prices first converted from per
hectare to per tonne by multiplying by yields to improve model fit.

Equation B.3.3.1:

log(price) = fy + 51 log(GDP) + 35 log(production) + 5 log(yield) + region FE
(B.3.3.1)
with regions as Africa, Americas, Asia, Europe, and Oceania. The primary regression
was fitted using data from the 25 largest producers with available price information,
to minimize noise from smaller producers. Where countries fell outside the regions
covered by these top 25, a secondary regression was applied using all nations with
price data. In regions lacking any observations, global averages were substituted.
When fewer than 25 observations existed for a given crop, subregional, regional, and
then global means were used in sequence to impute missing values, instead of
the regression approach.
Finally, aggregated cereal producer prices were computed as production-weighted
averages of individual commodity prices. In the absence of any subnational data on

producer prices, country level price data was used at all subnational regions.

B.3.4 Machine learning to predict cereal flow links and
volumes

The gridded datasets (Supplementary Table B.1) were aggregated over all 3,536
administrative regions, and over 195 countries to obtain totals of the crop areas,
crop production, livestock, and population characteristics for all regions of interest.
Transport data available between all pairs of subnational regions was also aggregated
to the national level. Finally, all covariates were combined for both subnational
scale and national scales. Supplementary Table C.3 shows a list of all predictor
variables used by the machine learning models. Disaggregated area and production
figures for each cereal crop (e.g., maize, wheat, rice) were included as covariates

because trade flows depend on the relative abundance of individual cereals in
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exporting and importing regions — aggregation into a single cereal total would
result in crop-level patterns being masked and opposing flows being cancelled out.
Both area and production variables were used, as they can together inform the
model about crop yields. Different livestock and population counts are a proxy for
demand, and the GDP and built-up volume are proxies for economic activity. Trade,
tariff, and transport costs, distance and transportation time between exporting
and importing regions, and producer prices in both trading regions, were used

as predictors of trade relationships as well.

Cereal flow link prediction

The FAO national-scale data consists of 37,830 country pairs, India’s domestic
data includes 1190 state pairs, and the US-China data covers 3162 state-province
pairs. In total, 42,182 pairs are used to train a classification model for link prediction.
A flow threshold of 1 tonne was used to define link presence, yielding 12,490 positive
links (~30% overall: 25% FAO, 65% India, 20% US-China). The full dataset was
first split into a train and test sets in an 80-20 proportion. This is a standard
practice for machine learning algorithms — hyperparameter tuning is performed
using cross-validation on the train set and the final trained model is tested on
the test set, which ensures that the tuned model does not overfit to the training
data. Four model types were tested for the classification task — logistic regression,
random forest classifier, gradient boosting classifier, and a neural network or deep
learning model (Bentéjac et al., 2021; LaValley, 2008; Pang et al., 2020; Parmar
et al., 2019). See Supplementary Table B.4 for the hyperparameter setting chosen
for each of these classification models.

All models except logistic regression, which performed poorly, showed comparable
performances, across datasets (Supplementary Table B.5). To remove sampling
variability, the performance metrics for each model were averaged over five runs, with
a different random train-test split for each run. The gradient boosting model was
chosen to make predictions, as it has a marginally better MCC score, as compared

to the random forest and deep learning models. The chosen classification model was
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subsequently trained using all data from the train and test sets combined, and then
used to make predictions for the existence of cereal flow links at subnational scales
using the administrative level features — for all domestic administrative pairs, and
for the international administrative pairs in countries that have known cereal flows
between them. This provided classification probabilities for 5,044,255 international

administrative pairs and for 135,090 are domestic administrative pairs.

Cereal flow volume prediction

The cereal flow prediction model was trained using the subset of region pairs that
have existing links, i.e. 12,490 pairs. Four model types were tested for the regression
task — linear regression, random forest regressor, gradient boosting regressor, and a
neural network or deep learning model (Pang et al., 2020; Prettenhofer & Louppe,
2014; Segal, 2004; Weisberg, 2005). The extreme right skew of the cereal-flow
distributions (Supplementary Figure B.6), in which most country-level inflows and
outflows cluster at low volumes while a handful reach very large values, made it
challenging to train the regression models. To mitigate this, both linear regression
and random forest were trained on log transformed flow volumes. Both models
exhibited a poor fit (0 < R? < 0.20) on the original linear scale, failing to capture
variation among smaller flows despite achieving R-squared between 0.35-0.85 on
the log scale. By contrast, both gradient boosting regressor and neural network
models were trained on untransformed flow volumes. A gamma loss function,
which uses a log-link, was used with the gradient boosting regressor, and a custom
defined loss function, which combines losses at linear and log scales, was used
with the neural network (Supplementary Table B.6). These models were able to
learn patterns at both ends of the distribution and achieved superior performance
across linear (0.35 <R? <0.80) and log scales (0.65 <R? <0.95), across datasets
(Supplementary Table B.7).

The regression performance metrics for each model were also averaged over five
runs, with a different random train-test split for each run. Hyperparameter tuning

was performed using cross-validation on the train set from one of the train-test
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splits. The neural network model was chosen to make predictions, as it has a
better R-squared on linear scale, as compared to the gradient boosting regressor.
Supplementary Figure B.7 shows the relationship between predicted vs observed
cereal flows (in log tonnes) for the train and test sets, where the predictions are
obtained from one of the five runs of the neural network model. This chosen model
was then trained using all 12,490 region pairs with existing flow links. This fitted
model was then used to make predictions for all domestic administrative pairs and

for all international administrative pairs between countries with existing food flows.

B.3.5 Harmonizing the cereal flow estimates from ML mod-
els

Predicted subnational flow links were first filtered by their classifier estimated
probabilities to obtain a sparse network of likely connections. Specifically, a
probability threshold of 0.5 was applied, all predicted links with probability greater
than 0.5 were retained as candidate flows. Choosing a probability threshold of 0.5
implies equal weighting of false positives and false negatives (given that the classifier
was trained with balanced class weights, the optimal decision boundary lies at a
probability threshold of 0.5 irrespective of class imbalance). In cases where two
trading countries had no subnational link with probability over the threshold, the
links with the highest 20% probabilities were selected to avoid omitting potentially
real flows. The same logic was used for all pairs within countries, a threshold
of 0.5 was used, but the links with the highest 20% probabilities were selected
when no domestic flow links had a greater than 0.5 probability. The flow volumes
on these retained links were then initialized by the regression model predictions.
These flows were then harmonized in two main phases: the first involves adjusting
all flows (international and domestic) to reduce surpluses and deficits between
regions, while scaling international flows to align with country level totals; and
the second involves adjusting flows within countries only to correct any remaining

imbalances in regional consumption.

Harmonization step 0: Estimating regional production and consumption
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The 2015 global gridded crop-production data were first aggregated to adminis-
trative boundaries to yield baseline estimates of regional cereal production (Frolking
et al.; 2020b). To account for change (growth) in overall output between 2015 and
the study period (2017-2021), these values were scaled using country-specific factors
equal to the ratio of the FAO’s national production totals to the 2015 gridded
production estimates aggregated by country.

Subnational cereal consumption was then estimated via a log-linear gamma
regression fitted at the national scale (Supplementary Equation B.3.5.1). Observed
national consumption was defined as production + inflows — outflows, and
this quantity was regressed against log-transformed regional covariates, including
livestock counts (buffaloes, cattle, chickens, ducks, goats, horses), population, GDP,
and cereal production. The log-linear specification was

Equation B.3.5.1:

log(E(consumptioni)) = (1 log(buffaloes;) + (9 log(cattle;) 4+ B3 log(chicken;)
+ By log(ducks;) + 5 log(goats;) + B¢ log(horses;)

+ B log(pop;) + Bslog(gdp;) + B log(production;) (B.3.5.1)

Livestock and population capture combined food and feed demand, GDP
serves as a proxy for dietary preferences, and regional production serves as an
indirect indicator of both local availability and unobserved industrial processing.
Processing plants are frequently co-located with primary grain production areas to
minimize inbound transport costs for bulky cereals (Denicoff et al., 2010; Westlake,
2005). Hence, the covariate for regional cereal production can proxy for this
hidden component of demand, in the absence of a direct measure of processing at
subnational scales. Pigs and sheep were omitted from the regression specification
due to multicollinearity. Also note that stock variation was not accounted for
while estimating production or consumption even though stocks can affect total

supply. Global stock variation amounted to only ~1% of annual production over
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2017-2021 (and remained below 5% for nearly all countries), making it a very
small component of total supply.

The R-squared between estimated and observed consumption at national scales
was 0.90. The fitted model was used to estimate consumption at subnational
scales. The estimated subnational-scale consumption, when aggregated at national
level, also matched well with observed national level consumption (R?=0.89). The
resulting subnational consumption estimates were also scaled so that, within each

country, their sum exactly matched the FAO’s reported consumption total.

Harmonization step 1: Global adjustment

The first phase of harmonization proceeds as an iterative loop of up to 50
passes. At the start of each iteration, the entire flow matrix is first re-scaled so
that the sum of all subnational flows between each exporter-importer country pair
exactly matches the corresponding FAO bilateral trade volume. With country totals
fixed, each region’s own supply and demand balance is examined. If a region’s
net supply falls below consumption by more than 5%, all its incoming flows are
nudged upward and all its outgoing flows nudged downward. Conversely, regions in
surplus have their inbound flows decreased and outbound flows increased, provided
they retain sufficient production after their existing exports. The magnitude of
these adjustments grows linearly over the iterations — inflow increases begin at 10
percent and rise to 20 percent, while outflow reductions begin at 5 percent and
rise to 15 percent. The gradually increasing adjustment factors ensure sustained
progress toward convergence, preventing premature stagnation. A larger scaling
range for inflow increases was employed to avoid excessively suppressing imports
into net exporting regions, many of which also could be importing cereals they
do not produce. In this way, under-supplied regions progressively receive greater
inflows, and oversupplied regions redistribute their excess.

After adjusting for deficits and surpluses, a production-based export cap is
imposed. Exports from any region are capped at the smaller of: i) 95% of its

production, and ii) the amount remaining after meeting half of its consumption
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needs, that is, if production exceeds 0.5 X consumption, then at least 50% of
consumption must be met locally before any export, otherwise (when production <
0.5 x consumption) no exports are permitted. The 50% self-consumption threshold
was chosen because FAO data show that countries that produce sufficient cereals
typically cover at least half of their domestic demand from their own harvest
before exporting. Wherever a region’s outflows exceed this cap, all its outgoing
flows are proportionally scaled back.

Thereafter, the three steps of realigning country totals, rebalancing regional
consumption, and enforcing outflow caps, are repeated until changes in flows
become negligibly small, or until the maximum number of iterations is reached.
Finally, country totals are aligned with FAO trade volumes again, before moving

on to the next phase.

Harmonization step 2: Domestic adjustment

After the first harmonization phase, some regions still faced small supply deficits
while others held unused surplus. To clear these residual imbalances, a domestic-
only redistribution loop was run up to 100 iterations. In this phase, the outflow
constraints are relaxed to facilitate balancing, but still no region may export
more than what it produces. For each country, the aggregate deficit (sum of all
region shortfalls) and the aggregate available surplus (sum of each region’s unused
production) are computed. A reallocation budget equal to 10% of the smaller of
these two pools is then established, to ensure that the algorithm never moves more
grain than is available or required. The budget is shared among deficit regions in
proportion to each region’s share of the total deficit, and it is drawn from surplus
regions in proportion to each region’s share of the total surplus. After updating the
flows, net balances are recomputed, and the loop is repeated until every region’s

deficit falls within 5% of its demand or the limit of 100 iterations is reached.
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B.3.6 Key Modelling Assumptions

The modelling pipeline relies on several key assumptions, enumerated here for trans-

parency.

Spatial accuracy of gridded production data

Subnational production is derived from the GAEZ+ 2015 dataset (Grogan
et al., 2022), which downscales FAO national crop statistics to grid cells using a
sequential rebalancing optimisation. The dataset is not based on remote sensing
observations of cropland presence, and spatial misallocations can arise where the
underlying priors — cropland and irrigation distribution maps, soil and climate data,
livestock and population layers, and observed crop calendars — are inaccurate or
outdated. The dataset is anchored to 2015, while this analysis covers 2017-2021;
proportional scaling matches country-level totals but assumes that the within-
country spatial distribution of cereal production has not changed materially between
these periods. Misallocations propagate directly into flow estimates, since a region’s
modelled surplus or deficit is determined by the difference between its estimated
production and consumption. For example, in the United States, GAEZ+ 2015
overestimates cereal output in Texas and California relative to Corn Belt states
like Towa and Illinois. In regions with limited ground-truth data, particularly
sub-Saharan Africa and parts of Central Asia, spatial allocation errors may be

larger but are difficult to quantify.

Subnational consumption estimation

Subnational cereal consumption is estimated from a regression model fitted at
the national scale, using livestock counts, population, GDP, and cereal production
as predictors (Supplementary Methods B.3.5). The fitted model is then applied at
subnational scales, and the resulting estimates are scaled so that the sum across
subnational regions in each country matches the FAO-reported national consumption
total. This assumes that the statistical relationship between consumption and its

predictors holds at subnational scales within each country. The assumption may be
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less accurate in countries with large within-country variation in dietary preferences,

urbanisation levels, or food distribution infrastructure.

Structural similarity of flow networks across spatial scales

The machine learning models are trained primarily on national-scale flow data
and a small subset of subnational observations from the United States, China, and
India, and applied to predict flows at subnational scales globally. This rests on the
assumption that the structural properties of food flow networks (the distribution of
flow volumes, the relationship between predictor variables and flow presence) are
similar across spatial scales. Konar et al. (2018) provide direct support for this
assumption, examining food flow networks at three scales — global (international
trade between countries), national (the United States Commodity Flow Survey),
and village (Alaska Native communities) — and finding scale-invariant statistical
distributions of node connectivity and mass flux at all three scales. Network
parameters (mean connectivity, mass flux, centrality) vary with scale, but the
underlying distributional forms are consistent. The assumption may nonetheless
be weaker in regions where market institutions, transport infrastructure, or trade
governance differ substantially from those represented in the training data — for
example, in countries with strong government procurement systems, substantial
informal trade, or fragmented domestic markets. In such cases, the underlying
statistical regularities may still hold, but the specific parameters relating predictor
variables to flow patterns may differ from those learned by the model, leading

to less accurate predictions.

Validity of predictor variables

The machine learning models use gridded crop areas and production, livestock
counts, population characteristics, transport data, and producer prices as proxies
for the factors that drive food flows. The assumption is that these variables capture
sufficient variation in the true drivers of cereal flows. Some important determinants

— such as storage infrastructure, domestic market prices below the national level, and
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informal cross-border trade — are not directly represented in the predictor set, since

globally consistent data on these variables is not available at subnational scales.

Harmonization parameters

The post-prediction harmonization algorithm adjusts machine learning outputs
to satisfy national-scale mass balance constraints and observed bilateral trade
volumes. The specific threshold values, iteration limits, and scaling factors used
in this procedure influence the final flow estimates. Sensitivity analysis across
parameter combinations (Supplementary Table B.12 and Supplementary Figure
B.8) demonstrates that the final harmonized flows are stable, with all pairwise

correlations between alternative harmonized outputs exceeding 0.95.
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B.4 Supplementary Notes

Pseudocode for modelling pipeline can be seen below:

Inputs

‘D_fao_trade’: FAO national bilateral trade data (reporter, partner, com-

modity, year, volume)

‘D_fao_prod’: FAO national production data (country, commodity, year,

volume)

‘D_subnat_ flows known’: Available subnational flow data (e.g., India do-

mestic, US-China international)

‘C__gridded’: Gridded covariate datasets (crop area/production, livestock,

population, GDP, building footprint etc.)

‘A__boundaries’: Administrative boundaries (national and subnational)
‘P prices’: Producer price data

‘T tariffs’: Tariff data

“T'"_transport’: Transport data

Output

‘Fsubnational’: Matrix of harmonized cereal flows between all subnational ad-
ministrative units (origin_admin_ unit, destination_admin_ unit, flow_ volume,

flow type: domestic, international)

BEGIN PIPELINE

Phase 1: Data Pre-processing and Covariate Preparation

1.

a.

Process National Trade Data (‘D_ fao_ trade’):
FOR EACH commodity, year:
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i. Resolve Reporter Discrepancies:

1. Calculate accuracy level for each bilateral trade pair (importer vs. exporter
reported values).

2. Compute importer and exporter reliability indices.

3. ‘D_harmonized trade’ = Accept value reported by the more Oreliable
partner for each bilateral pair.

ii. Apply Re-export Algorithm:

1. Input: ‘D_harmonized trade’, ‘D fao prod.

2. Output: ‘D_national flows’ (links production source country to final
import destination country, minimizes re-exports, ensures country exports <=
production + imports).

b. Aggregate ‘D _national flows’ across all cereal commodities, and average
over 2017-2021.

2. Process and Integrate Known Subnational Flows (‘D__subnat__flows__known‘):

a. Aggregate individual commodity flows to total cereal flows.

b. Standardize format to match (origin_admin_ unit, destination admin_ unit,
volume).

3. Prepare Covariates:

a. FOR EACH gridded covariate dataset in ‘C_ gridded’:

i. Aggregate gridded data to ‘A subnational’ (subnational administrative units).

ii. Aggregate gridded data to ‘A_national’ (national units).

b. Process ‘P_ prices’, ‘T tariffs’, and ‘T transport’, aligning them with
national/subnational units.

c. Create origin-destination pair features for all potential national-national and
subnational-subnational links. Features include:

- Origin characteristics (production of specific cereals, livestock counts, pop-
ulation, GDP, area, region, etc.).

- Destination characteristics (similar to origin).

- Pairwise characteristics (transport cost/time/distance, border compliance

costs, tariffs, etc.).

185



B. Supplementary Material for “Mapping Global Cereal Flow at Subnational Scales
Unveils Key Insights for Food Systems Resilience”

d. ‘X_features links‘ = Combined feature set for all potential links.

Phase 2: Machine Learning Prediction of Subnational Flows

1. Prepare Training Data for ML:

a. ‘Data. ML train’ = Combine ‘D national flows’ and ‘D subnat flows known’
b. Associate each flow in ‘Data, ML train’ with its corresponding features

from ‘X features links’

2. Link Prediction (Classification Model):

. Define ‘y_link presence’ = 1 if flow_ volume > threshold (i.e., 1 tonne), else 0.

o

b. Train ‘Classifier _model’ (e.g., Gradient Boosting Classifier, Random Forest)
on ‘Data ML _train’ (features: ‘X features links’ for training pairs, target:
‘y_link_presence’). Use cross-validation for hyperparameter tuning.

c. ‘P_link_probabilities’ = ‘Classifier_model’.predict_ proba(‘X_ features_links’
for all potential subnational-subnational pairs).

3. Volume Prediction (Regression Model):

a. ‘Data_ ML_ regression_ train’ = Subset of ‘Data_ ML _ train’ where ‘y_link presence’
= 1.

b. Train ‘Regressor model’ (e.g., Neural Network, Gradient Boosting Regressor)
on ‘Data_ML_ regression_ train’ (features: ‘X_ features_links’ for training pairs
with links, target: ‘log(flow_volume)’ or ‘flow_volume’ with appropriate loss
function). Use cross-validation.

c. ‘V_predicted_volumes_raw’ = ‘Regressor__model’.predict(‘X_ features_ links’
for all potential subnational-subnational pairs).

Phase 3: Harmonization of Predicted Subnational Flows

1. Initialize Subnational Flow Network:

a. Filter ‘P_link probabilities”: Retain links if probability > ‘prob_ threshold’
(e.g., 0.5).

- IF for a given national trade pair (CountryX -> CountryY), no subnational
links (AdminX_i-> AdminY_j) exceed ‘prob_ threshold’, THEN retain top ‘k%’
of links by probability for that national pair.

- Apply similar logic for domestic links within a country.
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b. ‘F_subnational initial’ = For retained links, assign flow volume from
‘V_ predicted volumes raw’.

2. Estimate Subnational Consumption (‘C__subnational demand’):

a. Estimate subnational production (‘P_ subnational supply’) using subnational
production covariates/proxies scaled to match national production when aggregated.

b. Regress national consumption (Production + Imports - Exports) against
national-level covariates (livestock, population, GDP, production).

c. Use the fitted regression model with subnational covariates to predict
‘C subnational demand raw’

d. Scale ‘C_subnational demand raw’ within each country so that sum of
subnational consumption equals national consumption.

3. Iterative Harmonization - Phase I: Global Adjustment (Interna-
tional & Domestic Focus)

a. ‘F_subnational current’ = ‘F_subnational initial’.

b. FOR ‘iter_global’ FROM 1 TO ‘MAX GLOBAL_ ITERATIONS:

i. Realign with National Totals:

1. FOR EACH national bilateral trade pair (CountryX -> CountryY) in
‘D national flows’:

- ‘Sum_ current_sub_intl flow’ = SUM(‘F__subnational current’ for all Ad-
minX_i -> AdminY_j).

- ‘Scale_ factor’ = ‘D_ national flows(CountryX -> CountryY)’ / ‘Sum__current_sub_intl_flow’.

- Multiply ‘F__subnational current’ for all AdminX_ i-> AdminY_j by ‘Scale_ factor’.

ii. Rebalance Regional Supply/Demand:

1. FOR EACH subnational region ‘r’:

- Calculate ‘NetSupply 1’ = ‘P_ subnational supply 1’ + Totallnflows r(‘F_subnational curren
- TotalOutflows r(‘F_ subnational current’).

- ‘Deficit_r’ = ‘C_subnational demand r’ - ‘NetSupply r’.

- IF ‘Deficit 1’ > ‘consumption deficit threshold’ * ‘C subnational demand r’:

- Increase incoming flows to ‘r’ in ‘F__subnational current’ (by ‘adj factor inflow’,

possibly increasing with ‘iter_global‘).
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- Decrease outgoing flows from ‘r” in ‘F__subnational current’ (by ‘adj_factor outflow’,
possibly increasing with ‘iter_global’).

- ELSE IF ‘NetSupply_ 1’ > ‘C_subnational demand_r’ (Surplus):

- Decrease incoming flows to ‘r’.

- Increase outgoing flows from ‘r’ (if ‘P_subnational supply 1’ allows after
existing exports).

iii. Enforce Production-Based Export Cap:

1. FOR EACH subnational region ‘r’:

- ‘MaxExport_ 1’ = MIN( ‘export_ prod_ cap_factor’ * ‘P__subnational supply 17,
‘P_subnational supply r’-‘self consumption factor’ * ‘C subnational demand 1’
(if ‘P__subnational supply 1’ > ‘self consumption factor’* ‘C_subnational demand 1’),
else 0).

- IF TotalOutflows r(‘F_subnational current’) > ‘MaxExport_r’:

- Proportionally scale down all outgoing flows from ‘r’ in ‘F__subnational current’.

iv. IF convergence criteria met (e.g., small changes in flows), BREAK.

c. Perform final realignment of international subnational flows to ‘D national flows’
country totals.

d. ‘F_subnational after global’ = ‘F_ subnational current’.

4. Iterative Harmonization - Phase II: Domestic Adjustment (Within-
Country Focus)

a. ‘F_subnational current’ = ‘F_subnational after global’

b. FOR ‘iter domestic’ FROM 1 TO ‘MAX DOMESTIC ITERATIONS

i. FOR EACH Country ‘C’:

1. Identify ‘DeficitRegions_C’ and ‘SurplusRegions_C’ within ‘C’ based on cur-
rent balances (‘P_subnational _supply’ + Inflows - Outflows vs. ‘C__subnational demand’).

2. ‘TotalDeficit_ C’ = SUM of deficits in ‘DeficitRegions C’.

3. ‘TotalAvailableSurplus_ C’ = SUM of available surpluses in ‘SurplusReg-
ions_ C’ (production not yet committed to export or local consumption).

4. ‘ReallocationBudget  C’ = ‘realloc_ factor’ * MIN(‘TotalDeficit_ C’, ‘Tota-
lAvailableSurplus_ C?).
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5. FOR EACH ‘deficit_region_r’ in ‘DeficitRegions_C’:

- ‘ShareToReceive’ = ‘Deficit_ 1’ / ‘TotalDeficit C’ * ‘ReallocationBudget_ C’.

- Allocate ‘ShareToReceive’ by creating/increasing domestic flows from ‘Surplus-
Regions C’ (proportional to their available surplus) to ‘deficit_region_r’. Update
‘F subnational current’.

6. Ensure no region exports more than its production (relaxed constraints might
be used here compared to Phase I export cap for domestic balancing).

ii. IF convergence criteria met (e.g., regional deficits < ‘final deficit_threshold’),
BREAK.

c. ‘F subnational final’ = ‘F subnational current’.

5. Return ‘F__subnational final’

END PIPELINE
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Figure C.1: Overview of Machine Learning Pipeline to Categorize Food Products in
foodDB.
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Parent categories in FoodDB
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Figure C.2: Three levels of categories predicted for 262,711 products in foodDB. The t-
Distributed Stochastic Neighbor Embedding (t-SNE) algorithm was used for dimensionality
reduction of the original 768-dimensional feature vectors into a two-dimensional space.
Given the large number of categories, only the 18 parent categories are accompanied by a
legend, whereas the 53 main and 104 subcategories are presented without corresponding
legends to avoid cluttering the visualization.
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Figure C.3: Distribution of ingredient counts in food products by geography and
category.

143



C. Supplementary Material for “The Environmental Footprint of Retail Foods at
Scale: A Multi-Country Analysis”

Pizza ® [ pmle o Q@O O o o O Pzzal o o @ BIO)
rasta | o [ male 00000000 male @ @ o0
Rced o [ welo o @O @O0 O OO wels o @ o0
other cereals { » o oercermas{ 0 0 O 0 OO0 « O otmercereas | © @ @ )
Bread | o [ ma] o 0 Q000000 ERE Y ) Y0
Breakfast cereals | o [ ] sﬂ.?f(:’ sreanastcereas {1« @ @ O @ @ O @ O :’l:’r;w:(e[rsoi sreaktastcereais { o @ @) o0 :;r;\:(e‘rsd
s 1 @ Q@ . .o wsais]O 0 OO0 00000 . um was | © @ @ 0e® ...
Condhangs ] O @ wun Ui © 00000 00| @umme - Upmeio o @ 00 o
freshorcanned J o @ @ wowwo Frestoramedl o O QO OO0 0 O @ wwowme Freshoramed ! o @ @ ® @ @ o0
e . O @ | wmpemi. 00000000 @ | wmmexi.o 0@ 0 @
oty e 1.0 [ ] repmislo - @O @@ - @O Pl 0 @ ® 0
Beans and pulses { [ seansandpuses{ 0 QO Q' 0 @ O O @ O Beansandpuises{ © | @ @ Y )
Nuts and seeds | o [ nsandseess { 0 O QO O @O O @O Nusandseess | o @ @ Y )
Dairy products | @ [ ] 9.0 vaypeancs 1O O O OO O 0 00 100 vairy products 1 O O | @ [} @)
toos ] o ° tsfe + 0000 o o 0 telo o @ .0 ”
Seafood { ® [ ] e sard] c @ @ @ @ O O @O seatood{ o @ @ o0
mrgza ] - ° movizale 2 QO © @ @0 0 raznle - @ ool [~
Beetandlamb | [ seetandams{ +  © Q O @ @ ° o O % Bectandlamb{ o o (@) )
S e | ¢ [ J 40 ] 0 0@O@ - - O el 0 @ c @ o
Meat dishes { o ) meatdsnes{ 0 0 @ O QO - @0 . Mestdishes{ o | o @ Y )
rescponn ] * ° § e 0 O © @O0 ° O H gttt KRR L)
Meat altematives { © ° 2 z Meatatematves { ¢ 0 QO O QO o o O "’g Meataltematives { © o @ Y 8 ‘E
Dairy altematives { © [ ) £ nayatematves { © @ O O O O O 0 O s Dairy attematives | © @ @ o0 s
S ] O ||t s il 0 0000000 § el » @ ®® .2
ity # ® H aeaiin]e 2 0000000 W, 8 oty 121 1@ °0 3
contectonery | @ [ ) L] wneas 100 O 000 000 gj oy 10 © @ 0
Fruitjuice { o [ ] 925 mitiice{ o o @ @ @ @ O O S fmitiice{ o o @ - @ o
Smoothies { © ) smoothies{ ¢ o @ o @ @ o o O smoothies{ © o @ - @
vererang 2t 1 @ o ||.. waeranget10 0 0000 0 00| |le gt 10 © @ °0 |l
Coffee { ® [ ] woree{ o @@ O @O O 00O cotee] o @ @ o0
Tead o [ ) wmle 0O QO0O@O0 ° - O il @ @ - @
severagesdry | o ° 915 sevengesdy 1o o Q0 @ O o ° O severgesan 1 0 o @ Y 0
Cooking fatsand | o . L Cookingtatsand | oo O 00 O O e O L cookingtatsand | o o . . . L
imens 1@ [ ] im0 00000 0 00 neii1® © @ °Q
Savoury snacks | & [ ] savauysnaks | o O Q1@ OO 0 © O savourysnacks | © @ @ N )
Soup and oddier | o . sowpandodder | o Lo (@ @ O @ o o O Sopandrodder | o [ o | @ > .
e I ° itonionei e ° 0/ 00 2O opirest RRICRE ) )
& & F ¢ &

Figure C.4: Component scores used to quantify confidence in environmental impact
estimates for products across geographies and categories — classification certainty,
composition completeness, and LCA coverage.
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Figure C.5: Distribution of food products from different categories, only showing the
five regions with sufficiently large product samples.
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Figure C.6: Environmental impact scores per 100 g of products across countries.
Each data point corresponds to the mean environmental impact across all Monte Carlo
simulations for a single product.
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Figure C.7: Environmental impact versus beef content for a sample of beef-containing
products across geographies. For each region, up to 20 products were selected at random
(all 18 available Asian and 7 African items are shown). Each point represents one product,
and its environmental impact corresponds to the mean of its Monte Carlo simulation
outputs. The lowest-impact beef products are typically broths or stocks.
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Figure C.8: Environmental impact of different types of dairy products across geographies
(per 100 g). For each category, the bars span the 10" to 90" percentile impacts of food
products; the mean (black line) and median (white dot) impacts for each category are
overlaid. For each product, the impact is given by the mean of its Monte Carlo simulation
outputs. Categories with fewer than 30 products are omitted and instead indicated by
star markers.
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Figure C.9: Disaggregated environmental footprints by five impact metrics (land use,
GHG emissions, biodiversity loss, eutrophication, water use) for all food categories across
five regions. For each category, the bars span the 10" to 90" percentile impacts of food
products; the mean (white line) and median (black dot) impacts for each category are
overlaid. For each product, the impact is given by the mean of its Monte Carlo simulation
outputs.
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Figure C.10: GHG emissions vs. scarcity-weighted water use for 100 randomly selected
products in each of nine categories (rice, nuts and seeds, dairy products, seafood, beef
and lamb, dairy alternatives, chocolate confectionery, coffee, cooking fats and oils).
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Figure C.11: Food product composition across geographies, categorized by food groups.
Each bar represents the proportion of ingredients in different impact groups within a food
category, where blue indicates the lowest impact ingredients, and red indicates the highest
impact ingredients.
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C.2 Supplementary Tables

Table C.1: Categories used to classify products, derived from UK National Diet and Nutrition Survey (NDNS)

Parent category Main category Subcategory
Pizza
Pasta, rice and other cereals P;?Lsta
Rice

Cereals and Cereal
Products

Other cereals

Bread

White bread (not high fibre,
not multiseed bread)

‘Wholemeal bread

Brown, granary and wheatgerm bread

Other bread

Breakfast cereals

High fibre breakfast cereals

Other breakfast cereals (not high fibre)

Biscuits

Biscuits

Buns, cakes, pastries and fruit pies

Fruit pies

Buns cakes and pastries

Cereal based milk puddings

Milk and Milk Products

Puddings Sponge puddings
Other cereal based puddings
Whole milk ‘Whole milk
Semi-skimmed milk Semi-skimmed milk
1% Milk 1% Milk

Skimmed milk

Skimmed milk

Other milk and cream

Infant formula

Cream (including imitation cream)

Other milk

Cheese

Cottage cheese

Cheddar cheese

Other cheese

Yogurt, fromage frais and other dairy
desserts

Yogurt

Fromage frais and other dairy desserts

Ice cream

Ice cream

Eggs and Egg Dishes

Eggs and egg dishes

Manufactured egg products including
ready meals

Other eggs and egg dishes including
homemade

Fat Spreads

Butter

Butter

Polyunsaturated margarine and oils

Polyunsaturated margarine

Polyunsaturated oils

Low fat spread

Polyunsaturated low fat spread

Low fat spread not polyunsaturated

Margarine and other cooking fats and
oils not polyunsaturated

Block margarine

Soft margarine not polyunsaturated

Other cooking fats and oils not
polyunsaturated

Reduced fat spread

Reduced fat spread (polyunsaturated)

Reduced fat spread (not
polyunsaturated)
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Table C.1: Categories used to classify products, derived from UK National Diet and Nutrition Survey (NDNS)

(Continued)

Meat and Meat Products

Bacon and ham

Bacon and ham

Beef, veal and dishes

Beef and veal

Lamb and dishes

Lamb

Pork and dishes

Pork

Coated chicken and turkey

Manufactured coated chicken/turkey
products

Chicken and turkey dishes

Other chicken and turkey

Liver, products and dishes

Liver and dishes

Burgers and kebabs

Burgers and kebabs purchased

Sausages

Sausages

Meat pies and pastries

Meat pies and pastries

Other meat and meat products

Other meat products

Fish and Fish Dishes

White fish coated or fried

‘White fish coated or fried

Other white fish, shellfish and fish
dishes

Other white fish

Shellfish

Canned tuna

Oily fish

Oily fish

Vegetables, Potatoes

Vegetables

Carrots

Other vegetables

Tomatoes

Peas

Green beans

Baked beans

Leafy green vegetables

Beans and pulses (including ready meal
and homemade dishes)

Meat alternatives (including ready
meals and homemade dishes)

Other vegetable products and dishes

Chips, fried and roast potatoes and
potato products

Chips purchased including takeaway

Other fried /roast/baked potatoes

Other potatoes, potato salads and
dishes

Other potato products and dishes

Savoury Snacks

Crisps and savoury snacks

Crisps and savoury snacks

Nuts and Seeds

Nuts and seeds

Nuts and seeds

Fruit

Fruit

Apples and pears not canned

Citrus fruit

Bananas

Canned fruit in juice

Canned fruit in syrup

Other fruit not canned

Sugar, Preserves and
Confectionery

Sugars, preserves and sweet spread

Sugar

Preserves

Sweet spreads fillings and icing

Sugar confectionery

Sugar confectionery

Chocolate confectionery

Chocolate confectionery
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Table C.1: Categories used to classify products, derived from UK National Diet and Nutrition Survey (NDNS)

(Continued)

Non-Alcoholic Beverages

Fruit juice

Fruit juice

Smoothies

Soft drinks, not diet

Soft drinks not low calorie concentrated

Soft drinks not low calorie carbonated

Soft drinks not low calorie, ready to
drink, still

Soft drinks, diet

Soft drinks low calorie concentrated

Soft drinks low calorie carbonated

Soft drinks low calorie, ready to drink,
still

Tea, coffee and water

Coffee

Tea

Herbal tea

Bottled water still or carbonated

Alcoholic Beverages

Alcoholic beverages

Alcoholic beverages

Miscellaneous

Miscellaneous

Beverages dry weight

Soup

Nutrition powders and drinks

Savoury sauces pickles gravies and
condiments

Commercial Toddlers
Foods and Drinks

Commercial toddlers foods and drinks

Commercial toddlers foods and drinks

Dietary Supplements

Dietary supplements

Dietary supplements

Artificial Sweeteners

Artificial sweeteners

Artificial sweeteners

Not Food

Not food

Not food
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Table C.2: Performance of Random Forest classification models on labelled foodDB data

o s Accuracy Balanced F1-score
Categorization Hyperparameters n Classes accuracy (weighted)
train test train test train test
num trees: 200,
Parent categories min leaf samples:5, 68,407 18 0.99 0.91 0.99 0.89 0.99 0.91
weights: balanced
num trees: 400,
Cereals and Cereal 0 leaf samples:d, 13,999 16 099 093 099 091 099 093
Product max tree depth: 20,
oducts weights: balanced
num trees: 400,
Milk and Mk 0 leaf samples:0, o oo 13 098 094 099 092 098 094
Product max tree depth: 10,
roducts weights: balanced
num trees: 400,
Begs and Rgg in leaf samples:l0, o, 2 009 098 099 098 099 0.98
Dish max tree depth: 20,
1shes weights: balanced
num trees: 400,
min leaf samples:10,
Fat Spreads max tree depth: 20, 1,460 10 096 0.89 096 089 096 0.90
weights: balanced
num trees: 500,
Meat and Meat 00 leaf samplesil0, g g 11 097 092 098 092 097 092
Product max tree depth: 20,
roducts weights: balanced
num trees: 500,
Fish and Fish 0 leaf samples:l0, 0y oo 5 098 096 098 095 098 0.96
Dish max tree depth: 20,
150es weights: balanced
num trees: 500,
Vegetables, Pota. i leaf samples:10, g oo 13 0.97 089 098 090 097 0.89
A max tree depth: 20,
oS weights: balanced
num trees: 500,
Fruit min leaf samples:10, ) o7, 6 099 094 099 090 099 094
max tree depth: 20,
weights: balanced
num trees: 500,
Sugar, Preserves E;‘;lff;sggﬁsgg’ 6,141 5 099 096 099 094 099 0.96
and Confectionery weights: balanced
num trees: 400,
Non-Alcoholic min leaf samples:10, g /) 12 0.98 0.89 098 089 0.98 0.89
B max tree depth: 25,
everages weights: balanced
num trees: 500,
Miscellaneous min leaf samples:10, - 71 g 4 099 098 099 098 099 098

max tree depth: 20,
weights: balanced
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Table C.3:

Performance of Deep Learning classification models on all foodDB data

Categorization

Accuracy Balanced F1l-score

Hyperparameters n Classes accuracy (weighted)

train test train test train test

Parent categories

dense layers: 3,

dense neurons: 512,

batch size: 128, 262,711 18 098 094 099 095 098 094
epochs: 100,

dropout: 0.2

Cereals and Cer-
eal Products

dense layers: 2,

dense neurons: 256,

batch size: 64, 52,426 16 098 093 099 096 098 0.93
epochs: 100,

dropout: 0.2

Milk and Milk
Products

dense layers: 2,

dense neurons: 256,

batch size: 64, 23,239 13 099 096 099 094 099 0.96
epochs: 100,

dropout: 0.4

Egg and Egg
Dishes

dense layers: 1,

dense neurons: 32,

batch size: 16, 1,315 2 099 099 099 099 099 0.99
epochs: 50,

dropout: 0.4

Fat Spreads

dense layers: 1,

dense neurons: 32,

batch size: 16, 3,811 10 099 092 099 088 099 0.93
epochs: 50,

dropout: 0.4

Meat and Meat
Products

dense layers: 2,

dense neurons: 256,

batch size: 64, 26,837 11 099 095 099 095 099 095
epochs: 100,

dropout: 0.2

Fish and Fish
Dishes

dense layers: 1,

dense neurons: 64,

batch size: 32, 9,302 5 098 095 099 095 098 0.95
epochs: 50,

dropout: 0.4

Vegetables, Pota-
toes

dense layers: 1,

dense neurons: 64,

batch size: 32, 23,757 13 0.97 0.91 098 094 097 091
epochs: 50,

dropout: 0.4

Fruit

dense layers: 1,

dense neurons: 64,

batch size: 32, 7,343 6 098 097 099 098 098 097
epochs: 50,

dropout: 0.4

Sugar, Preserves
and Confection-
ery

dense layers: 2,

dense neurons: 256,

batch size: 64, 25,822 5 099 098 099 097 099 0.98
epochs: 100,

dropout: 0.2

Non-Alcoholic
Beverages

dense layers: 1,

dense neurons: 128,

batch size: 32, 25,994 12 097 091 098 091 097 091
epochs: 50,

dropout: 0.4
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Table C.3 continued from previous page

Categorization Hyperparameters n Classes ‘eeuracy

Balanced
accuracy

F1l-score
(weighted)

train test

train test

train test

dense layers: 2,
dense neurons: 256,
Miscellaneous batch size: 64, 27,598 4 0.99 0.99
epochs: 100,
dropout: 0.2

0.99  0.99

0.99 0.99
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Table C.4: Distribution of food products in different categories, as predicted by machine learning models

not polyunsaturated

Parent category Main category Subcategory foodDB | Open
Food
Facts
Pizza 2,324 8,609
Pasta, rice and other cereals PéSta 7,507 31,603
Rice 2,981 8,486
Other cereals 3,154 14,742
White bread (not high fibre, 4,575 23,350
not multiseed bread)
Bread Wholemeal bread 605 1,368
Brown, granary and 655 962
wheatgerm bread
Cereals and Cereal Other bread 1,220 5,561
Products High fibre breakfast cereals 3,840 14,727
Breakfast cereals Other breakfast cereals (not 1,206 4,923
high fibre)
Biscuits Biscuits 13,742 63,625
Buns, cakes, pastries and fruit | Fruit pies 283 839
pies Buns cakes and pastries 8,126 29,991
Cereal based milk puddings 392 765
Puddings Sponge puddings 429 149
Other cereal based puddings 1,387 3,187
‘Whole milk Whole milk 375 2,239
Semi-skimmed milk Semi-skimmed milk 436 1,610
1% Milk 1% Milk 41 503
Skimmed milk Skimmed milk 218 557
Infant formula 105 196
. Cream (including imitation 704 4,701
Other milk and cream cream)
Milk and Milk Other milk 3,368 16,341
Products Cottage cheese 120 1,258
Cheese Cheddar cheese 1,845 3,514
Other cheese 4,544 36,675
. Yogurt 6,166 22,402
Yogurt, fromage frais and - -
other dairy desserts Fromage frais and other dairy | 1,381 6,055
desserts
Ice cream Ice cream 3,936 15,917
Manufactured egg products 681 1,155
Eggs and Egg Dishes | Eggs and egg dishes glfiz;hsgg;e:sg engl;‘;afl:lishes 634 2.017
including homemade
Butter Butter 474 2,976
Polyunsaturated margarine Polyunsaturated margarine 78 224
and oils Polyunsaturated oils 424 2,677
Polyunsaturated low 133 432
fat spread
Low fat spread Low fat spread not 19 53
polyunsaturated
Fat Spreads Block margarine 100 416
Margarine and other cooking Soft margarine not 31 48
fats and oils not polyunsaturated
polyunsaturated Other cooking fats and oils 1,972 7,532
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Table C.4: Distribution of food products in different categories, as predicted by machine learning models (Continued)

Reduced fat spread 225 804
(polyunsaturated)
Reduced fat spread
Reduced fat spread (not 355 331
polyunsaturated)
Bacon and ham Bacon and ham 3,042 13,396
Beef, veal and dishes Beef and veal 3,769 10,716
Lamb and dishes Lamb 996 567
Pork and dishes Pork 1,527 5,444
Coated chicken and turkey Manufactured coated 1,724 2,977
chicken/turkey products
Meat and Meat Chicken and turkey dishes Other chicken and turkey 7,359 20,896
Products Liver, products and dishes Liver and dishes 282 1,730
Burgers and kebabs Burgers and kebabs purchased | 800 2,202
Sausages Sausages 3,275 19,653
Meat pies and pastries Meat pies and pastries 2,034 1,484
Other meat and meat products | Other meat products 2,029 5,524
White fish coated or fried White fish coated or fried 1,700 2,159
Other white fish 1,202 3,046
Fish and Fish Dishes Other' white fish, shellfish and Shellfish 1,605 6.710
fish dishes
Canned tuna 882 2,801
Oily fish Oily fish 3,913 15,261
Carrots 416 2,220
Other vegetables 4,720 18,444
Tomatoes 1,664 6,590
Peas 727 2,408
Green beans 237 985
Baked beans 700 1,011
Leafy green vegetables 2,155 5,831
Vegetables Beans and pulses (including 3,176 16,520
ready meal and homemade
dishes)
Vegetables, Potatoes Meat alternatives (including 2,987 10,379
ready meals and homemade
dishes)
Other vegetable products and | 4,075 22,233
dishes
Chips purchased including 884 3,589
Chips, fried and roast potatoes | takeaway
and potato products Other fried/roast/baked 533 2,569
potatoes
Other potatoes, Other potato products and 1,483 5,796
potato salads and dishes dishes
Savoury Snacks Crisps and savoury snacks Crisps and savoury snacks 6,460 22,492
Nuts and Seeds Nuts and seeds Nuts and seeds 5,057 25,226
Apples and pears not canned 747 4,684
Citrus fruit not canned 292 818
Fruit Fruit Bananas 118 631
Canned fruit in juice 782 3,190
Canned fruit in syrup 227 1,855
Other fruit not canned 5,177 17,476
Sugar 1,266 4,717
Sugars, preserves and sweet Preserves 3,828 16,040
Sugar, Preserves and spread Sweet spreads fillings and 1,248 4,038
Confectionery icing
Sugar confectionery Sugar confectionery 5,713 33,691
Chocolate confectionery Chocolate confectionery 13,767 60,817
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Table C.4: Distribution of food products in different categories, as predicted by machine learning models (Continued)

o Fruit juice 2,623 14,169
Fruit juice -
Smoothies 1,219 3,158
Soft drinks not low calorie 974 3,145
concentrated
Soft drinks, not diet Soft drinks not low calorie 5,420 17,027
carbonated
Soft drinks not low calorie, 1,058 5,011
ready to drink, still
Non-Alcoholic Soft drinks low calorie 611 186
B concentrated
SVerages . . Soft drinks low calorie 3,120 5,491
Soft drinks, diet
carbonated
Soft drinks low calorie, ready | 2,469 13,563
to drink, still
Coffee 3,646 9,037
Tea 2,296 7,401
Tea, coffee and water Herbal tea 1,615 5,279
Bottled water still or 943 4,282
carbonated
Alcoholic Beverages Alcoholic beverages Alcoholic beverages 15,150 22,295
Beverages dry weight 682 1,298
Soup 3,590 7,861
Miscellaneous Miscellaneous Nutrition powders and drinks | 527 2,286
Savoury sauces pickles gravies | 22,799 75,679
and condiments
Commercial Toddlers | Commercial toddlers foods and | Commercial toddlers foods 2,488 1,444
Foods and Drinks drinks and drinks
Dietary Supplements | Dietary supplements Dietary supplements 622 3,360
Artificial Sweeteners | Artificial sweeteners Artificial sweeteners 404 1,108
Not Food Not food Not food 5,086 5,673
Total 262,711 961,989
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Table C.5: Country groupings for product composition estimation.

Country group Countries

1 Australia, Canada, Ireland, New Zealand, United Kingdom, United
States

2 Austria, Belgium, France, Germany, Luxembourg, Netherlands,
Switzerland

3 Italy, Portugal, Spain

4 Denmark, Estonia, Finland, Latvia, Lithuania, Norway, Sweden

5 Bulgaria, Croatia, Czech Republic, Hungary, New Caledonia, Poland,
Romania, Russia, Slovakia, Slovenia, Ukraine

6 Algeria, Cyprus, Egypt, Greece, Israel, Lebanon, Morocco, Tunisia,
Turkey

7 Argentina, Bolivia, Brazil, Chile, Costa Rica, Colombia, Cuba,

Ecuador, French Polynesia, Guadeloupe, India, Iraq, Kuwait,
Martinique, Mexico, Panama, Peru, Puerto Rico, Qatar, Reunion,
Saudi Arabia, United Arab Emirates, Venezuela

8 Hong Kong, Indonesia, Japan, Malaysia, Philippines, Singapore,
South Korea, Thailand
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories

LCA Food FAO Commodities Produced | FAO Commodities Traded Notes
Category
Wheat Wheat
Germ of wheat
Wheat and meslin flour
Rye Rye
Flour of rye
Bran of rye
Millet Millet
Flour of millet
Bran of millet
Sorghum Sorghum
Flour of sorghum
Bran of sorghum
Buckwheat Buckwheat
Flour of buckwheat
Quinoa Quinoa
Canary seed Canary seed
Fonio Fonio
Mixed grain Mixed grain
Flour of mixed grain . .
Bran of mixed grain Oil converted to oil
— — crops using processing
Wheat Rye Triticale Triticale factors.
(Bread) Cereals n.e.c. Cereals n.e.c. Production and trade

Flour of cereals, n.e.c.
Bran of cereals, n.e.c.

Groundnuts, excluding shelled

Groundnuts, excluding shelled
Groundnuts, shelled

Prepared groundnuts
Groundnut oil

Linseed Linseed
Oil of linseed
Hempseed Hempseed

Safflower seed

Safflower seed
Safflower-seed oil, crude

Sesame seed

Sesame seed
Oil of sesame seed

Castor oil seeds

Castor oil seed
Oil of castor beans

Cotton seed

Cottonseed oil

Coconuts, in shell

Coconuts, in shell
Coconuts, desiccated
Coconut oil

Mustard seed

Mustard seed
Mustard seed oil, crude

split between oil crops
and oil.

Maize (Meal)

Maize (corn)

Maize (corn)

Germ of maize

Flour of maize

Bran of maize

Cake of maize

Forage and silage, maize

Barley (Beer)

Barley

Barley

Barley flour and grits
Barley, pearled

Bran of barley

Pot barley

Oatmeal

Oats

Oats
Oats, rolled
Bran of oats

Rice

Rice

Rice, paddy (rice milled
equivalent)
Flour of rice
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories (Continued)

Potatoes

Potatoes
Potatoes, frozen
Tapioca of potatoes

Sweet, potatoes

Sweet potatoes

Processing factors
applied to convert
traded commodities

S Yams Yams into equivalent
Taro Taro quantities of crops.
Edible roots ad tubers with high | Edible roots ad tubers with high | Tapioca of potatoes: 5
starch or inulin content n.e.c., starch or inulin content n.e.c.,
fresh fresh

Cassava Cassava, fresh Cassava, dry Processing factors

Cassava, fresh
Flour of cassava
Starch of cassava
Tapioca of cassava

applied to convert
traded commodities
into equivalent
quantities of crops.
Cassava dry: 2.5
Flour of cassava: 4
Starch of cassava: 5
Tapioca of cassava: 5

Cane Sugar

Sugar cane

Sugar cane

Refined sugar

Raw cane or beet sugar
(centrifugal only)

Beet Sugar

Sugar beet

Sugar beet

Refined sugar

Raw cane or beet sugar
(centrifugal only)

Sugar converted to
sugar crops using
processing factors
Refined sugar and raw
sugar flows split
between sugar cane
and sugar beet

Other Pulses

Bambara beans, dry

Bambara beans, dry

Beans, dry

Beans, dry

Broad beans and horse beans, dry

Broad beans and horse beans, dry

Lentils, dry

Lentils, dry

Other pulses, n.e.c.

Other pulses, n.e.c.
Flour of pulses

Chick peas, dry

Chick peas, dry

Cow peas, dry

Cow peas, dry

Pigeon peas, dry

Pigeon peas, dry

Peas, dry Peas, dry
Lupins
Peas Peas, green Peas, green
Almonds, in shell Almonds, in shell
Almonds, shelled
Cashew nuts, in shell Cashew nuts, in shell
Cashew nuts, shelled
Hazelnuts, in shell Hazelnuts, in shell
Hazelnuts, shelled
Chestnuts, in shell Chestnuts, in shell
‘Walnuts, in shell Walnuts, in shell
Walnuts, shelled
Sunflower seed Sunflower seed
Sunflower-seed oil, crude Oil converted to oil
Brazil nuts, in shell Brazil nuts, in shell (fzgi)osrsusmg processing
Nuts Brazil nuts, shelled )

Pistachios, in shell

Pistachios, in shell

Other nuts (excluding wild edible
nuts and groundnuts), in shell,
n.e.c.

Other nuts (excluding wild edible
nuts and groundnuts), in shell,
n.e.c.

Linseed Linseed
Oil of linseed
Hempseed Hempseed

Safflower seed

Safflower seed
Safflower-seed oil, crude

Production and trade
split between oil crops
and oil.
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories (Continued)

Poppy seed

Poppy seed

Sesame seed

Sesame seed
Oil of sesame seed

Groundnuts Groundnuts, excluding shelled Groundnuts, excluding shelled Oil converted to oil

Groundnuts, shelled crops using processing

Prepared groundnuts factors.

Groundnut oil Production and trade
split between oil crops
and oil.

Soymilk Soya beans Cake of soya beans Production and trade

Soya beans split between oil crops

Soya curd and oil.

Soya paste

Soya sauce

Soya bean oil

Tofu Soya beans Cake of soya beans Production and trade

Soya beans
Soya curd
Soya paste
Soya sauce
Soya bean oil

split between oil crops
and oil.

Soybean oil

Soya beans

Cake of soya beans
Soya beans

Soya curd

Soya paste

Soya sauce

Soya bean oil

Production and trade
split between oil crops
and oil.

Palm oil

Oil palm fruit

Palm oil

Oil converted to oil
crops using processing
factors

Sunflower oil

Sunflower seed

Sunflower seed
Sunflower-seed oil, crude

Oil converted to oil
crops using processing
factors

Production and trade
split between oil crops
and oil.

Rapeseed Oil

Rape or colza seed

Rape or colza seed
Rapeseed or canola oil, crude

Oil converted to oil
crops using processing
factors

Olive oil Olives Olives Oil converted to oil
Olives preserved crops using processing
Olive oil factors
Production and trade
split between oil crops
and oil.
Tomatoes Tomatoes Paste of tomatoes

Tomato juice
Tomatoes
Tomatoes, peeled (o/t vinegar)

Onions Leeks

Onions and shallots, green

Onions and shallots, green

Onions and shallots, dry
(excluding dehydrated)

Onions and shallots, dry
(excluding dehydrated)

Leeks and other alliaceous
vegetables

Leeks and other alliaceous
vegetables

Root Vegetables

Carrots and turnips

Carrots and turnips

Brassicas

Cabbages

Cabbages

Cauliflowers and broccoli

Cauliflowers and broccoli

Cucumbers and gherkins

Cucumbers and gherkins

Pumpkins, squash and gourds

Pumpkins, squash and gourds

Artichokes

Artichokes

Lettuce and chicory

Lettuce and chicory

Broad beans and horse beans,
green

Broad beans and horse beans,
green
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories (Continued)

Other Vegetables

Other beans, green

Other beans, green

String beans

String beans

Asparagus

Asparagus

Chillies and peppers, green
(Capsicum spp. and Pimenta spp.)

Chillies and peppers, green
(Capsicum spp. and Pimenta spp.)

Eggplants (aubergines)

Eggplants (aubergines)

Green corn (maize)

Green corn (maize)

Green garlic

Green garlic

Mushrooms and truffles

Canned mushrooms
Dried mushrooms
Mushrooms and truffles

Okra

Okra,

Other vegetables, fresh n.e.c.

Other vegetables, fresh n.e.c.
Other vegetables provisionally
preserved

Other vegetable juices

Sweet corn, frozen

Sweet corn, prepared or preserved
Vegetables frozen

Vegetables preserved (frozen)
Vegetables preserved nes (o/t
vinegar)

Vegetables, dehydrated

Vegetable products, fresh or dry
n.e.c.

Vegetables, pulses and potatoes,
preserved by vinegar or acetic acid

Spinach

Spinach

Citrus Fruit

Oranges

Orange juice
Orange juice, concentrated
Oranges

Lemons and limes

Juice of lemon
Lemon juice, concentrated
Lemons and limes

Tangerines, mandarins,
clementines

Juice of tangerine
Tangerines, mandarins,
clementines

Pomelos and grapefruits

Grapefruit juice
Grapefruit juice, concentrated
Pomelos and grapefruits

Other citrus fruit, n.e.c.

Citrus juice, concentrated n.e.c.
Juice of citrus fruit n.e.c.
Other citrus fruit, n.e.c.

Bananas Bananas
Bananas Plantains and cooking bananas Plantains and cooking bananas
Apples Apples Apple juice
Apple juice, concentrated
Apples
Strawberries Strawberries
Raspberries Raspberries
Blueberries Blueberries
Cranberries Cranberries
Berries Grapes Gooseberries Gooseberries

Other berries and fruits of the
genus vaccinium n.e.c.

Other berries and fruits of the
genus vaccinium n.e.c.

Grapes Grape juice
Grapes
‘Wine ‘Wine Wine
Pears Pears

Peaches and nectarines

Peaches and nectarines
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories (Continued)

Plums and sloes

Plums and sloes
Plums, dried

Apricots Apricots,
Apricots, dried

Avocados Avocados

Watermelons Watermelons

Cantaloupes and other melons

Cantaloupes and other melons

Kiwi fruit Kiwi fruit
Olives Olives
Olives preserved
Olive oil
Cashewapple Cashewapple
Dates Dates
Figs Figs
Figs, dried

Locust beans (carobs)

Locust beans (carobs)

Mangoes, guavas and mangosteens

Juice of mango
Mangoes, guavas and mangosteens
Mango pulp

Other fruits, n.e.c.

Fruit prepared n.e.c.
Juice of fruits n.e.c.

Oil converted to oil
crops using processing
factors

Other Fruit Other fruit n.e.c., dried Production and trade

Other fruits, n.e.c. split between oil crops
Raisins and oil.

Other tropical fruits, n.e.c. Other tropical fruit, dried
Other tropical fruits, n.e.c.

Papayas Papayas

Pineapples Juice of pineapples, concentrated
Pineapple juice
Pineapples
Pineapples, otherwise prepared or
preserved

Coconuts, in shell Coconuts, in shell
Coconuts, desiccated
Coconut oil

Cherries Cherries

Currants Currants

Other pome fruits

Other stone fruits Other stone fruits

Persimmons Persimmons

Quinces Quinces

Sour cherries Sour cherries

Coffee Coffee, green Coffee, green

Coffee husks and skins
Coffee, decaffeinated or roasted

Dark Chocolate

Cocoa beans

Cocoa beans

Bovine Meat
(beef herd)

Beef and Buffalo Meat, primary

Bovine meat, salted, dried or
smoked

Meat of buffalo, fresh or chilled
Meat of cattle boneless, fresh or
chilled

Meat of cattle with the bone,
fresh or chilled

Sausages and similar products of
meat, offal or blood of beef and
veal
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories (Continued)

"Bovine Meat
(dairy herd)

Beef and Buffalo Meat, primary

Bovine meat, salted, dried or
smoked

Meat of buffalo, fresh or chilled
Meat of cattle boneless, fresh or
chilled

Meat of cattle with the bone,
fresh or chilled

Sausages and similar products of
meat, offal or blood of beef and
veal

Lamb Mutton

Sheep and Goat Meat

Meat of goat, fresh or chilled
Meat of sheep, fresh or chilled

Pig Meat

Meat of pig with the bone, fresh
or chilled

Meat of pig boneless, fresh or
chilled

Meat of pig with the bone, fresh
or chilled

Pig meat, cuts, salted, dried or
smoked (bacon and ham)
Sausages and similar products of
meat, offal or blood of pig

Poultry Meat

Meat of chickens, fresh or chilled

Meat of chickens, fresh or chilled

Meat of turkeys, fresh or chilled

Meat of turkeys, fresh or chilled

Meat of sucks, fresh or chilled

Meat of sucks, fresh or chilled

Meat of geese, fresh or chilled

Meat of geese, fresh or chilled

Meat of pigeons and other birds
n.e.c., fresh, chilled or frozen

Meat of pigeons and other birds
n.e.c., fresh, chilled or frozen

Milk

Milk, total

Butter and ghee of sheep milk
Butter of cow milk

Butter of goat milk

Buttermilk, curdled and acidified
milk

Buttermilk, dry

Casein

Cheese from milk of goats, fresh
or processed

Cheese from milk of buffalo, fresh
or processed

Cheese from milk of sheep, fresh
or processed

Cheese from skimmed cow milk
Cheese from whole cow milk
Cream, fresh

Dairy products n.e.c.

Ghee from buffalo milk

Ghee from cow milk

Ice cream and other edible ice
Processed cheese

Raw milk of cattle

Raw milk of sheep
Reconstituted milk

Skim milk and whey powder
Skim milk of cows

Skim milk, condensed

Skim milk, evaporated
Standardized milk

Whey cheese

Whey, condensed

Whey, dry

Whey, fresh

Whole milk powder

Whole milk, condensed

Whole milk, evaporated
Yoghurt

Yoghurt, with additives

Production and trade
split between milk and
cheese.
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Table C.6: FAO commodities used to compute production and trade for all LCA food categories (Continued)

Cheese

Milk, total

Butter and ghee of sheep milk
Butter of cow milk

Butter of goat milk

Buttermilk, curdled and acidified
milk

Buttermilk, dry

Casein

Cheese from milk of goats, fresh
or processed

Cheese from milk of buffalo, fresh
or processed

Cheese from milk of sheep, fresh
or processed

Cheese from skimmed cow milk
Cheese from whole cow milk
Cream, fresh

Dairy products n.e.c.

Ghee from buffalo milk

Ghee from cow milk

Ice cream and other edible ice
Processed cheese

Raw milk of cattle

Raw milk of sheep
Reconstituted milk

Skim milk and whey powder
Skim milk of cows

Skim milk, condensed

Skim milk, evaporated
Standardized milk

Whey cheese

Whey, condensed

Whey, dry

Whey, fresh

Whole milk powder

Whole milk, condensed

Whole milk, evaporated
Yoghurt

Yoghurt, with additives

Production and trade
split between milk and
cheese.

Eggs

Eggs Primary

Hen eggs in shell, fresh

Eggs from other birds in shell,
fresh, n.e.c.

Eggs, dried

Eggs, liquid

Fish

Freshwater Fish
Demersal Fish
Pelagic Fish
Marine Fish, Other

All items in FishStat under SITC
codes 34 (Fish, fresh (live or
dead), chilled or frozen), 35 (Fish,
dried, salted or in brine; smoked
fish), 37 (Fish, aqua.
invertebrates, prepared, preserved,
n.e.s.)

Crustaceans

Crustaceans
Cephalopods
Molluscs, Other

All items in FishStat under SITC
code 36 (Crustaceans, mollusks
and aquatic invertebrates)
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Table C.7: Mapping of countries to geographic regions (restricted to countries with available product or LCA data)

Country

Intermediate Region Name

Sub-region Name

Region Name

Algeria

Egypt

Morocco

Tunisia

Northern Africa

Kenya

Mauritius

Reunion

Uganda

Eastern Africa

Cameroon

Middle Africa

South Africa

Southern Africa

Benin

Ghana

Ivory Coast

Western Africa

Sub-Saharan Africa

Africa

Cuba

Guadeloupe

Martinique

Puerto Rico

Caribbean

Costa Rica

Mexico

Nicaragua

Panama

Central America

Argentina

Bolivia

Brazil

Chile

Colombia

Ecuador

Peru

Venezuela

South America

Latin America and the Caribbean

Canada

United States

Northern America

Americas

China

Hong Kong

Japan

South Korea

Eastern Asia

Indonesia

Malaysia

Philippines

Singapore

Thailand

Vietnam

South-eastern Asia

Bangladesh

India

Iran

Southern Asia

Asia
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Table C.7: Mapping of countries to geographic regions (restricted to countries with available product or LCA data)
(Continued)

Nepal

Cyprus

Iraq

Israel

Kuwait

Lebanon Western Asia
Qatar

Saudi Arabia

Turkey

United Arab Emirates

Bulgaria

Czech Republic

Hungary
Poland

Eastern Europe

Romania

Russia

Slovakia

Ukraine

Denmark

Estonia

Finland

Ireland

Latvia Northern Europe

Lithuania

Norway
Europe

Sweden

United Kingdom

Croatia

Greece

Italy
Southern Europe

Portugal

Slovenia

Spain

Austria

Belgium

France

Germany Western Europe

Luxembourg

Netherlands

Switzerland

Australia

New Zealand

Australia and New Zealand

Oceania

New Caledonia Melanesia

French Polynesia Polynesia
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Table C.8: Aggregate categories used for analyzing and visualizing estimated environmental impacts

Parent category Subcategory Aggregated category Aggregated group
Cereals and Cereal Pizza Pizza

Products

Cereals and Cereal Pasta Pasta

Products

Cereals and Cereal Rice Rice

Products

Cereals and Cereal
Products

Other cereals

Other cereals

Cereals and Cereal
Products

Brown, granary and wheatgerm
bread

Cereals and Cereal
Products

Other bread

Cereals and Cereal
Products

White bread (not high fibre, not
multiseed bread)

Cereals and Cereal
Products

Wholemeal bread

Bread

Cereals and Cereal
Products

High fibre breakfast cereals

Cereals and Cereal
Products

Other breakfast cereals (not high
fibre)

Breakfast cereals

Cereals and Cereal
Products

Biscuits

Biscuits

Cereals and Cereal
Products

Buns cakes and pastries

Cereals and Cereal
Products

Fruit pies

Cereals and Cereal
Products

Cereal based milk puddings

Cereals and Cereal
Products

Other cereal based puddings

Cereals and Cereal
Products

Sponge puddings

Cakes, pastries and
puddings

Cereals and Cereal
Products

Fruit Apples and pears not canned
Fruit Bananas

Fruit Canned fruit in juice

Fruit Canned fruit in syrup

Fruit Citrus fruit not canned

Fruit Other fruit not canned

Fresh or canned fruit

Vegetables, Potatoes

Carrots

Vegetables, Potatoes

Green beans

Vegetables, Potatoes

Leafy green vegetables

Vegetables, Potatoes

Other vegetables

Vegetables, Potatoes

Peas

Vegetables, Potatoes

Tomatoes

Vegetables, Potatoes

Other vegetable products and
dishes

Vegetables and vegetable
dishes

Vegetables, Potatoes

Chips purchased including
takeaway

Vegetables, Potatoes

Other fried/roast/baked potatoes

Vegetables, Potatoes

Other potato products and dishes

Potato products and dishes

Vegetables, Potatoes

Baked beans

Vegetables, Potatoes

Beans and pulses (including ready
meal homemade dishes)

Beans and pulses

Nuts and Seeds

Nuts and Seeds

Nuts and seeds

Fruits, Vegetables, and
Nuts

Milk and Milk 1% Milk
Products

Milk and Milk Infant formula
Products

Milk and Milk Other milk
Products
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Table C.8: Aggregate categories used for analyzing and visualizing estimated environmental impacts (Continued)

Milk and Milk

Semi-skimmed milk

Products

Milk and Milk Skimmed milk

Products

Milk and Milk Whole milk

Products

Milk and Milk Cheddar cheese

Products

Milk and Milk Cottage cheese

Products

Milk and Milk Other cheese

Products

Fat Spreads Butter

Fat Spreads Low fat spread not
polyunsaturated

Fat Spreads

Polyunsaturated low fat spread

Fat Spreads

Block margarine

Fat Spreads

Soft margarine not
polyunsaturated

Fat Spreads

Polyunsaturated margarine

Fat Spreads

Reduced fat spread (not
polyunsaturated)

Fat Spreads

Reduced fat spread
(polyunsaturated)

Milk and Milk

Cream (including imitation

Products cream)

Milk and Milk Yogurt

Products

Milk and Milk Ice cream

Products

Milk and Milk Fromage frais and other dairy
Products desserts

Dairy products and dairy
alternatives

Eggs and Egg Dishes

Manufactured egg products
including ready meals

Eggs and Egg Dishes Other eggs and egg dishes Eges
including homemade

Fish and Fish Dishes Oily fish

Fish and Fish Dishes Canned tuna

Fish and Fish Dishes | Other white fish Seafood

Fish and Fish Dishes

White fish coated or fried

Fish and Fish Dishes

Shellfish

Meat and Meat

Other chicken and turkey

Products

Meat and Meat Manufactured coated

Products chicken/turkey products Poultry and pig meat
Meat and Meat Bacon and ham

Products

Meat and Meat Pork

Products

Meat and Meat Beef and veal

Products

Meat and Meat Lamb Beef and lamb
Products

Meat and Meat Burgers and kebabs purchased

Products Sausages, burgers and
Meat and Meat Sausages kebabs

Products

Meat and Meat Meat pies and pastries Meat dishes
Products

Meat, Dairy, and Eggs

173




C. Supplementary Material for “The Environmental Footprint of Retail Foods at
Scale: A Multi-Country Analysis”

Table C.8: Aggregate categories used for analyzing and visualizing estimated environmental impacts (Continued)

Meat and Meat
Products

Liver and dishes

Meat and Meat
Products

Other meat products

Liver and other meat
products

Vegetables, Potatoes

Meat alternatives (including ready
meals and homemade dishes)

Meat alternatives

Artificial Sweeteners

Artificial Sweeteners

Sugar, Preserves and Preserves
Confectionery S d
Sugar, Preserves and Sugar ugar, preserves, an
. spreads

Confectionery Sugar and
Sugar, Preserves and Sweet spreads fillings and icing Confectionery
Confectionery
Sugar, Preserves and Sugar confectionery Sugar confectionery
Confectionery
Sugar, Preserves and Chocolate confectionery Chocolate confectionery
Confectionery
Non-Alcoholic Fruit juice Fruit juice
Beverages
Non-Alcoholic Smoothies Smoothies
Beverages
Non-Alcoholic Soft drinks low calorie carbonated
Beverages
Non-Alcoholic Soft drinks low calorie
Beverages concentrated
Non-Alcoholic Soft drinks low calorie, ready to
Beverages drink, still
Non-Alcoholi Soft drink: t 1 lori

on-Alcoholic oft drinks not low calorie Water and soft drinks
Beverages carbonated Non-Alcoholic
Non-Alcoholic Soft drinks not low calorie Beverages
Beverages concentrated
Non-Alcoholic Soft drinks not low calorie, ready
Beverages to drink, still
Non-Alcoholic Bottled water still or carbonated
Beverages
Non-Alcoholic Coffee (made up weight) Coffee
Beverages
Non-Alcoholic Herbal tea (made up)
Beverages

- Tea

Non-Alcoholic Tea (made up)
Beverages
Miscellaneous Beverages dry weight Beverages dry weight

Fat Spreads

Other cooking fats and oils not
polyunsaturated

Fat Spreads

Polyunsaturated oils

Cooking fats and oils

Miscellaneous

Savoury sauces pickles gravies
condiments

Sauces and condiments

Savoury Snacks

Savoury Snacks

Savoury snacks

Commercial Toddlers
Foods and Drinks

Commercial Toddlers Foods and
Drinks

Miscellaneous

Soup

Soup and toddler foods

Dietary Supplements

Dietary Supplements

Miscellaneous

Nutrition powders and drinks

Nutrition powders and
supplements

Miscellaneous Items
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Table C.9: Pairwise correlations between different environmental indicators

Metric 1 Metric 2 Correlation
GHG emissions  0.62
Biodiversity loss 0.71
Eutrophication  0.80
Water stress 0.24
Biodiversity loss 0.52
GHG emissions  Eutrophication  0.45

Land use

Water stress 0.31

o . Eutrophication  0.63
Biodiversity loss Water stress 0.10
Eutrophication = Water stress 0.18
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Table C.10: Pairwise correlations between impacts computed with vs without accounting
for ingredient sourcing.

Correlation
Food Group  Food Category Land use GHG Biodiversity Eutrophi- Water Composite
emissions loss cation stress
Pizza 0.77 0.93 0.52 0.72 0.81 0.89
Pasta 0.72 0.93 0.59 0.65 0.75 0.82
Cereals and Rice 0.89 0.75 0.74 0.59 0.53 0.58
Coreal Other cereals 0.76 0.84 0.63 0.66 0.77 0.79
Products Bread 0.77 0.94 0.56 0.76 0.74 0.83
Breakfast cereals 0.91 0.61 0.60 0.80 0.86 0.83
Biscuits 0.98 0.54 0.67 0.88 0.91 0.83
Cakes, pastries and 0.98 0.66 0.67 0.89 0.93 0.85
puddings
Fresh or canned 0.95 0.97 0.56 0.89 0.93 0.93
Fruits, fruit
Vegetables, Vegetables and ve- 0.84 0.92 0.69 0.79 0.77 0.79
and Nuts getable dishes
Potato  products 0.92 0.92 0.61 0.81 0.76 0.86
and dishes
Beans and pulses 0.71 0.82 0.33 0.69 0.78 0.67
Nuts and seeds 0.94 0.42 0.44 0.66 0.97 0.97
Dairy products 0.85 0.93 0.58 0.86 0.91 0.96
Eggs 0.79 0.76 0.69 0.84 0.68 0.71
Seafood 0.73 0.87 0.68 0.71 0.91 0.90
Poultry and pig 0.75 0.96 0.61 0.67 0.73 0.84
Meat, Dairy,  meat
and Eggs Beef and lamb 0.27 0.56 -0.18 0.19 0.89 0.10
Sausages, burgers 0.59 0.84 0.52 0.72 0.73 0.69
and kebabs
Meat dishes 0.65 0.85 0.44 0.63 0.77 0.71
Liver and other 0.67 0.84 0.21 0.47 0.74 0.66
meat products
Meat alternatives 0.78 0.92 0.61 0.88 0.84 0.84
Dairy alternatives  0.97 0.48 0.50 0.92 0.99 0.96
Sugar, preserves, 0.94 0.78 0.65 0.81 0.96 0.90
Sugar and
Confectionery and spreads
Sugar confectionery 0.95 0.57 0.73 0.80 0.93 0.80
Chocolate 0.99 0.34 0.53 0.94 0.96 0.64
confectionery
Fruit juice 0.89 0.98 0.56 0.94 0.80 0.85
Non- Smoothies - 0.92 0.94 0.59 0.92 0.96 0.93
. Water and soft 0.98 0.85 0.73 0.90 0.90 0.89
Alcoholic .
Beverages drinks
Coffee 0.97 0.93 0.91 0.97 0.95 0.93
Tea 0.99 0.99 0.98 0.99 0.87 0.99
Beverages dry 0.98 0.26 0.37 0.93 0.99 0.53
weight
Cooking fats and 0.94 0.96 0.84 0.62 0.92 0.92
Miscellaneous oils
Sauces and condi- 0.69 0.91 0.58 0.75 0.84 0.83
Items
ments
Savoury snacks 0.84 0.95 0.58 0.87 0.67 0.85
Soup and toddler 0.64 0.91 0.43 0.62 0.83 0.80
foods
Nutrition powders 0.87 0.83 0.59 0.62 0.93 0.85
and supplements
Overall 0.70 0.83 0.57 0.66 0.91 0.80
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C.3 Supplementary Methods
C.3.1 Description and Processing of Food Data

Data for retail food products used in this research came from two sources — foodDB
(Harrington et al., 2019) and Open Food Facts (homepage). foodDB is a web
tool that collects data for food products from food retailer’s websites. We used
an extract of 262,711 products from 9 food retailers based in the UK and Ireland.
About 36,000 of these products did not have any listed ingredients — these products
were retained during training of the product categorization models (to increase the
representativeness of the training data), but they were dropped before estimating
product composition and impacts. From the remaining products, about 5,000
products identified as Alcoholic Beverages and Non-Food were dropped. Another
~10,000 products were removed as their ingredient information only contained
allergen advice or other labels, leaving about 212,000 products. Our composition
algorithm then excluded ~36,000 products where it could not reliably identify at
least 75% of the composition. We further removed ~72,000 products with duplicated
names’, resulting in 104,250 foodDB products.

Open Food Facts is a publicly available dataset, which relies on crowdsourcing
to collect information about food products available around the world. We used an
extract of over 3 million products from Open Food Facts. Dropping countries with
fewer than 1,000 unique products left around 2.5 million products, and filtering out
products with no listed ingredients resulted in 961,989 products, for which product
categories were predicted. About 550,000 of these products were in languages other
than English — the non-English products were first identified using the ‘langdetect’
module on Python (which is based on Google’s language detection), and then
translated using Python’s ‘googletrans’ library (which uses the Google Translate
APT). These language detection and translation libraries are not 100% accurate,

but these tools gave us satisfactory results in terms of speed and accuracy, and any

mpact estimates for products with duplicated names were highly correlated (across both
foodDB and Open Food Facts). Correlations for the different environmental metrics were as
follows — Land use (0.90), GHG emissions (0.93), Eutrophication (0.87), Biodiversity loss (0.90),
Water stress (0.91).
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inaccuracies were filtered out in the subsequent steps used to clean ingredient strings
and to estimate product composition. After categorizing these products, removing
Alcoholic Beverages and Non-Food items leaves about 932,000 products. We could
not use all these products as the ingredient lists could not be cleaned or formatted
into the desired pattern for many products. It was important to bring the ingredient
lists into a format that could be parsed by the algorithm that estimates composition.
We used the ‘regex’ library to clean and format ingredient strings as best as possible,
and removed products which could not be cleaned, leaving about 642,000 products.
Of these, removing products for which the composition algorithm was able to
identify less than 75% of the composition (~150,000), and ~106,000 products with
duplicated product names, left 385,419 products from Open Food Facts.

Out of 489,669 products from the two databases, we dropped ~6,000 products
for which all five environmental indicators (land use, greenhouse gas emissions,
biodiversity loss, eutrophication, and water stress) were estimated as 0. This
occurred when products consisted only of zero-impact ingredients (e.g., salt or
water) or when all their ingredients lacked environmental estimates (e.g., vitamins,
minerals, certain food additives). We then removed approximately 8,000 products
from the analysis, based on manual checks of estimated composition, for example,
if products were classified into categories for seafood, but they had no relevant
ingredients identified as such. This resulted in a total of 474,955 products spanning
74 countries, used for comparative analyses of environmental impacts across food

types and geographies.

C.3.2 Categorization of Food Products

While both foodDB and Open Food Facts contain some information about categoriz-
ations, the categories are not uniform across the two datasets, countries, and stores.
It is important to categorize food products as the algorithm to estimate composition
relies on the products being sorted into a set of food categories consistent across

datasets, countries, and stores.
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Manual categorization of food products can be extremely challenging and time
consuming. Hence, we developed a machine learning pipeline to automate the
categorization of food products. We chose the categories provided by the UK
National Diet and Nutrition Survey (NDNS) to sort products into. The primary
reason for this choice was the availability of ~60,000 products sorted into these
categories, which could be used as labels for training the machine learning model(s).
These labels came from a few different sources: i) almost 20,000 of these were
obtained using fuzzy matching, ii) almost 40,000 were obtained with the help of
Chat GPTs API in combination with manual verification, iii) a few hundred were
labelled manually by researchers (IKennedy et al., 2025). Note that these labels
could be inaccurate at times, as it wasn’t possible to manually verified all labels
assigned using fuzzy matching or Chat GPT.

Supplementary Table C.1 shows the categories provided by NDNS. Some
categories were modified for relevance and to remove redundancies. A category for
‘Not food” was added to identify and filter out non-food products from the food
product datasets. Overall, there are 18 parent categories, 53 main categories,
and 104 subcategories.

Machine learning models were trained to predict categories based on product
descriptions, i.e. product names and the listed ingredients. These product names
and listed ingredients were first converted into features using the Sentence-BERT
(SBERT) model, specifically the all-mnet-base-v2 variant (Reimers & Gurevych,
2019). This approach has been validated in previous work classifying food products
in Canadian supermarkets (Hu et al., 2023). SBERT is a modification of the
Bidirectional Encoder Representations from Transformers (BERT) framework,
designed to generate semantically meaningful sentence embeddings while maintaining
computational efficiency. SBERT employs a Siamese network architecture to produce
fixed-length sentence embeddings that enables direct comparison between sentence
vectors. The pre-trained all-mpnet-base-v2 model was readily available for use with
the Sentence Transformers module on Python. This model was trained on more

than 1 billion training pairs and can be leveraged without extensive domain-specific

179



C. Supplementary Material for “The Environmental Footprint of Retail Foods at
Scale: A Multi-Country Analysis”

fine-tuning. Prior to embedding extraction, the product names and ingredients
were converted to lower case and concatenated. The merged string was then fed
into the SBERT encoder, yielding 768-dimensional dense vectors that encapsulate
the contextual information for each product.

We first focused on categorizing all data in foodDB, with a very high degree of
accuracy. This involved an iterative process of training machine learning models,
predicting on unlabeled data, and refining labelled data to then train better models
(see flowchart in Supplementary Figure C.1). A parent model was used to classify
products into parent categories, and sub models were used to further classify
products in each parent category into subcategories. This was done to make the
classification task easier for the models — instead of classifying products into 104
subcategories with a single model, we divide the task between 12 models, with
each model classifying products into at most 18 classes at a time. Products sorted
into the following parent categories were not subdivided further — savoury snacks,
nuts and seeds, alcoholic beverages, commercial toddlers foods and drinks, dietary
supplements, artificial supplements, and not food. Main categories were imputed
based on the predicted subcategories.

The model at the parent category level was first refined through several iterations
(Supplementary Figure C.1). After each round of training, predictions were manually
verified by sampling 100 products randomly from the entire dataset and from subsets
of products allotted to each parent category. These sampled products could contain
both labelled and unlabeled data, which helps assess performance on unlabeled
products too. Products that were misclassified were used to add similar products to
the training dataset and to correct any incorrect labels (if present) might be causing
the misclassification. Once, we had reached a satisfactory level of confidence in
the performance of the parent category classification model, we moved on to the
subcategory level models. This choice was not based on model performance on the
training data (that remained stable throughout the iterations), but on the quality

of predictions on the randomly sampled data used for manual evaluation.
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A similar process was followed for each subcategory to refine the quality of labels
and hence the trained models. The manual evaluations at the subcategory level
modelling were also used to make corrections at the parent category level, when
products were incorrectly classified into the wrong parent category. Hence, after
several iterations for subcategory level classification model for each parent category,
a few rounds of corrections were done on the parent category level. Note, that
no model retraining at the parent category was performed at this stage. Instead,
products that were still systematically misclassified were manually corrected. Again,
once a satisfactory level of performance was observed on the randomly sampled
products at both parent category and subcategory levels, we stopped the iterative
process of prediction correction and model refinement.

Random Forest classifiers were used for each classification task. The performance
on labelled data was comparable across classification models such as random
forest, LDA (linear discriminant analysis), and KNN (k-nearest neighbors), but
random forest models did better at predicting categories for the non-labelled
products. Supplementary Figure C.2 shows a visual representation of the product
categorizations. Each point corresponds to a specific food product, and the colors
are based on assigned categories. The figure shows distinct clusters where products
of the same category are grouped closely together, indicating strong similarities
in their feature representations. Areas where different colors overlap may indicate
categories with overlapping characteristics.

Supplementary Table C.2 reports the performance metrics of the classification
models at the end of all iterations. Hyperparameters of the Random Forest models
are also provided in the table. An 80-20 train-test split was used across all
classification tasks. The number of products used for training came out to be
higher than the original number of available labels due to the addition of labels
manually during the iterations. Note that the labels themselves can occasionally
be incorrect (despite the many iterations), meaning that performance metrics

can be marginally better or worse than those reported here. We report three
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performance metrics for both training and testing sets to comprehensively assess

model effectiveness and to minimize the risks of overfitting and underfitting:

1. Accuracy measures the fraction of correct predictions out of all predictions

made.

2. Balanced accuracy calculates the average recall obtained across all classes,

giving equal weight to each class.

3. Weighted F1-score computes the harmonic mean of precision and recall for

each class, weighted by the number of true instances in each class.

Precision, for any given class, measures the ratio of correctly predicted positive
observations to the total predicted positives. And recall measures the ratio of
correctly predicted positive observations to all actual positive instances.

It is important to note, that the reported performance metrics did not vary
significantly throughout the multiple iterations, as the models consistently performed
well on the labelled data — on both train and test sets. The primary purpose of
the iterations was to enhance performance on the unlabelled data, though this
improvement could only be assessed manually and, therefore, cannot be reported
quantitatively. Initially, without iterations (e.g., adding labels or correcting parent
categories), we observed systematic biases in predictions — for instance, brown
bread being classified as white bread or spices like turmeric being misclassified into
vegetable categories instead of miscellaneous ones. While accuracy on the unlabelled
data initially ranged between 70-80% across categorization tasks, iterations raised
it to 85-95%. More importantly, precision (assessed by manually sampling products
assigned to each class), which was initially below 60% for certain parent or
subcategories, improved significantly after iterations, reaching closer to 90%.

Deep learning models were not utilized so far in the categorization process due
to their complexity and the extensive hyperparameter tuning they require compared
to simpler classification models. The classification of foodDB products was highly

iterative and manual, prompting us to adopt simpler machine learning approaches.
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However, once we achieved a satisfactory level of accuracy in categorizing the foodDB
products, we had developed a large, high-quality labelled training dataset. This
dataset enabled us to leverage deep learning models effectively. In the next phase of
the categorization process, we trained deep learning models on the entire foodDB
dataset of 262,711 products to categorize the Open Food Facts food products. These
models needed to be trained only once, as the extensive and high-quality labelled
dataset ensured robust performance without requiring further iterative refinement.

Supplementary Table C.3 presents the hyperparameters used in the deep learning
classification models and their performance metrics, evaluated using an 80-20
train-test split. These trained models were subsequently applied to categorize
the products in the Open Food Facts dataset. Supplementary Table C.4 shows
products sourced from foodDB (262,711) and Open Food Facts (961,989), classified

into 104 subcategories.

C.3.3 Algorithm to estimate composition of products

We follow the same methodology for estimating composition of products as described
by Clark et al. (2022), with a few additional steps to expand the geographic focus of
the algorithm to outside the United Kingdom. First, the raw ingredient texts strings
underwent extensive cleaning to remove extraneous information. Specifically, any
text related to allergen warnings or ingredient sourcing details, such as indications for
organic production or fair-trade certification, was removed. This ensured that only
the pertinent ingredient information remained for subsequent parsing and analysis.
This level of cleaning was sufficient for the data from foodDB, however the data
from Open Food Facts was much messier. The ingredient lists in foodDB followed
a fixed format, i.e. ingredients were separated by commas, with a percentage, if
available, provided in brackets after ingredient name. If an ingredient contains sub-
ingredient lists, those follow the same format as the ingredient lists and are placed
inside a pair of brackets after the ingredient name and corresponding percentage
(if available). This consistent format is crucial for accurate parsing of information

provided in back-of-backage ingredient lists.
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Open Food Facts text was not always in the same format — i) the order of
ingredient names, corresponding percentages, and sub-ingredient list was not always
consistent, ii) the lists sometimes used a punctuation mark other than a comma
to separate ingredients, iii) some stray non-English words not translated by the
translation algorithm were sometimes present in the lists, iv) cooking instructions
and several other kinds of information were sometimes concatenated with ingredient
lists, v) there were special characters, vi) and incorrect parentheses, vii) and several
other formats for allergen warnings, sourcing information, organic labels etc. After
some basic cleaning that removed special characters, replaced parentheses, removed
different formats of labels, we first identified Open Food Facts products that only
contained the types of characters present in foodDB, i.e. alphabets, numbers,
percentage signs, parentheses, commas, decimal points. For these products, we
performed further cleaning, and then ensured that they were brought into the
desired structure. For all other products, we filtered products that only contained a
hyphen or a colon in addition to foodDB characters. After removing these undesired
characters, we then performed the same cleaning as before to bring these into the
desired format. We also identified some non-English words and translated them
manually. Finally, products that were too dirty, i.e. they contained too many
undesired characters, and followed completely different structures were dropped
from the analysis (~30% of products), to avoid introducing noise into our results.

Once the data were cleaned, the next major step was to parse the ingredient
lists into their individual components. Each product’s ingredient text, originally
provided as a single string, was systematically split into discrete ingredients using
delimiters such as commas and semi-colons. Moreover, the method was designed to
handle compound ingredients that included embedded lists; for example, a fortified
wheat flour entry might include additional ingredients listed in parentheses. These
embedded lists were extracted separately, and a hierarchical labelling system was
employed (e.g., V1 for the first ingredient, V2 for the second ingredient, and V2.1
for the first ingredient within an embedded list under the second ingredient). This

structured labelling ensured that both the order and the nested relationships among

184



C. Supplementary Material for “The Environmental Footprint of Retail Foods at
Scale: A Multi-Country Analysis”

ingredients were preserved, which is critical for subsequent estimation procedures
that rely on ingredient positioning.

For ingredients with explicit percent composition information provided on the
package, the extraction process utilized regular expressions to detect numerical
percentages. Specifically, patterns such as [0-9/{1,3}(\s)?% or [0-9]{1,3}(\.)]0-
9/{1,2}(\s)?% were used to extract the percentage values from the text. In instances
where multiple percentages were identified for a single ingredient, a series of logical
criteria was applied to determine the most appropriate value. These criteria ensured
that the percent composition for any ingredient did not exceed the theoretical
maximum based on its position in the list, maintained the expected descending
order of ingredients, and did not cause the sum of all ingredient percentages to exceed
100%. This methodological approach provided a reliable baseline for ingredients with
provided composition data, setting a benchmark for the estimation of missing values.

To estimate ingredient composition when unknown, ingredients were first mapped
to a set of 110 agricultural commodities observed in the environmental datasets.
This mapping also enabled integration of product composition, once estimated,
with the environmental data. A three-step sorting process was employed to map
ingredients to agricultural commodities, based on tailored search terms for each
commodity. First, the search terms were used to count how many times each
ingredient could potentially match each commodity, without yet mapping it to
a specific commodity. Next, ingredients were assigned to the commodity with
the fewest matches, thus favouring less common but more specific commodity
categories. Finally, ingredients were further classified into sub-categories using
additional search terms. After completing these steps, ingredients identified as
water and salt were mapped to one of these commodities, only if they had not
already been sorted into any of the other commodity categories. The tailored
search terms and their mappings to environmental-database commodities were the
same as those used in Clark et al. (2022).

For ingredients without explicitly reported percent composition, values were

estimated using prior knowledge from similar products and known ingredient pro-

185



C. Supplementary Material for “The Environmental Footprint of Retail Foods at
Scale: A Multi-Country Analysis”

portions, informed by product categorization into parent, main, and subcategories.
Similar products were defined as those belonging to the same geographic cluster
and hierarchical category. To improve comparability, countries with similar food
cultures were grouped into geographic clusters (Supplementary Table C.5) so
that products within the same category were more likely to share composition
patterns. Missing percent composition was then estimated based on the average
proportion of that ingredient when appearing in the same position within the
ingredient list of other products in the same sub-category, main category, or parent
category, in that order of preference, within the relevant country group. If the same
ingredient did not occur in the same position within those categories, the average
proportion of the nth ingredient from similar products in the same hierarchical group
was used instead. When these methods were insufficient, additional techniques
such as linear interpolation between known values were applied. For ingredients
appearing within embedded lists, estimated proportions were adjusted by multiplying
the parent ingredient’s estimated percentage by the relative proportion of the
embedded ingredient.

The final step in the process involved a series of iterative logic checks designed
to ensure that all estimated values were plausible and internally consistent. These
checks enforced that the ingredient percentages adhered to the expected ordering
(where each ingredient’s composition should be equal to or greater than that of any
subsequent ingredient), that no single ingredient exceeded the theoretical maximum
based on its position, and that the total composition of all ingredients summed
precisely to 100%. In cases where certain ingredients’ estimates could not be refined
further, such as when an ingredient’s percentage matched that of its neighbour,
the algorithm anchored those values to avoid implausible outcomes like negative
percentages or overestimation of the final ingredient’s contribution.

Throughout this process, robust quality control measures were implemented
to maintain the integrity of the analysis. Only products in which at least 75%
of the total mass could be accurately recognized and sorted into predefined food

categories were included in the final dataset. This ensured that the conclusions
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drawn from the analysis were based on high-quality, well-categorized data. We
estimated compositions for roughly 4.81 million of the 5.21 million ingredient entries
— covering about 80% of the total ingredient mass in our dataset of 474,955 products.
See Supplementary Figure C.3 for the distribution of ingredient counts by food
group and geography. For further technical details and nuances of the methodology,

please refer to the published work by Clark et al. (2022).

C.3.4 Estimation of product-level environmental impacts

We employed the approach used by Clark et al. (2022) to estimate environmental
impacts, with one important modification — the environmental datasets were paired
with country level bilateral trade flow data to account for ingredient sourcing.
The environmental data in this analysis were derived primarily from a meta-
analysis of life cycle assessments (LCAs) provided by Poore and Nemecek (2018),
which cover over 40,000 food production systems. Because the primary LCA data-
base contained limited information on capture fisheries, data from the Blue Foods
Assessment were incorporated to better represent seafood production (Gephart
et al., 2021). The commodities from these environmental databases were condensed
into 110 categories, which were the ones all ingredients were sorted into previously
while estimating ingredient composition. We condensed the production systems into
categories, such that every category had at least 5 unique observations. Commodities
with fewer than 5 unique observations were grouped together to create a larger
category, such as ‘Other Fruits. When possible, we paired organic ingredients
and organic products with organic life cycle estimates, but only when at least 5
observations of production systems for that ingredient were available. If there were
fewer than 5 organic observations for that ingredient, we instead randomly sampled
across all production systems during the Monte Carlo analysis (described below).
Trade flow data was obtained from FAOSTAT (FAO. 2023) and FishStat (FAO.
2024b).  We used national-level production and bilateral trade data from the
FAQO. Trade flows were obtained for each food category of interest, as given in the

environmental databases. The national-scale data from the FAO requires some
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pre-processing to address the following discrepancies — i) the trade volumes reported
by the importing countries did not always match those reported by the exporting
countries, and ii) the total reported exports from some countries exceeded the
volumes produced and imported together, because of misreported transactions or
countries reporting re-exported imports as their exports. Discrepancies between the
volume of trade reported by the importer and exporter are resolved using a reliability
index approach similar to the one outlined by Gehlhar (1996). Furthermore, to
resolve the second issue, a re-export algorithm proposed by Croft et al. (2018)
is used to obtain ‘flows’ — the algorithm ensures that the total exports from a
country never exceed its production and total imports; and it also links the source
of production with the destination of import. For the fisheries data, only the
second step was employed, and the imports were used directly without applying the
reliability index approach (as FishStat reports exports and re-exports separately,
which are not directly comparable with imports). We used data over a few years
to remove any year-on-year noise from the data. We averaged the FAOSTAT data
over 2017-2021 and the FishStat data over 2019-2022. These were the latest years
available at the time of accessing these data.

Supplementary Table C.6 lists the FAO commodities mapped to each LCA
category. We matched trade data at the top LCA category level because many
fine subcategories were not distinguished in FAO data (e.g., red vs white wine;
types of wheat), or were sparsely represented in the LCA dataset (e.g., chickpeas).
Aggregating at the top level provided cleaner, more consistent trade weights.
Production and trade data for all commodities (except fisheries) were sourced
from FAOSTAT’s Production and Detailed Trade Matrix datasets. For fisheries, we
sourced production figures from FAOSTAT Food Balance Sheets and trade volumes
from FishStat. For each produced commodity and year, we implemented the two
preprocessing steps, i.e., reconciling import-export discrepancies and then correcting
any negative consumption from re-exports. For each produced commodity, such
as wheat, we aggregate trade data for both its unprocessed and processed forms

(e.g., wheat grain, wheat germ, and wheat and meslin flour). For fisheries, we
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split the production and trade data into two groups — Fish and Crustaceans — and
aggregated production and trade within each group. Finally, we sum the resolved
data for all FAO commodities in each LCA category by year, then average those
annual totals across all years. Note that some miscellaneous cereal and oil crops
are included in the Wheat and Rye (Bread) LCA category — this is because their
LCA values are calculated by scaling Wheat and Rye (Bread) LCA data using
predefined ratios (Clark et al.; 2022; Poore & Nemecek, 2018). Similarly, LCA
values for animal fats, certain cheese types, and some other categories are derived
from other LCA categories using predefined ratios (e.g., pig meat, cheese) and are
therefore not mapped separately to FAO commodities.

For most processed commodities that are traded, we assume that the main
products and their by-products balance each other — so no conversion factors are
applied, e.g. wheat germ and flour, cheese and whey, soybean oil and cake. For
certain traded items, however, we apply conversion factors to align them with their
produced counterparts. For example, dry cassava, cassava flour, cassava starch and
tapioca are converted to fresh cassava using factors of 2.5, 4, 5, and 5, respectively
(Chisenga et al., 2019; Elisabeth et al., 2022; Mejia-Agtiero et al., 2012), and potato
tapioca is converted to fresh potato with a factor of 5 (Robertson et al., 2018). We
also derived global average conversion factors for oils and sugars (excluding soybean
oil, since its cake by-product is also traded, which offsets the oil conversion) using
FAOSTAT Food Balance Sheets (FBS) and Supply Utilization Accounts (SUA).
For each oil, the factor equals the ratio of global oil + cake supply to oil supply (as
given by SUA). For sugars, it is the ratio of globally processed sugar crops to total
supply of sugars and sweeteners (as given by FAO Food Balance Sheets).

Finally, to avoid double counting across overlapping LCA categories, we used
FAOSTAT Supply Utilization Accounts (SUA) to split production and trade between
processed and unprocessed products for the following commodities — olives, coconuts,
groundnuts, linseed, hempseed, sunflower seed, safflower seed, sesame seed, soya
beans, and milk. For each producing country, we calculated the share of each

commodity processed into oil or cheese and applied those shares to the country’s
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production and exports. The processed shares became the volumes for products
such as soybean oil or cheese, and the remainder represented the unprocessed
commodity (e.g., soybeans or milk). We did not perform this split for soybeans
versus tofu or for beef from beef versus dairy herds, since FAOSTAT lacks distinct
identifiers for those pairs. Instead, we used the same country-level production and
trade data to identify sourcing for soybeans and tofu, and for beef from beef and
dairy herds, assuming comparable sourcing patterns. Finally, because FAOSTAT
trade data does not distinguish between raw and refined sugar from sugar cane vs
sugar beet, we split raw and refined sugar exports in proportion to each country’s
sugar cane and sugar beet production.

For each country, we used the trade flow data to estimate the share of each
ingredient, i.e., LCA food category, sourced from every origin country. Then,
for each source country, we reweighted its LCA production systems so that their
total matches that country’s sourcing share, while preserving the systems’ relative
proportions in global production. For example, if Country A sources 50% of an
ingredient from Country B, and Country B has three production systems with global
shares of 10%, 8%, and 7%, we scaled those to 20%, 16%, and 14% for Country A’s
consumption. When no LCA data was available for a given ingredient in a source
country (e.g. Brazil), we used other data in its place, in this order: the country’s
intermediate geographic region (South America), its sub-region (Latin America), its
broader region (Americas), and finally global production systems. Supplementary
Table C.7 shows this mapping from countries to geographic regions. Finally, if
reweighting by all source countries left us with fewer than five production-system
entries for any ingredient, we reverted to the original global-weighted data to avoid
introducing bias. This procedure produced environmental datasets specific to each
country, that accurately reflect each ingredient’s true sourcing profile.

To estimate the environmental impact of each food product, the composition
estimates were then integrated with production system-level environmental per-
formance data via a Monte Carlo analysis. In this analysis, for each commodity,

production system data were randomly selected — with the selections weighted
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by the production systems’ weights as determined using the trade flows data
earlier. This process was repeated 3,000 times to generate mean impact estimates,
variance, and range for five environmental indicators: greenhouse gas emissions,
land use, scarcity weighted water use, eutrophication potential, and biodiversity
loss. For seafood products, a 50:50 split between capture fisheries and aquaculture
systems was assumed, with slight variations between fish types, to reflect FAO
estimates (FAO, 2020).

Ingredient-level shares of each product’s impact were computed by pooling
across the 3,000 Monte Carlo draws. For each indicator, we summed each ingredi-
ent’s impact over all draws and divided by the summed product-level total. For
interpretability, shares were calculated for 55 top-level LCA commodity categories
rather than the finer set of 110 commodities.

Additionally, another set of impacts were computed, without taking ingredient
sourcing into account, to help assess the influence of ingredient sourcing on product
impacts. These calculations were also performed using a Monte Carlo analysis,
but for these calculations, the environmental data was not weighted by ingredient
sourcing, but rather based on the production systems’ share in global production.

Each environmental indicator was then scaled from 0 (no impact) to 100 (highest
observed impact across all products), and these scaled scores were averaged to create
a composite environmental impact score for each product. This composite score was
further normalized so that all products could be directly compared on a 0-100 scale.
For the sourcing-agnostic analysis, indicators and scores were normalized using the
minimum and maximum values from the sourcing-informed results. Consequently,
the lowest and highest composite scores of the sourcing-agnostic impacts could
mathematically be different from 0 and 100.

For further details on the specific search terms used or the Monte Carlo analysis,

please refer to the original published work by Clark et al. (2022).
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C.3.5 Reliability index approach

The reliability index approach outlined by (Gehlhar, 1996) is used to resolve
discrepancies between the volume of trade reported by the importer and exporter
in the bilateral trade dataset. An accuracy level (Supplementary Equation (.3.5.1)
is computed for each bilateral trading pair, and this captures the quality of match
between the importer and exporter reported quantities. The value of AL should
be closer to 0 for the match to be more accurate, and a threshold of 0.2 is used
to separate accurate from non-accurate matches, i.e. a match is accurate only if
the difference between the reported imports and exports is less than 20%. Then,
for each country, it becomes possible to construct an importer reliability index
(RIM), and an exporter reliability index (R/X), which are given by Supplementary
Equations C.3.5.2 and C.3.5.3 respectively. An importer’s reliability is measured by
the proportion of total imports it reports accurately, and similarly an exporter’s
reliability is measured by the proportion of its total exports it reports reliably.
Finally, for each bilateral trading pair, the value reported by the more reliable
partner is accepted as the trade flow between those countries.

Equation C.3.5.1 calculates the accuracy level (AL) of a transaction from region
r to region s, for which the value of trade reported by the importer is M, ; and

that reported by the exporter is X, ;:

M, — X
ALy, =2 x Mes = X

—_— 7 3.5.1
My + X, (C35.1)

Equation C.3.5.2 calculates the reliability index of import region s as:

MA
RIM, =+ (C.3.5.2)

where M = >, M, Vs, and M# = ¥, M, , Vs where AL, , < 0.2.

Equation C.3.5.3 calculates the reliability index of export region r as:

A

X
RIX, = (C.3.5.3)

where Xf = > X,s Vr, and Xf = >, X,s Vr where AL, < 0.2
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C.3.6 Re-export algorithm

The bilateral trade dataset harmonized using the reliability index approach is fed
into a re-export algorithm along with the production dataset from the FAO. The
re-export algorithm proposed by Croft et al. (2018) ensures that the total exports
from a country never exceed its production and total imports; and it also links
the source of production with the destination of import. The algorithm uses the
production and export matrices P and E, and applies an iterative approach to

produce a domestic supply matrix D.

y4i 0 e -+ em dyy dip -+ diy
p— D2 . E= €21 0 - ey 7 D— d.21 d.22 o doy
n €n1 €n2 " 0 dnl dn? e dnn

where, p; is the production in country ¢; e;; are the exports from country ¢
to j; and d;; is the quantity of country j’s domestic supply that originates from
country 7. The sum of rows of matrix D equals the countries’ production, and
the sum of columns equals the countries’ domestic supply (or consumption). The
diagonal elements correspond to the produce that stays within the countries. The
non-diagonal elements of matrix D are referred to as ‘flows’ in this study, i.e., d;jji-;
gives the food flow from i to j. Croft et al. (2018) list all the algorithm steps and also
provide MATLAB code for implementing it to obtain the domestic supply matrix D.

C.3.7 Aggregate Food Categories Used in Figures

To prepare our results for visualization, we consolidated the original 102 categories
(Supplementary Table C.8) into 37 broader groups using many-to-one mappings.
In most cases, similar items were merged — so all types of bread became a single
bread category. However, dairy alternatives were carved out from the broader
dairy group — any product with no dairy ingredients but containing plant-based
ingredients (coconut, nut, soy, oat, etc.) was reassigned into the dairy alternatives
category. We also recategorized some mixed dishes based on composition, e.g.,

cereal based dishes such as pasta or pizza containing more than 20% of an animal
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product (such as seafood, poultry) were moved into one of the meat categories, and
specific meat products (e.g., poultry or pork) with less than 40% of the named
animal ingredient (e.g., Thai red chicken curry) were reassigned into the meat
dishes category. We used a quick manual review to flag obvious misclassifications,
like a meat dish with no animal ingredients, or coffee beans classified into beans
and pulses, and corrected them when the true composition was clear; otherwise,
those items were dropped. In total, this recategorization process removed about
8,000 products from our analysis set.

In this consolidated view, meat, dairy, and eggs (25.3%) and cereal products
(23.9%) together account for nearly half the sample. The rest breaks down into fruits,
vegetables, and nuts (16.4%), miscellaneous items (14.2%), sugar and confectionery
(10.9%), and non-alcoholic beverages (9.3%). Note that these categories can overlap,
for example, some cereal products include meat and vegetables, and certain vegetable-

based products contain grains like rice.

C.3.8 Confidence in Environmental Impact Estimates Across
Geographies and Categories

We quantified confidence in each product’s environmental-footprint estimate as
the product of three scores: classification certainty, composition completeness,
and LCA-data coverage.

Classification certainty reflects how confidently a product was assigned to its
food category. All foodDB entries, which have been extensively validated, received
a 95% certainty. For Open Food Facts, we started at 95% and adjusted based on
model probabilities: if only the parent-category probability > 0.5, certainty dropped
to 90%; if only the subcategory probability > 0.5, it dropped to 85%; and if both
probabilities are below 0.5, it was 80%. These probabilities are the classification
models’ likelihood scores for each possible class, with the highest-scoring class
chosen as the product’s category.

Composition completeness measures how much of a product’s ingredient break-

down comes directly from back-of-package data. We calculated it as: 50% + 0.5
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x (% of ingredients by weight identified on the label), so that more complete
labels yield higher confidence.

LCA-data coverage captures the extent to which each ingredient’s source country
has LCA data, with fallbacks to broader regions as needed. For each ingredient, we
computed coverage as: (% supply covered by country LCA data x 1) + (% supply
estimated using intermediate regional LCA data x 0.9) + (% supply estimated
using sub-regional LCA data x 0.8) 4+ (% supply estimated using regional LCA
data x 0.7) 4+ (% supply estimated using global LCA data x 0.6). For seafood
ingredients, we calculated coverage as 0.5 x standard calculation + 0.5 x 70, to
reflect wild-caught versus farmed sources. We then averaged these LCA-coverage
scores across all ingredients, weighting by their identified composition share (so
unidentified composition further lowered this score).

Finally, overall confidence for each product was calculated as the product of its
three component scores. Figure 3.2 presents the average confidence by geography
and food category — the colour bar in the figure is qualitative because the computed
absolute scores are not interpretable on their own, but their relative ordering is.
Supplementary Figure C.4 displays each component score separately, with numerical
colour bars reflecting the actual calculated values. Classification scores remain high
across all regions and categories. In contrast, composition scores are particularly low
in the USA and Canada and exhibit substantial variation across categories worldwide.
LCA coverage scores peak in Europe and are lowest in Africa. Although the absolute
numbers depend on our scoring method and are not inherently meaningful, their

relative ordering provides valuable insights into the disaggregated scores.
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Figure D.1: Global average per-capita consumption of 20 food groups (plant and animal-
based), under five dietary scenarios at a total energy intake of 2500 kcal/day. A 100%
benchmark diet is assumed in 2020, with alternate diets phasing in to 100% adoption by
2050.
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Figure D.2: Projected yield trajectories by crop category under RCP 2.6 and RCP 7.0,
2020-2050. Trajectories incorporate climate impacts and technological progress from the
IMPACT model.
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D.2 Supplementary Tables

Table D.1: Mapping between EAT-Lancet food groups, IMPACT crop categories, and FAO commodities for production
and trade data.

Lancet food
group

IMPACT crop

category

Production

Trade

Notes

wheat

wheat

Wheat

Wheat,
Germ of wheat,
Wheat and meslin flour

rice

rice

Rice

Rice, paddy (rice milled
equivalent),
Flour of rice

maize

maize

Maize (corn)

Maize (corn),

Germ of maize,

Flour of maize,

Bran of maize,

Cake of maize,

Forage and silage, maize

other grains

barley

Barley

Barley,

Barley flour and grits,
Barley, pearled,

Bran of barley,

Pot barley

sorghum

Sorghum

Sorghum,
Flour of sorghum,
Bran of sorghum

millet

Millet

Millet,
Flour of millet,
Bran of millet

other cereals

Rye

Rye,
Flour of rye,
Bran of rye

Buckwheat

Buckwheat,
Flour of buckwheat

Oats

Oats,
Oats, rolled,
Bran of oats

Quinoa

Quinoa

Canary seed

Canary seed

Fonio

Fonio

Mixed grain

Mixed grain,
Flour of mixed grain,
Bran of mixed grain

Triticale

Triticale

Cereals N.E.C.

Cereals n.e.c.,
Flour of cereals n.e.c.,
Bran of cereals n.e.c.

roots

cassava

Cassava, fresh

Cassava, dry,
Cassava, fresh,
Flour of cassava,
Starch of cassava,
Tapioca of cassava

potatoes

Potatoes

Potatoes,
Potatoes, frozen,
Tapioca of potatoes

sweet potatoes

Sweet, potatoes

Sweet potatoes

yams

Yams

Yams

Processing factors
applied to convert
traded commodities
into equivalent
quantities of crops.
Cassava dry: 2.5
Flour of cassava: 4
Starch of cassava: 5
Tapioca of cassava: 5
Tapioca of potatoes: 5
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Table D.1: Mapping between EAT-Lancet food groups, IMPACT crop categories, and FAO commodities for production
and trade data. (Continued)

other roots

Taro

Taro

Edible roots and
tubers with high
starch or inulin
content, n.e.c., fresh

Edible roots and tubers with
high starch or inulin content,
n.e.c., fresh

vegetables

vegetables

Artichokes

Artichokes

Asparagus

Asparagus

Broad beans and horse
beans, green

Broad beans and horse
beans, green

Cabbages

Cabbages

Carrots and turnips

Carrots and turnips

Cauliflowers and
broccoli

Cauliflowers and broccoli

Chillies and peppers,
green (Capsicum spp.
and Pimenta spp.)

Chillies and peppers, green
(Capsicum spp. and
Pimenta spp.)

Cucumbers and
gherkins

Cucumbers and gherkins

Eggplants (aubergines)

Eggplants (aubergines)

Green corn (maize)

Green corn (maize)

Green garlic

Green garlic

Leeks and other
alliaceous vegetables

Leeks and other alliaceous
vegetables

Lettuce and chicory

Lettuce and chicory

Mushrooms and

Canned mushrooms,

truffles Dried mushrooms,
Mushrooms and truffles
Okra Okra

Onions and shallots,
dry (excluding
dehydrated)

Onions and shallots, dry
(excluding dehydrated)

Onions and shallots,
green

Onions and shallots, green

Other beans, green

Other beans, green

Other vegetables, fresh
n.e.c.

Other vegetables, fresh
n.e.c.,

Other vegetables
provisionally preserved,
Other vegetable juices,
Sweet corn, frozen,
Sweet corn, prepared or
preserved,

Vegetables frozen,
Vegetables preserved
(frozen),

Vegetables preserved nes
(o/t vinegar),
Vegetables, dehydrated,
Vegetable products, fresh or
dry n.e.c.,

Vegetables, pulses and
potatoes, preserved by
vinegar or acetic acid

Peas, green

Peas, green

Pumpkins, squash and
gourds

Pumpkins, squash and
gourds

Spinach

Spinach

String beans

String beans
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Table D.1: Mapping between EAT-Lancet food groups, IMPACT crop categories, and FAO commodities for production
and trade data. (Continued)

Tomatoes

Paste of tomatoes,
Tomato juice,
Tomatoes,

Tomatoes, peeled (o/t
vinegar)

fruits

bananas

Bananas

Bananas

plantains

Plantains and cooking
bananas

Plantains and cooking
bananas

sub-tropical
fruits

Apricots Apricots,
Apricots, dried
Avocados Avocados

Cantaloupes and other
melons

Cantaloupes and other
melons

Cashewapple Cashewapple
Dates Dates
Figs Figs,

Figs, dried
Kiwi fruit Kiwi fruit

Lemons and limes

Juice of lemon,
Lemon juice, concentrated,
Lemons and limes

Locust beans (carobs)

Locust beans (carobs)

Mangoes, guavas and

Juice of mango,

mangosteens Mangoes, guavas and
mangosteens,
Mango pulp

Oranges Orange juice,

Orange juice, concentrated,
Oranges

Other citrus fruit,
n.e.c.

Citrus juice, concentrated
n.e.c.,

Juice of citrus fruit n.e.c.,
Other citrus fruit, n.e.c.

Other fruits, n.e.c.

Fruit prepared n.e.c.,
Juice of fruits n.e.c.,
Other fruit n.e.c., dried,
Other fruits, n.e.c.,
Raisins

Other tropical fruits,
n.e.c.

Other tropical fruit, dried,
Other tropical fruits, n.e.c.

Papayas Papayas

Pineapples Juice of pineapples,
concentrated,
Pineapple juice,
Pineapples,

Pineapples, otherwise
prepared or preserved

Pomelos and
grapefruits

Grapefruit juice,
Grapefruit juice,
concentrated,

Pomelos and grapefruits

Tangerines, mandarins,

Juice of tangerine,

clementines Tangerines, mandarins,
clementines
Watermelons ‘Watermelons

Coconuts, in shell

Coconuts, in shell,
Coconuts, desiccated,
Coconut oil

Apples Apple juice,
Apple juice, concentrated,
Apples

Blueberries Blueberries

For olives and
coconuts: Production
and trade split
between fruits and oils.
Oil converted to oil
crops using processing
factors.
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Table D.1: Mapping between EAT-Lancet food groups, IMPACT crop categories, and FAO commodities for production
and trade data. (Continued)

temperate fruits

Cherries Cherries
Cranberries Cranberries
Currants Currants
Grapes Grape juice,
Grapes
Gooseberries Gooseberries

Other berries and
fruits of the genus
vaccinium n.e.c.

Other berries and fruits of
the genus vaccinium n.e.c.

Other pome fruits

Other stone fruits

Other stone fruits

Peaches and nectarines

Peaches and nectarines

Pears

Pears

Persimmons

Persimmons

Plums and sloes

Plums and sloes,
Plums, dried

Quinces Quinces
Raspberries Raspberries
Sour cherries Sour cherries
Strawberries Strawberries
Olives Olives,
Olives preserved,
Olive oil

Bambara beans, dry

Bambara beans, dry

beans Beans, dry Beans, dry
Broad beans and horse | Broad beans and horse
beans, dry beans, dry
chickpeas Chick peas, dry Chick peas, dry
cowpeas Cow peas, dry Cow peas, dry
legumes lentils Lentils, dry Lentils, dry
pigeon peas Pigeon peas, dry Pigeon peas, dry
Other pulses n.e.c. Flour of pulses,
Other pulses n.e.c.
other pulses Peas, dry Peas, dry
Lupins
Vetches
soybeans Soya beans Cake of soya beans,

Soya beans,
Soya curd,
Soya paste,
Soya sauce,
Soya bean oil

nuts and seeds

groundnuts Groundnuts, excluding | Groundnuts, excluding
shelled shelled,
Groundnuts, shelled,
Prepared groundnuts,
Groundnut oil
Almonds, in shell Almonds, in shell,
Almonds, shelled
Brazil nuts, in shell Brazil nuts, in shell,
Brazil nuts, shelled
Cashew nuts, in shell Cashew nuts, in shell,
Cashew nuts, shelled
other Chestnuts, in shell Chestnuts, in shell

Hazelnuts, in shell

Hazelnuts, in shell,
Hazelnuts, shelled

Other nuts (excluding
wild edible nuts and
groundnuts), in shell,
n.e.c.

Other nuts (excluding wild
edible nuts and groundnuts),
in shell, n.e.c.

For groundnuts,
linseed, hempseed,
sunflower seed,
safflower seed, sesame
seed: Production and
trade split between
nuts seeds and oils.
Oil converted to oil
crops using processing
factors.
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Table D.1: Mapping between EAT-Lancet food groups, IMPACT crop categories, and FAO commodities for production
and trade data. (Continued)

Pistachios, in shell Pistachios, in shell
Walnuts, in shell Walnuts, in shell,
Walnuts, shelled
Linseed Linseed,
Oil of linseed
Hempseed Hempseed
Sunflower seed Sunflower seed,
Sunflower-seed oil, crude
Safflower seed Safflower seed,
Safflower-seed oil, crude
Poppy seed Poppy seed
Sesame seed Sesame seed,
Oil of sesame seed
rapeseed Rape or colza seed Rape or colza seed,
Rapeseed or canola oil,
crude
sunflower seed Sunflower seed Sunflower seed,

Sunflower-seed oil, crude

Groundnuts, excluding | Groundnuts, excluding

shelled shelled,
Groundnuts, shelled,
Prepared groundnuts, For olives, coconuts,
Groundnut oil groundnuts, linseed,

Linseed Linseed, hempseed, sunflower
Qil of linseed seed, safflower seed,

. Hempseed Hempseed sesame s.eed:
vegetable oil Safflower seed Safflower seed, Production and trade

split between oils and

Safflower-seed oil, crude .
fruits /nuts seeds.

) Sesame seed Se.same seed, 0il converted to oil
other oilcrops Qil of sesame seed . .
- crops using processing
Castor oil seeds Castor oil seeds, factors.
Oil of castor beans
Cotton seed Cottonseed oil
Coconuts, in shell Coconuts, in shell,
Coconuts, desiccated,
Coconut oil
Mustard seed Mustard seed,
Mustard seed oil, crude
Olives Olives,
Olives preserved,
Olive oil
palm oil palm oil Oil palm fruit Palm oil Oil converted to oil
crops using processing
factors.
sugar beet Sugar beet Sugar beet,

Sugar converted to

Raw cane or beet sugar sugar Crops using

(centrifugal only) processing factors.

sugar 3 S Refined sugar and raw
rcan r can r can -
sugarcane ugar cane ugar cane, sugar flows split

PR{eﬁned sugar]; " between sugar cane
aw cane or beet sugar and sugar beet.

(centrifugal only)

Refined sugar,
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Table D.2: Mapping of IMPACT regions to FAO countries and aggregated regional groupings.

IMPACT| IMPACT region Country Intermediate Sub-region Name | Region
region name Region Name Name
code
DZA Algeria Algeria
EGY Egypt Egypt
LBY Libya Libya
VIOR Morooes Moroees Northern Africa Africa
SDN Sudan Sudan
TUN Tunisia Tunisia
BDI Burundi Burundi
DJI Djibouti Djibouti
ERI Eritrea Eritrea
ETH Ethiopia Ethiopia
KEN Kenya Kenya
MDG Madagascar Madagascar
MOZ Mozambique Mozambique
MWI Malawi Malawi
OIO Other Indian Ocean | Comoros
0OIO Other Indian Ocean | Mauritius Eastern Africa Sub-Saharan Africa Africa
O10 Other Indian Ocean | Seychelles
RWA Rwanda Rwanda
SOM Somalia Somalia
SSD Southern Sudan South Sudan
TZA United Republic of United Republic of
Tanzania Tanzania
UGA Uganda Uganda
ZMB Zambia Zambia
ZWE Zimbabwe Zimbabwe
AGO Angola Angola
CAF Central African Central African
Republic Republic
CMR Cameroon Cameroon
COD Democratic Democratic
Republic of the Republic of the
Congo Congo Middle Africa Sub-Saharan Africa | Africa
COG Congo Congo
GAB Gabon Gabon
GNQ Equatorial Guinea Equatorial Guinea
OAO Other Atlantic Sao Tome and
Ocean Principe
TCD Chad Chad
BWA Botswana Botswana
LSO Lesotho Lesotho
NAM Namibia Namibia Southern Africa Sub-Saharan Africa Africa
SWzZ Swaziland Eswatini
ZAF South Africa South Africa
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Table D.2: Mapping of IMPACT regions to FAO countries and aggregated regional groupings. (Continued)

BEN Benin Benin
BFA Burkina Faso Burkina Faso
CIV Céte d'Ivoire Céte d'Ivoire
GHA Ghana Ghana
GIN Guinea Guinea
GMB Gambia Gambia
GNB Guinea-Bissau Guinea-Bissau
LBR Liberia Liberia
MLI Mali Mali Western Africa Sub-Saharan Africa | Africa
MRT Mauritania Mauritania
NER Niger Niger
NGA Nigeria Nigeria
OAO Other Atlantic Cabo Verde
Ocean
SEN Senegal Senegal
SLE Sierra Leone Sierra Leone
TGO Togo Togo
CRB Other Caribbean Antigua and
Barbuda
CRB Other Caribbean Bahamas
CRB Other Caribbean Barbados
CRB Other Caribbean Dominica
CRB Other Caribbean Grenada
CRB Other Caribbean Puerto Rico
CRB Other Caribbean Saint Kitts and
Nevis i i
CRB Other Caribbean Saint Lucia Caribbean {J}?etlgaArS;E]‘iij e Americas
CRB Other Caribbean Saint Vincent and
the Grenadines
CRB Other Caribbean Trinidad and
Tobago
CUB Cuba Cuba
DOM Dominican Republic | Dominican Republic
HTI Haiti Haiti
JAM Jamaica Jamaica
BLZ Belize Belize
CRI Costa Rica Costa Rica
GTM Guatemala Guatemala
HND Honduras Honduras . Latin America and )
EX Moo Moo Central America the Caribbean Americas
NIC Nicaragua Nicaragua
PAN Panama Panama
SLV El Salvador El Salvador
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Table D.2: Mapping of IMPACT regions to FAO countries and aggregated regional groupings. (Continued)

ARG Argentina Argentina

BOL Bolivia Bolivia

BRA Brazil Brazil

CHL Chile Chile

COL Colombia Colombia

ECU Ecuador Ecuador

GSA Guyanas South Guyana South America Latin A.rnerica and Americas
America the Caribbean

GSA Guyanas South Suriname
America

PER Peru Peru

PRY Paraguay Paraguay

URY Uruguay Uruguay

VEN Venezuela Venezuela

CAN Canada Canada

USA United States of United States of Northern America Americas
America America

KAZ Kazakhstan Kazakhstan

KGZ Kyrgyzstan Kyrgyzstan

TIK Tajikistan Tajikistan Central Asia Asia

TKM Turkmenistan Turkmenistan

UZB Uzbekistan Uzbekistan

CHM China China

CHM China Hong Kong

CHM China Macao

CHM China Taiwan

JPN Japan Japan Eastern Asia Asia

KOR Republic of Korea Republic of Korea

MNG Mongolia Mongolia

PRK Democratic People’s | Democratic People’s
Republic of Korea Republic of Korea

IDN Indonesia Indonesia

KHM Cambodia Cambodia

LAO Lao People’s Lao People’s
Democratic Democratic
Republic Republic

MMR Myanmar Myanmar

MYS Malaysia Malaysia

OSA Other Southeast Brunei Darussalam South-eastern Asia Asia
Asia

OSA Other Southeast Singapore
Asia

PHL Philippines Philippines

THA Thailand Thailand

TLS Timor-Leste Timor-Leste

VNM Viet Nam Viet Nam
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Table D.2: Mapping of IMPACT regions to FAO countries and aggregated regional groupings. (Continued)

AFG Afghanistan Afghanistan

BGD Bangladesh Bangladesh

BTN Bhutan Bhutan

IND India India

IRN Iran Iran Southern Asia Asia

LKA Sri Lanka Sri Lanka

NPL Nepal Nepal

OIO Other Indian Ocean | Maldives

PAK Pakistan Pakistan

ARM Armenia Armenia

AZE Azerbaijan Azerbaijan

CYP Cyprus Cyprus

GEO Georgia Georgia

IRQ Iraq Iraq

ISR Israel Israel

JOR Jordan Jordan

LBN Lebanon Lebanon

PSE State of Palestine State of Palestine

RAP Rest of Arab Bahrain
Peninsula

RAP Rest of Arab Kuwait Western Asia Asia
Peninsula

RAP Rest of Arab Oman
Peninsula

RAP Rest of Arab Qatar
Peninsula

RAP Rest of Arab United Arab
Peninsula Emirates

SAU Saudi Arabia Saudi Arabia

SYR Syrian Arap Syrian Arab
Republic Republic

TUR Turkey Turkey

YEM Yemen Yemen

BGR Bulgaria Bulgaria

BLR Belarus Belarus

CZE Czech Republic Czechia

HUN Hungary Hungary

MDA Moldova Republic of Moldova

POL Polnd Polnd Eastern Europe Europe

ROU Romania Romania

RUS Russian Federation Russian Federation

SVK Slovakia Slovakia

UKR Ukraine Ukraine
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Table D.2: Mapping of IMPACT regions to FAO countries and aggregated regional groupings. (Continued)

BLT Baltic States Estonia
BLT Baltic States Latvia
BLT Baltic States Lithuania
DNK Denmark Denmark
DNK Denmark Faroe Islands
FNP Finland Finland Northern Europe Europe
IRL Ireland Ireland
ISL Iceland Iceland
NOR Norway Norway
SWE Sweden Sweden
UKP United Kingdom United Kingdom
ALB Albania Albania
GRC Greece Greece
HRV Croatia Croatia
ITP Italy Italy
ITP Italy Malta
OBN Other Balkans Bosnia and
Herzegovina Southern Europe Europe

OBN Other Balkans Montenegro
OBN Other Balkans North Macedonia
OBN Other Balkans Serbia
PRT Portugal Portugal
SPP Spain Spain
SVN Slovenia Slovenia
AUT Austria Austria
BLX Belgium and Belgium

Luxembourg
BLX Belgium and Luxembourg

Luxembourg Western Europe Europe
CHP Switzerland Switzerland
DEU Germany Germany
FRP France France
NLD Netherlands Netherlands
AUS Australia Australia Australia and New )
NZL New Zealand New Zealand Zealand Qceania
FJI Fiji Fiji
OPO Other Pacific Ocean | New Caledonia
PNG Papua New Guinea Papua New Guinea Melanesia Oceania
SLB Solomon Islands Solomon Islands
VvuUT Vanuatu Vanuatu
OPO Other Pacific Ocean | Kiribati
OPO Other Pacific Ocean | Marshall Islands
OPO Other Pacific Ocean | Micronesia Micronesia Oceania
OPO Other Pacific Ocean | Nauru
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Table D.2: Mapping of IMPACT regions to FAO countries and aggregated regional groupings. (Continued)

OPO Other Pacific Ocean | Cook Islands
OPO Other Pacific Ocean | French Polynesia
OPO Other Pacific Ocean | Niue

OPO Other Pacific Ocean | Samoa

OPO Other Pacific Ocean | Tokelau

OPO Other Pacific Ocean | Tonga

OPO Other Pacific Ocean | Tuvalu

Polynesia

Oceania
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Table D.3: FAO Commodities used to compute production and trade of animal products for allocation of feed.

Lancet
Food group

Production

Trade

Notes

beef

Beef and Buffalo Meat,

primary

Bovine meat, salted, dried or smoked

Meat of buffalo, fresh or chilled

Meat of cattle boneless, fresh or chilled
Meat of cattle with the bone, fresh or chilled
Sausages and similar products of meat, offal
or blood of beef and veal

milk

Milk, total

Butter and Ghee

Buttermilk, curdled and acidified milk
Buttermilk, dry

Cheese from whole cow milk

Cream, fresh

Evaporated & Condensed Milk

Ghee from cow milk

Processed cheese

Raw milk of cattle

Skim Milk & Buttermilk, Dry

Skim milk and whey powder

Skim milk of cows

Whey, fresh and dry (milk equivalent)
Whole milk powder

Whole milk, evaporated

Butter of cow milk

Cheese from skimmed cow milk

Skim milk, condensed

Whey cheese

Whole milk, condensed

Cheese from milk of sheep, fresh or processed
Skim milk, evaporated

No processing factors
were applied to processed
items, and by-products
weren’t removed
resulting in approximate
milk equivalent in total
amounts

poultry

Meat, Poultry

Meat of chickens, fresh or chilled

Meat of ducks, fresh or chilled

Meat of geese, fresh or chilled

Meat of pigeons and other birds n.e.c., fresh,
chilled or frozen

Meat of turkeys, fresh or chilled

Poultry meat preparations

eggs

Eggs, Primary

Hen eggs in shell, fresh

Eggs from other birds in shell, fresh, n.e.c.
Eggs, dried

Eggs, liquid

pork

Meat of pig with the
bone, fresh or chilled

Meat of pig boneless, fresh or chilled

Meat of pig with the bone, fresh or chilled
Pig meat, cuts, salted, dried or smoked
(bacon and ham)

Sausages and similar products of meat, offal
or blood of pig

lamb

Sheep and Goat Meat

Meat of goat, fresh or chilled
Meat of sheep, fresh or chilled
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Table D.4: Mapping between EAT-Lancet food groups and FAOSTAT sources (FBS or SUA) used for computing demand
for ‘other’ uses.

Castor oil, hydrogenated

EAT-Lancet FAOSTAT Commodity name Notes
food group source
wheat FBS Wheat and products
rice FBS Rice and products
maize FBS Maize and products
Barley and products
Sorghum and products
Rye and products
other grains FBS
Oats Processing included in the food category
Millet and products
Cereals, Other
roots FBS Starchy Roots
vegetables FBS Vegetables
fruits FBS Fruits
legumes FBS Pulses
Soya beans
Soya curd Processing for beans equals total supply for
Soya paste other soy products (curd, paste, sauce, oil, cake).
soybeans SUA Hence, processing for beans ignored.
Cake of soya beans Food, feed, and other aggregated for the 4 soy
Soya bean oil categories.
Soya sauce
FBS Nuts and products This includes treenuts. Processing already 0.
Groundnuts, excluding Processing from unshelled groundnuts ignored
shelled (it approximately equals the total supply of all
Groundnuts. shelled groundnut-based commodities, i.e. shelled,
’ prepared, cake, and oil).
Prepared sroundnuts Processing from shelled groundnuts included in
P & food.
nuts and seeds SUA Linseed
Hempseed Processing ignored for all (as it approximately
Sunflower seed equals the total supply for the oils and cakes
produced from these seeds).
Safflower seed Melon seeds not included here, as they are not
Poppy seed specifically produced for the purpose of seeds.
Sesame seed
Groundnut oil
Oil of linseed
Oil of hempseed
Sunflower seed oil, crude All these oils have a corresponding SUA
Safflower seed oil, crude commodity for ‘cake’. Total supply for oil and
Oil of sesame seed cake together gives an estimate for the required
supply of these oil crops.
Cottonseed oil
Mustard seed oil, crude
Rapeseed or canola oil,
crude
vegetable oil SUA Oil of castor beans

Processing for castor oil seeds gives the
estimated oil crop supply
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Table D.4: Mapping between EAT-Lancet food groups and FAOSTAT sources (FBS or SUA) used for computing demand
for ‘other’ uses. (Continued)

Olive oil Processing for olives, ignoring the processed
amount going towards preserved olives, gives
the estimated oil crop supply.

Coconut oil No clear commodity to estimate by-products.
Oil crop supply assumed to be the same as oil
supply.

Processing included in the food category.

Other uses for oil crops before processing
ignored, unless there is an overlap with other
food groups, in which case other uses for the
crops in those other food groups considered.

Palm Oil Processing included in the food category.
Processing for oil palm fruit gives the estimated
oil crop supply.

Kernels not included separately to compute oil
Oil of palm kernel crop supply (as they are by-products of palm
fruit).

Other uses for palm oil crops before processing
ignored.

palm oil SUA

Sugar crops Processing included in the food category (for
both).

Domestic supply of sugar and sweeteners /
sugar FBS Processing for sugar crops gives the conversion
Sugar and sweeteners factor between sugar and sugar crops.

Other calculated for both, i.e. other uses for
sugar crops before processing also considered.
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Table D.5: Mapping between Harmonized System (HS) codes and IMPACT crop categories for bilateral tariff data.

Lancet IMPACT HS codes Notes
Food group | food group
wheat wheat 100111, 100119, 100191, 100199 Flour, starch, gluten, groats,
bran etc. not considered.
rice rice 100610, 100620, 100630, 100640
maize maize 100510, 100590 Flour, starch, groats, bran
etc. not considered.
barley 100310, 100390
sorghum 100710, 100790
other grains millet 100821, 100829

other cereals

100210, 100290, 100410, 100490, 100810, 100830,
100840, 100850, 100860, 100890

cassava 071410
potatoes 070110, 070190, 071010
sweet 071420
roots
potatoes
yams 071430
other roots 071440, 071450, 071490
vegetables vegetables 070200, 070310, 070320, 070390, 070410, 070420, Vegetable preparations not
070490, 070511, 070519, 070521, 070529, 070610, considered
070690, 070700, 070810, 070820, 070890, 070920,
070930, 070940, 070951, 070959, 070960, 070970,
070991, 070992, 070993, 070999, 071021, 071029,
071030, 071040, 071080, 071140, 071151, 071159,
071190, 071220, 071231, 071232, 071233, 071239,
071290
bananas 080390
plantains 080310
sub-tropical 080410, 080420, 080430, 080440, 080450, 080510,
fruits 080521, 080522, 080529, 080540, 080550, 080590, ) )
fruits 080711, 080719, 080720, 080910, 081050, 081060, Fruit preparations not
081090, 081310, 080111, 080112, 080119 considered
temperate 071120, 080610, 080620, 080810, 080830, 080840,
fruits 080921, 080929, 080930, 080940, 081010, 081020,
081030, 081040, 081070, 081110, 081120, 081190,
081210, 081290, 081320, 081330, 081340
beans 071331, 071332, 071333, 071334, 071350
chickpeas 071320
cowpeas 071335
legumes
lentils 071340
pigeon peas 071360
other pulses 071310, 071339, 071390, 110610
soybeans soybeans 120110, 120190, 120810, 150710, 150790, 210310,
230400
groundnuts 120230, 120241, 120242
nuts and other 081350, 080121, 080122, 080131, 080132, 080211,
seeds 080212, 080231, 080232, 080241, 080242, 080251,

080252, 080261, 080262, 080270, 080280, 080290,
120400, 120600, 120740, 120760, 120791, 120799
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Table D.5: Mapping between Harmonized System (HS) codes and IMPACT crop categories for bilateral tariff data.

(Continued)
rapeseed 100510, 120590, 151411, 151419, 151491, 151499
sunflower 120600, 151211, 151219
seed
vegetable oil | other oilcrops | 120230, 120241, 120242, 120400, 120721, 120729, Inﬁlﬂdes both oils and oil
120730, 120740, 120750, 120760, 120799, 150810, Crops
150890, 150910, 150990, 151000, 151221, 151229
151311, 151319, 151511, 151519, 151530, 151550,
151590
palm oil palm oil 120710, 151110, 151190, 151321, 151329 Includes both oils and oil
crops
sugar beet 121291, 170112 Includes both sugar and
sugar sugar crops. Sugar
sugarcane 121293, 170113, 170114 confectionary not
considered.
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Table D.6: Calibration performance for the baseline Spatial Price Equilibrium Model
(SPEM).

Trade links Trade flows Demand Supply Producer Transport

Crop R2 R2 ice R2 cost R2

Accuracy Precision Recall R2 RMSE price cos

(tonnes)

wheat 0.90 0.87 0.73 0.99 1184 0.99 0.99 0.78 0.98
rice 0.90 0.93 0.46 0.99 1041 0.99 0.99 0.97 0.99
maize 0.89 0.86 0.60 0.99 1034 0.99 0.99 0.97 0.98
barley 0.92 0.59 0.58 0.99 1006 0.99 0.99 0.93 0.99
millet 0.95 0.32 0.27 0.99 307 0.99 0.99 0.99 0.99
sorghum 0.87 0.20 0.70 0.99 1057 0.99 0.99 0.90 0.99
other cereals 0.90 0.87 0.44 0.99 624 0.99 0.99 0.96 0.99
cassava 0.94 0.69 0.38 0.99 760 0.99 0.99 0.97 0.99
potato 0.87 0.86 0.43 0.99 998 0.99 0.99 0.91 0.99
yams 0.98 0.30 0.38 0.99 201 0.99 0.99 0.99 0.99
sweet 0.96 0.61 0.35 0.99 309 0.99 0.99 0.99 0.99
potato
other roots 0.97 0.37 0.29 0.99 478 0.99 0.99 0.99 0.99
and tubers
vegetables 0.66 0.95 0.31 0.99 1212 0.99 0.99 0.77 0.98
bananas 0.96 0.75 0.56 0.99 520 0.99 0.99 0.97 0.99
plantains 0.97 0.34 0.53 0.99 486 0.99 0.99 0.81 0.99
sub-tropical (.68 0.94 0.32 0.99 1167 0.99 0.99 0.93 0.98
fruits
temperate  0.80 0.88 0.31 0.99 2197 0.99 0.99 0.96 0.98
fruits
beans 0.83 0.59 0.25 0.99 909 0.99 0.99 0.92 0.99
chickpeas 0.95 0.65 0.31 0.99 432 0.99 0.99 0.96 0.99
cowpeas 0.97 0.31 0.19 0.99 323 0.99 0.99 0.99 0.99
lentils 0.96 0.67 0.37 0.99 209 0.99 0.99 0.99 0.99
pigeon peas  0.98 0.30 0.32 0.99 267 0.99 0.99 0.99 0.99
other pulses 0.87 0.75 0.24 0.99 1101 0.99 0.99 0.99 0.99
soybeans 0.89 0.72 0.56 0.99 853 0.99 0.99 0.84 0.99
groundnuts  0.93 0.80 0.37 0.99 910 0.99 0.99 0.99 0.99
other nuts 0.76 0.86 0.24 0.99 2521 0.99 0.99 0.99 0.96
rapeseed 0.90 0.76 0.41 0.99 392 0.99 0.99 0.90 0.99
sunflower 0.90 0.84 0.42 0.99 457 0.99 0.99 0.97 0.99
seed oil
other 0.80 0.84 0.42 0.99 1640 0.99 0.99 0.96 0.99
oilseeds
palm oil 0.88 0.49 0.62 0.99 1061 0.99 0.99 0.86 0.99
fruit
sugar beet  0.92 0.77 0.65 0.99 446 0.99 0.99 0.95 0.99
sugarcane 0.89 0.68 0.57 0.99 4332 0.99 0.99 0.92 0.99
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D.3 Supplementary Methods
D.3.1 Trade data processing

We obtained national-level production and bilateral trade data from the FAO. The
raw data requires pre-processing to address two key discrepancies: i) the trade
volumes reported by the importing countries did not always match those reported
by the exporting countries, and ii) the total reported exports from some countries
exceeded the volumes produced and imported together, because of misreported

transactions or countries reporting re-exported imports as their exports.

Reliability index approach

Discrepancies between the volume of trade reported by the importer and exporter
are resolved using a reliability index approach (Gehlhar, 1996). An accuracy level
(AL) is computed for each bilateral trading pair, capturing the quality of match
between importer and exporter reported quantities. A threshold of 0.2 is used to
separate accurate from non-accurate matches (i.e., a match is accurate only if the
difference between reported imports and exports is less than 20%).

The accuracy level for a transaction from region r to region s is calculated as:

|Mrs _er|
AL, s =2 x ————
’ Mr,s+Xr,s

(D.3.1.1)
where M, ; is the value of trade reported by the importer and X, is that
reported by the exporter.

For each country, an importer reliability index (RIM), and an exporter reliability
index (RIX), are constructed. An importer’s reliability is measured by the
proportion of total imports it reports accurately:

MA

RIM, = 7 (D.3.1.2)

where MT equals total imports to country s, and M equals the sum of imports
to country s where AL,, < 0.2.

Similarly, an exporter’s reliability is:
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XA
RIX, = 5 (D.3.1.3)

where X7 equals total exports from country r, and X equals the sum of
exports from country r where AL,, < 0.2.
For each bilateral trading pair, the value reported by the more reliable partner

is accepted as the trade flow between those countries.

Re-export algorithm

The bilateral trade dataset harmonized using the reliability index approach is
fed into a re-export algorithm along with the production dataset from the FAO.
The re-export algorithm proposed by (Croft et al., 2018) ensures that the total
exports from a country never exceed its production and total imports; and it also
links the source of production with the destination of import. The algorithm uses
the production vector P and export matrix F, and applies an iterative approach

to produce a domestic supply matrix D.

P1 0 €12 ... €1n du d12 e dln
p_ p'g , E— 6'21 0 . €?n ’ D— d21 d22 e dgn
n €nl €En2 ... 0 dnl dng c. dnn

where, p; is the production in country i; e;; are the exports from country i to
J; and d;; is the quantity of country j’s consumption that originates from country
1. The sum of rows of matrix D equals the countries’ production, and the sum of
columns equals the countries’ consumption. The diagonal elements correspond to
the produce that stays within the countries. The non-diagonal elements of matrix

D (dgjjiz;) represent trade flow from i to j.

Commodity mapping

Supplementary Table D.1 provides the complete mapping between 13 EAT-
Lancet food groups, 32 IMPACT crop categories, and FAO commodities (~120

produced, over 150 traded). The reliability index and re-export preprocessing
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steps were implemented separately for each FAO commodity and year. For each
commodity, we aggregated trade data across both unprocessed and processed forms
(e.g., for wheat: wheat grain, wheat germ, and wheat and meslin flour). The
harmonized data for all FAO commodities within each IMPACT crop category were
summed by year, then averaged across 2013-2017 and 2018-2022. The calibration
uses the earlier period to initialize trade patterns and the later period as the
calibration target.

For most processed commodities that are traded, we assume that the main
products and their by-products balance each other — so no conversion factors are
applied, e.g. wheat germ and flour, soybean oil and cake. For certain traded
items, however, we apply conversion factors to align them with their produced
counterparts. For example, dry cassava, cassava flour, cassava starch and tapioca
are converted to fresh cassava using factors of 2.5, 4, 5, and 5, respectively (Chisenga
et al., 2019; Elisabeth et al., 2022; Mejia-Agiiero et al., 2012), and potato tapioca
is converted to fresh potato with a factor of 5 (Robertson et al., 2018). We also
derived global average conversion factors for oils and sugars (excluding soybean
oil, since its cake by-product is also traded, which offsets the oil conversion) using
FAOSTAT Food Balance Sheets (FBS) and Supply Utilization Accounts (SUA).
For each oil, the factor equals the ratio of global oil 4+ cake supply to oil supply
(as given by SUA). For sugars, it is the ratio of globally processed sugar crops to
total supply of sugars and sweeteners (as given by FBS). Processing factors are
calculated as global averages to avoid inconsistencies arising from differential trade
patterns for raw versus processed commodities.

To avoid double counting across overlapping EAT-Lancet food groups, we used
FAOSTAT Supply Utilization Accounts (SUA) to split production and trade between
processed and unprocessed products for the following commodities — olives, coconuts,
groundnuts, linseed, hempseed, sunflower seed, safflower seed, and sesame seed.
For each producing country, we calculated the share of each commodity processed
into oil and applied those shares to the country’s production and exports. The

processed shares became the volumes for products such as coconut oil or groundnut
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oil, and the remainder represented the unprocessed commodity (e.g., coconuts or
groundnuts). Finally, because FAOSTAT trade data does not distinguish between
raw and refined sugar from sugar cane vs sugar beet, we split raw and refined sugar

exports in proportion to each country’s sugar cane and sugar beet production.

Region mapping

The IMPACT model uses 158 regions identified by three-letter abbreviations.
Of these, 157 are covered in the EAT-Lancet dataset, and 153 have corresponding
data in FAOSTAT. Our analysis therefore covers 153 regions for which data are
available across all three sources. FAO countries were mapped to IMPACT regions
using ISO 3166-1 alpha-3 codes (Supplementary Table D.2). Some IMPACT regions
aggregate multiple countries (e.g., BLX includes Belgium and Luxemburg; CRB
includes Caribbean island nations). UN M49 geographic classifications are used

for regional aggregation in figures.

D.3.2 Dietary scenario construction

Dietary scenarios are derived from the EAT-Lancet dataset (Willett et al., 2019),
which provides consumption estimates (per person per day) by food group, country,
and year under seven dietary scenarios: benchmark (BMK), flexitarian (FLX),
flexitarian with high milk consumption (FLX hmilk), flexitarian with high meat
consumption (FLX_hredmeat), pescetarian (PSC), vegetarian (VEG), and vegan
(VGN); and two calorie scenarios: 2100 and 2500 kcal/day. The dataset covers 157
countries, 21 food groups, and three years (2010, 2030, 2050). We use five dietary
scenarios (BMK, FLX, PSC, VEG, VGN) and the 2500 kcal scenario in this analysis.

Dietary change time trends

The EAT-Lancet data assume 100% adoption under each dietary scenario across
years. We process this to impose a gradual time trend and interpolate consumption
at 5-year intervals. We assume 100% benchmark diet composition through 2020, with
2050 as the target year for complete transition to alternate diets. The transition

proceeds linearly in equal increments every 5 years. This means that in 2030,
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countries would have adopted 33% of the dietary shift, in 2040 67%, and by 2050
100%. Supplementary Figure D.1 shows the resulting dietary change time trends.

Per capita consumption (g/person/day) is multiplied by population projections
and scaled to annual totals to obtain food demand by country, year, food group, and
dietary scenario. Although our analysis is limited to vegetal commodities, we track

animal-product consumption under each dietary scenario to derive feed requirements.

Feed requirement estimation

Feed requirements are estimated using feed conversion ratios (FCRs) that
specify the amount of feed required to produce a unit of animal product, along
with the crop composition of feed rations. For example, 1 gram of beef requires
approximately 19.27 grams of feed, of which 43% comes from maize, 9% from
other cereals, 15% from pulses, and so on.

Terrestrial animal products. For beef, milk, lamb, poultry, eggs, and pork, we
use country-specific feed conversion ratios from Herrero et al. (2013). Where country
FCRs are unavailable, we impute sequentially using the mean for (i) the country’s
intermediate geographic region, (ii) its sub-region, (iii) its broader region, and (iv)
global production systems. Supplementary Table D.2 shows the mapping from
countries to geographic regions. We incorporate trade in animal products when
computing feed requirements: production and trade data for animal products are
processed from FAOSTAT using the same reliability index and re-export pipeline
as for crops. Supplementary Table D.3 provides a description of commodities
from the FAO used for estimating trade flows for animal products. We assume
animal product trade patterns remain constant across years and dietary scenarios,
and use the processed flows to estimate, for each country, the shares of animal
product demand met by domestic production vs imports. For each scenario and
animal product, feed demand is assigned to the producing country, using post-trade
supply allocations and that country’s FCRs.

Seafood and aquaculture. Feed conversion ratios for seafood products are from

Tilman and Clark (2014), which provide FCRs grouped by eight economic groups.
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Countries are assigned to economic groups based on 2030 GDP projections in
the EAT-Lancet dataset. We assume 50% of seafood is farmed globally and
compute feed requirements accordingly (FAO, 2020). Trade in seafood is not
incorporated in feed allocation.

Crops used for feed. Feed requirements are computed for the following crop
groups: wheat, rice, maize, other grains, roots, legumes, and soybeans. Feed
demand for vegetables, fruits, nuts and seeds, palm oil, other oil crops, and
sugar crops is assumed to be zero, as these are primarily by-products rather

than primary feed crops.

Other uses estimation

‘Other uses’ includes industrial uses, seed, and waste. These are obtained
from FAOSTAT food balance sheets (FBS) and supply utilization accounts (SUA),
depending on the food group. For each country and food group, ‘other’ quantities
are obtained from FAOSTAT, and averaged over 2018-2022. Supplementary Table
D.4 provides the mapping between EAT-Lancet food groups and FAOSTAT sources
(FBS or SUA) used for computing other uses. For crops processed into oils or sugar
(e.g., oilseeds, sugar crops), processing factors are applied to convert between raw

crop and processed product equivalents, as described in D.3.1.

Total quantity demanded

Total quantity demanded is calculated as the sum of demand for food, feed, and
other uses, as estimated above. For each food group, diet, country, and year, we
compute a demand change ratio from the EAT-Lancet projections, i.e. projected
demand divided by its 2020 level. These ratios are applied to each of the 32 crop
categories in the analysis according to the mapping between EAT-Lancet food
groups and IMPACT crop categories (Supplementary Table D.1). These ratios are
used to parametrize the demand-side scenarios for forward modelling.

In cases where the demand change ratio is excessively large (i.e. greater than

2000), typically because the EAT-Lancet-based 2020 demand is close to zero, we
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do not scale the calibrated 2020 demand by the ratio. Instead, the ratio itself is
applied directly as the future demand level. This approach prevents implausibly
large future demand values that would otherwise arise from multiplying non-zero
calibrated baseline quantities by large ratios. This adjustment affects two countries

for nuts and seeds and four countries for vegetable oil crops.

D.3.3 IMPACT Model Outputs

The supply-side analysis covers 32 vegetal food crops modelled in IFPRI’s IMPACT
model (Robinson et al., 2015). We exclude animal products, coffee, tea, cocoa,
spices, and fiber crops from the analysis. For animal products, we assume that
trade patterns and domestic supply shares remain constant at their 2020 values
throughout the projection period (as described in D.3.2).

We use yield and supply projections under two different Representative Concen-
tration Pathways, RCP 2.6 and RCP 7.0, accounting for projected technological
progress. Yield impacts under different climate scenarios show relatively modest
variation across RCPs (Supplementary Figure D.2), reflecting that these trajectories
assume continued technological progress offsetting climate-induced yield losses
through 2050. Supply changes in our projection period are a function of both area
expansion and yield changes, and are modelled by IMPACT assuming benchmark
demand. For each crop category, RCP, country, and year, we compute a supply
change ratio and a yield change ratio from the IMPACT projections, i.e. projected
supply/yield divided by their 2020 level. These ratios are used to parameterize
the supply-side scenarios for forward modelling.

Additionally, we use demand and supply elasticities given by the IMPACT
model. Demand elasticities vary by region, crop and year, while supply elasticities

vary by region and crop.

D.3.4 Producer price gap-filling

Producer prices are obtained from FAOSTAT. These represent prices received

by farmers at the farm gate and do not include post-farm costs (transportation,
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warehousing, processing, marketing). For most crops, 45-75% of producing countries
have at least one reported value since 2010. Where available, we average the 1-3
most recent available producer prices (since 2010).

Missing producer prices are gap-filled using a linear regression model. We
first convert producer prices to prices per hectare (price/tonne x yield) as this
variable exhibits a better fit with available covariates. For each crop we use the

regression specification given by:

log price = By + 81 1og GDP + (5 log production + (31og yield + region FE
(D.3.4.1)

For each crop, the model is fitted on data from the 25 largest producers (among
countries with available price data) to avoid introducing noise from many small
producers. The fitted model is used to predict producer prices for countries where
the crop is produced but price information is missing. If the 25 largest producers
do not cover all regions, a second model is fitted on all countries with available
price data to provide predictions for countries outside the regions covered by top
producers. For countries in regions with no price data at all, producer prices are
estimated using a global average of available prices. For crops with fewer than
25 observations, gaps are filled using intermediate regional, sub-regional, regional,
and global averages in sequence.

For non-producing countries, both yields and producer prices are imputed using
the same geographical hierarchy. Gap-filled producer prices per hectare are then
converted back to prices per tonne. Finally, producer prices for each IMPACT
crop category are computed as production-weighted averages of the producer prices

for all commodities in the category.

D.3.5 Trade cost data

Bilateral transport costs are obtained from Verschuur et al. (2023), which provides
estimates of the cost to ship agricultural commodities between any pair of countries.

These costs incorporate hinterland transportation from farm to port or border, port
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handling and fees, maritime transport cost, intermodal transfers, and custom
and border compliance.

Bilateral ad valorem tariff rates are obtained from the MAcMap-HS6 database
(Guimbard et al., 2012), which provides tariff data at the HS6 product level. For
each IMPACT crop category, we compute simple averages of tariff rates across
relevant HS codes. Supplementary Table D.5 provides the HS code mapping

for each crop category.

D.3.6 Spatial price equilibrium model

We use a spatial price equilibrium model (SPEM) based on the Enke-Samuelson-
Takayama-Judge formulation for homogeneous goods (Takayama, 1971; Takayama
& Judge, 1964). Below, we describe the trade cost formulation used, the calibration
process, and the model setup for projecting forward. The reference period (t) for
the model is the 2018-2022 average trade network, to smooth out inter-year trade
fluctuations, while the previous period referred to throughout is the 2013-2017
average trade network (¢t — 1). A separate SPEM is set up for each of the 32 crops

(c) considered, without considering cross-commodity substitution effects.

Trade cost formulation

Total trade costs (TT'C') comprise transport costs (C*Prt)" tariff costs
(Cm”f I ), market entry costs (C®""¥), and a calibrated trade cost term (C°). We
distinguish between trade costs at the intensive margin (for region pairs that already

trade) and at the extensive margin (for region pairs that do not currently trade).

1+e

T, :
t t 2, 7t»c
] X CTAIPOTt (J X Tijte

TTCin = (C{5H + CESI) X T e + [

Lbe iLjsc l+¢ e Tiji—1.e
(D.3.6.1)
TTC, py = (Cf?ff,ﬁf + Gl 4+ G + Oy ) X T, t0.5x0x T, . (D.3.6.2)
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where T; ; ; . is the bilateral trade flow from region ¢ to region j for crop c at time
t, and T ;1. is the trade flow in the previous period. The parameters € and o
reflect non-linear trade expansion costs that capture the logistics costs of expanding
trade beyond existing capacity and enable persistence in existing supply networks
(Janssens et al., 2022). Higher o and lower € make it costlier to increase trade from
existing suppliers (intensive) to source from new suppliers (extensive), respectively.

Transport costs (C%"P°"") are time-invariant and include hinterland transport,
border compliance, intermodal handling, port fees, maritime transport, and customs
compliance (Verschuur et al., 2023). Tariff costs are calculated using the ad-
valorem tariff rate (adv; ;).

C?ariff _ CLdULj’C > (Pproducer + C?r"anSport) (D363)

l?JIt’c Z9t7c ’L’J7c

Market entry costs for new trade links are set at 20% of producer prices,
following Verschuur et al. (2024).

Oy — (0.2 x pryotueer (D.3.6.4)

2,7,t,c i,t,C

The time-invariant calibration cost <C“‘“b> captures any trade cost compon-
ents not explicitly modelled, as well as non-cost trade frictions (e.g., geopolitics,
trade agreements).

Trade between regions occurs when the sum of producer price and trade costs
equals the consumer price in the destination region.

Intensive margin:

1
: , T \°
(PPTOdUCGT + O?G”ff + C«gqlzb) + quransport > ( It ) _ pconsumer (D365)

’I;,t,C ’L,j,t,C 1,],€ Z,j,C T i1 ],t,C
,7,t—1,¢

Extensive margin:

(Pi;,;;zducer + Cf;i"éj:f + (calib + C{franspm“t + Ogmﬁry) 4+ O',Ti,j,t,c _ pconsumer (D366>

i?j?c Z7j’c Z)j)t7c .]7t7c
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Baseline calibration

Following the approach used by Verschuur et al. (2024), the model is calibrated
using a bi-level programming procedure introduced by Jansson and Heckelei (2009)
and advanced by Mosnier (2014). The calibration uses two time periods: 2013-2017
(t — 1) to initialize trade patterns and 2018-2022 (¢) as the calibration target.

The inner problem (first calibration) serves as the input to the outer problem

(second calibration), and minimizes total trade costs across all bilateral flows.

minimize Z TTC; jt.c
i?j

subject to market equilibrium and non-negativity constraints:

ez,] c + Z 1,J,t,c j it c) 07 T;,j,t,c Z 0 (D367>

where e is the excess demand (consumption — domestic production). This results
in trade flows based on minimum trade costs, assuming homogenous producer price
across countries. These flows are then used as inputs to the outer problem.

The outer problem then jointly minimizes the total deviations from observed
trade flows, producer prices, and transport costs, plus a price chain residual penalty
(pen).

The total deviation is calculated as follows. Variables with hats denote observed
values, and wy, w,, and wy, are the weights associated with the errors from trade

flows, producer prices, and transport costs, respectively.

&= Wt Z ( igte — Lijt c) +wp Z < itie — it c) Wiy Z (Ct;atnsport Ct;atnjport)Q
! (D.3.6.8)
The price chain residual (7) is added to the price chain formula at the intensive
and extensive margin as follows.

Intensive margin:
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(P 4 CLgTll 4 o) Clm s (1) pomomer

1,6, ,J5t,¢ 1,J,¢ i,7,¢ . Jit,e
’L,],t—l,C ( )
D.3.6.9

Extensive margin:

(Pproducer + quamff + Cgalib + Ctransport + antry) + 07—;'73‘715,0 — pconsumer + Tijte

i,t,c 1,7,t,¢ ,7,C 1,7,C 2,7,t,¢ AN
(D.3.6.10)
The total penalty is calculated as:
pen = NZ (Tijte X Tijic) (D.3.6.11)

tj
where p is the weight associated with the price chain residual penalty. Finally,

the objective function that the outer problem minimizes becomes:

minimize zz = z + pen, with m; ;. > 0 (D.3.6.12)

The outer problem is solved iteratively, with the penalty weight 11 increasing to
force pen to go towards zero. Calibration is achieved once zz converges, yielding
calibrated values of producer prices, consumer prices, trade flows, transport costs,
and the calibration constant C°#,

Supplementary Table D.6 reports calibration performance for all 32 crop categor-

ies.

Projection framework

To project future trade patterns, we shift country-level demand and supply curves
to reflect scenario-specific changes in food demand and agricultural production.
Our long-term framework assumes markets fully adjust to structural changes over
decadal timescales. Stocks are not modelled, and each year (2025, 2030, 2035,
2040, 2045, 2050) is solved sequentially, with each period initialized from the

previous period's solution.
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For projection years ¢t > 2020, we initialize quantities and prices from the previous
period's equilibrium solution (¢ — 5), adjusted by scenario-specific scaling factors.

Quantity demanded D is scaled using demand change ratios:

rdemand
2,t,c
Djte= Dip—s,c % (rdemand> (D.3.6.13)
i,t—5,c
where rdmend s the demand scaling factor for region i, crop c, in year t

relative to 2020.

Quantity supplied S is scaled using supply change ratios:

Tsupply
i,t,c
Site = Sip-se X | (D.3.6.14)
Tit—5.c
ly . . . ) .
where 77" is the supply scaling factor for region i, crop ¢, in year ¢ re-

lative to 2020.
Producer prices are adjusted to reflect both supply expansion (movement along

the supply curve) and yield changes (shift of the supply curve):

|: 1 T.supply
i,t,c
1+ X | e —1]
. pply
Pproducer _ pproducer X Gire Tit—5,c
it,c — f4t-5,c Tyield
< i,t,c )
yield
Tit—5,c

where (; . is the (time-invariant) supply elasticity. The numerator captures

(D.3.6.15)

the price change associated with movements along the supply curve as quantities
expand or contract. The denominator captures the price change resulting from
shifts of the supply curve driven by yield improvements or declines.

Consumer prices are initialized from the previous period’s equilibrium values.

Demand elasticities are updated for time period ¢, based on IMPACT.

Using the initialized values, we compute demand and supply curves for the new

time period. Consumer prices follow the demand curve.

Qige = BigeXDige < P ™ (D.3.6.16)

where the slope and intercept are derived from the initialized values:
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consumenr

2,t,c
ite ™= T~ D.3.6.17
5 " Di,t,c X 771',t,c ( )
ipe = L™ + Bite X Dige (D.3.6.18)

Producer prices follow the supply curve:

Vi + 6% Sy > P (D.3.6.19)

- T tc

where the slope and intercept are derived from the initialized values:

producer
it,c
ite = oo D.3.6.20
’y ,t,e S,L‘7t7c X §i7c ( )
6i,t,c - Pf;ﬁducw - ’Y@',t,c X Si,t,c (D3621)

Trade policy constraints

Trade policy scenarios impose constraints on self-sufficiency and supplier concen-

tration. For each projection year t > 2020, minimum domestic supply must satisfy:

ﬂi c
iri,i,t,c Z )\SS X (”2020’> X Di,t,c (D3622)
D; 2020,¢

where A*° is the self-sufficiency preservation parameter. This ensures domestic
supply maintains at least A*° of its 2020 share of demand.

Maximum imports from any single trading partner are constrained by:

T'i c
Tjire < max (ASD,J”QOQO’> X Dy (D.3.6.23)
D; 2020,¢

where AP is the supplier diversification parameter. This limits dependence on
any single foreign supplier to either AP of demand or the 2020 share, whichever is lar-
ger.

For the low trade liberalization scenario: \%° = 0.7, AP = 0.3

For the high trade liberalization scenario: \*° = 0.3, AP = 0.7
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Model solution

The model solves for equilibrium by finding bilateral trade flows, prices, and
quantities that satisfy the following conditions.

Interregional trade must be constrained by supply and demand.

Site = Tijic (D.3.6.24)
J

Dige=> Tjite (D.3.6.25)
J

In addition, the price chain relationship at the intensive and extensive mar-
gin must hold.

Intensive margin:

1

] ; ,-Tz c c
(Pproducer + C?amff +C¢qllb) _i_C'transport % ( 205t > > pconsumer (D3626)

i,t,C ’L,j,t,C 2,],C ’L,j,C T . - J;t,e
2,J,t—1,c

Extensive margin:

(Pproducer + Ctarz’ff + Cf;alib + Ctransport + Ogntry) +O-T;,j,t,c > peonsumer (D3627)

it,c h,J5t,C 1,,¢ ;¢ 4,5t Jite

D.3.7 Outcome metrics

For presentation of results, the 32 individual crops are aggregated into six categories:
grains (wheat, rice, maize, barley, millet, sorghum, other cereals), roots and
tubers (cassava, potatoes, yams, sweet potatoes, other roots), fruits and vegetables
(vegetables, bananas, plantains, subtropical fruits, temperate fruits), soybeans
(soybeans), legumes, nuts and seeds (beans, chickpeas, cowpeas, lentils, pigeon peas,
other pulses, groundnuts, other nuts and seeds), oilcrops and sugar crops (rapeseed,
sunflower seed, other oilseeds, palm oil, sugarcane, sugar beet).

Supplier concentration for importing region ¢ and crop ¢ is measured using

the Herfindahl-Hirschman Index:
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2

T. .

HHI;, = J) (D.3.7.1)
’ XJ: (Ek Tk,i,c

where T} ; . are the imports from exporter j. The HHI measures the relative
size of firms within an industry and serves as an indicator of market competitiveness.
It ranges from nearly 0 (perfectly diversified) to 1 (monopoly). An HHI < 0.15
indicates a competitive market, and H HI between 0.15 and 0.25 indicates moderate
concentration, and an HHI > 0.25 indicates high levels of market concentra-
tion. Higher values here indicate greater concentration of imports and potential
vulnerability from individual trading partners, especially when self-sufficiency is low.

Changes between 2020 and 2050 are summarized using means across scenarios,
with uncertainty characterized by the interquartile range (IQR) spanning the 25th
to 75th percentiles across the scenario ensemble. This captures the central tendency
and spread of outcomes across dietary, climate, and trade policy combinations.

To attribute variation in outcomes to different scenario dimensions, we decompose
the total across-scenario variance using an ANOVA formulation based on cell means
(Montgomery, 2017). Specifically, for each country we compute main-effect and
interaction sums of squares for diet, liberalization, and RCP directly from scenario
averages. Interaction sums of squares are then allocated to individual drivers
using the Shapley-Owen attribution, whereby two-way interactions are split equally
between the two contributing factors, and the three-way interaction is split equally
among all three (Owen, 2014; Shapley, 1953). This yields additive contributions that
sum to 100% of the explained across-scenario variance for each country. Country-
level contributions are subsequently aggregated to regional and global levels by
summing the underlying sums of squares (equivalently, using weights proportional
to each country’s explained variance), ensuring that countries with larger scenario-

driven variability contribute proportionally more to aggregate results.

D.3.8 Methodological notes and limitations

Cropland area implications
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Because supply is modelled independently for each crop, the model does not
enforce aggregate land constraints, and implied cropland requirements may exceed
biophysical availability in some countries. At the global level, change in total
cropland in 2050 ranges from -20 million hectares (-1.5%) under ‘VEG, RCP 2.6,
trade low’ to +162 million hectares (+11.9%) under ‘PSC, RCP 7.0, trade low’.
At the country level, area differences range from -56 million hectares (-31%) in
China under ‘VEG, RCP 2.6, trade low’ to +48 million hectares (+25%) in India
under ‘PSC, RCP 7.0, trade low’, with a median difference of +0.07 million hectares
across all country-scenario combinations.

One potential source of additional cropland not captured in our model is the
conversion of pastureland currently used for livestock grazing. Globally, pastureland
covers approximately 3.2 billion hectares — more than twice the area of cropland
(FAO, 2024a). Under plant-forward dietary scenarios that substantially reduce
consumption of animal products, a fraction of this pastureland could potentially
be freed converted to crop production or restored to natural ecosystems (Kozicka
et al., 2023; Poore & Nemecek, 2018). While two-thirds of current pastureland is
unsuitable for crop cultivation (Poore & Nemecek, 2018), the remaining one-third
represents a potential reserve for cropland expansion, though conversion would
depend on local infrastructure, investment, and the trade-offs with ecosystem
restoration objectives (Schneider et al., 2022). This land use flexibility is not

endogenously modelled in our framework.

Demand projection differences

For some crop categories and scenarios, particularly fruits and vegetables, the
equilibrium quantities produced by the model fall short of the 2050 EAT-Lancet
target demands, especially under more plant-forward dietary scenarios. For example,
global fruits and vegetables demand in 2050 ranges from 2,900 million tonnes (BMK)
to 4,800 million tonnes (VGN) based on EAT-Lancet targets, but modelled quantities
reach only around 2,700 to 3,700 million tonnes respectively — a gap of 7% under
BMK widening to 23% under VGN. The largest absolute gaps occur in major
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consuming countries: India and China show gaps of 35% and 21% for fruits and
vegetables under VGN scenarios in 2050.

This gap reflects the constraints of projecting radical dietary transitions using
elasticities and model parameters calibrated to benchmark policy environments.
The supply and demand elasticities in our model are derived from IMPACT and
reflect historical responsiveness of agricultural systems. Meeting the full EAT-
Lancet targets, particularly for plant-forward diets, would require substantially
more elastic supply responses, through accelerated technological change, land
use conversion, or policy interventions. Similarly, our trade policy constraints
(self-sufficiency and supplier diversification bounds) reflect plausible evolutions of
current trade regimes rather than the transformative policy changes that might

accompany a global dietary transition.
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