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Abstract
Subnational data on both domestic and international cereal flows is essential for understanding
food supply chain vulnerabilities, yet no such dataset exists at a global scale. This study estimates
spatially resolved cereal flow networks across 3540 subnational regions in 195 countries using a
triply-constrained spatial interaction model that simultaneously enforces regional supply-demand
balance and consistency with reported bilateral trade statistics. Domestic distribution accounts
for approximately 25% of global cereal consumption, and 17% is met through international
trade. Nearly half of net importing countries contain surplus regions that supply grain domest-
ically, while virtually every net exporting country retains deficit regions reliant on inflows. Crop-
disaggregated supply profiles reveal that subnational regions with similar aggregate trade depend-
ency can have fundamentally different supply structures, differing in which crops dominate their
consumption, whether those crops are sourced locally, domestically, or internationally, and how
concentrated their sources are. Source concentration over exporting countries varies across subn-
ational regions and across crops, revealing vulnerability hotspots that national-level assessments
cannot detect. These subnational, crop-specific flow estimates can support targeted policy inter-
ventions to reduce supply chain vulnerabilities and enable more spatially precise environmental
footprinting of food supply chains.

1. Introduction

Agricultural trade has more than doubled between 1995 and 2018 [1], accounting for 19% of globally
consumed calories [2], which has allowed the flow of food from regions with surplus to those with
deficit [3, 4]. Trade can serve as an adaptation mechanism under climate change [5], 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, export restrictions,
and transport disruptions [6, 7]. With regional specialization, major breadbaskets have become sole sup-
pliers of agricultural commodities to other nations [8], and such structural food dependence of food
deficit countries can be disadvantageous, if food surplus countries decide to impose international trade
restrictions [9]. Overall, the potential of trade to enhance food security can only be realized if the associ-
ated risks of increased exposure to external stresses are understood and mitigated [10].

Extensive research has characterized food trade networks at the national level, documenting increas-
ing connectivity [11–13] and growing trade dependency [14, 15]. Yet the balance between the bene-
fits of trade connectivity and the risks of import exposure plays out at subnational scales and national
analyses mask critical variation [16]—a country can appear food-secure in aggregate while specific
regions face acute deficit and differentiated risk exposure [17]. Moreover, existing analyses focus almost
exclusively on international trade, yet domestic redistribution remains largely unquantified at a global
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scale[16]. Studies of subnational flows exist for individual countries [18–20], but no dataset provides a
globally consistent picture of both domestic and international flows at subnational resolution. This limits
not only food security analysis but also the environmental footprinting of food supply chains, since pro-
duction conditions vary enormously within countries and tracing impacts to specific consuming regions
requires subnational, crop-specific flow data [18, 21–23].

This study addresses these gaps by estimating cereal flows between all first-level administrative
regions in 195 countries, covering both domestic and international distribution for wheat, rice, maize,
other cereals. A spatially-constrained gravity model is used to estimate cereal flows, an approach well-
suited to this problem because it allocates cereals from surplus to deficit regions across a global net-
work while respecting known bilateral trade volumes, producing realistically diversified flow patterns
without requiring subnational trade data that does not exist for most countries. These ‘flows’ explicitly
link the region of production with the final destination of import, and hence provide an accurate estim-
ate of regional import dependencies. This work focuses on cereal grains 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 [24]. The estimated flows are used to: (i) quantify the scale and geography of domestic cer-
eal redistribution relative to international trade; (ii) reveal subnational heterogeneities in trade depend-
ency and self-sufficiency that are invisible at national scales; and (iii) assess how supply composition,
sourcing, and concentration differ across regions and cereal crops. These results provide a foundation for
more spatially precise environmental footprinting of food supply chains and for targeted interventions
to reduce supply chain vulnerabilities. Throughout, ‘self-sufficiency’ is used for the share of consump-
tion met by local production, ‘trade dependency’ for the share met by inflows, and ‘concentration’ for
the degree to which supply is dominated by few partners, measured by the Herfindahl–Hirschman index
(HHI).

2. Methods

This study estimates the flow of cereals between 3540 subnational regions in 195 countries by downscal-
ing 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) estimating subnational flows using a triply-constrained spatial interaction model, i.e. a
gravity model that simultaneously enforces origin supply, destination demand, and bilateral trade con-
straints, and (iii) validating the estimates against independent empirical data.

2.1. Data inputs
The primary data inputs are FAO’s national-scale statistics on the production, distribution, and con-
sumption for 15 cereal commodities—barley, buckwheat, canary seed, fonio, maize, millet, mixed grain,
oats, quinoa, rice, rye, sorghum, triticale, wheat, other—for the years 2017–2021. This 5 year win-
dow was the most recent period with complete reporting for all countries at the time of this analysis.
Although this interval includes the COVID-19 pandemic, it remains representative of typical global cer-
eal flows, as global cereal trade volumes were not significantly disrupted by the pandemic [25]. The five-
year average further smooths any transient disruption.

Discrepancies between the volume of cereal trade reported by importing and exporting countries
were resolved using a reliability index approach [26] (supplementary methods 1). A re-export algorithm
[22] was then applied to obtain cereal ‘flows’ that link the source of production with the destination of
import and ensure that total exports from a country never exceed its production and imports combined
(supplementary methods 2). The resulting flows represent total cereal movements including for food,
feed, and other uses. These processing steps were implemented separately for each crop and year, then
aggregated across cereal commodities and averaged over 2017–2021.

Subnational production was derived from the MapSPAM global gridded crop production dataset
[27], aggregated to administrative boundaries and scaled to match FAO national production totals for
2017–2021. Subnational consumption was estimated via a log-linear gamma regression fitted at the
national scale, using livestock counts, population, GDP, and cereal production as predictors (supplement-
ary methods 3). The fitted model was applied at subnational scales and the resulting estimates scaled so
that within each country their sum matches the FAO-reported national consumption total. Transport
costs between all pairs of subnational regions were obtained from Verschuur et al [28], who estimated
the cost (USD/tonne) of transporting grain commodities between subnational regions globally (supple-
mentary table 1).
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2.2. Triply-constrained spatial interactionmodel
This study employs a triply-constrained spatial interaction model based on entropy-maximization
principles [29, 30] to estimate subnational cereal flows. This approach generates the most probable dis-
tribution of flows across a network, given known constraints on regional supply, regional demand, and
bilateral trade volumes. It simultaneously routes domestic and international flows within a unified global
matrix, using transport costs as the spatial friction. The flow of a given cereal crop Xij from subnational
region i to region j is modelled as:

Xij = Ai ·Bj ·KAB · Si ·Dj ·Tr−β
ij

where Si is the tradable surplus in origin region i, defined as max(Pi −Ci,0); Dj is the deficit demand in
destination region j, defined as max

(
Cj − Pj,0

)
; Trij is the transport cost between regions; β is the trans-

port cost elasticity of trade, set to 1.5; Ai and Bj are regional balancing factors; and KAB is a country-pair
balancing factor where i ∈ Country A and j ∈ Country B. The balancing factors are solved iteratively to
ensure that the origin, destination, and bilateral trade constraints are satisfied. The value of β reflects the
expectation that trade in bulk agricultural commodities decays more steeply with transport cost than the
distance elasticities of approximately 1.0 typically estimated for aggregate trade [31]; sensitivity analysis
confirmed that results are robust across β = 1.2–1.8.

The model enforces three mass-balance constraints: (i) the sum of outflows from each region equals
its tradable surplus, (ii) the sum of inflows to each region equals its deficit, and (iii) the sum of all sub-
national flows between any two countries matches the observed FAO bilateral trade volume. The third
constraint implicitly captures non-distance trade frictions—including tariffs, geopolitical alignments, and
trade agreements—without requiring their explicit parameterization. Domestic trade targets are set as the
residual surplus after accounting for international exports. The model is solved via iterative proportional
fitting [32], with convergence defined as the maximum absolute error across all constraints falling below
1 tonne (supplementary methods 4). The model is run independently for four crop categories: wheat,
rice, maize, and other remaining cereals. This gravity model framework is readily generalizable to other
commodity groups given appropriate production, consumption, and bilateral trade data.

2.3. Sensitivity analysis
To test the sensitivity of estimated flows to the assumed cost elasticity β, the baseline network (β = 1.5)
was compared against two perturbed models (β = 1.2 and β = 1.8). The resulting network structure
proved highly robust in both cases. For all crops, the rank-order of all trade corridors remained nearly
identical (Spearman’s ρ⩾ 0.99), the models shared a common part of flows (CPF) ⩾ 0.96 with the
baseline, and flow volumes were highly correlated (R2 ⩾ 0.99). Over 98% of the highest-volume trade
routes (the top 5th percentile) remained consistent across scenarios (supplementary table 4).

2.4. Validation
The model was validated against two independent datasets. First, modelled US domestic cereal flows
were compared against the Freight Analysis Framework version 5 (FAF5) for 2017–2021. Validation
here focuses on comparing aggregate regional outflows and inflows, because the transshipment prob-
lem makes direct link-level comparison structurally ambiguous: the same grain may travel through inter-
mediate logistics hubs in freight surveys but appear as a direct origin-to-destination flow in the gravity
model (supplementary methods 4). Modelled cereal flows and US FAF flows showed strong rank correl-
ation for regional outflows (ρ= 0.70, p< 0.01). Inflow correlation was weaker (ρ= 0.26, p≈ 0.07), but
this is because FAF data identifies major port states, such as Louisiana and Washington, as top domestic
destinations, whereas the gravity model clears international demand directly from producing regions.

The model was also validated against Indian interstate cereal flows estimated by Harris et al [18]
for 2012. Despite a decade-long temporal gap, the model achieved strong nodal correlations for both
outflows (ρ= 0.77, p< 0.01) and inflows (ρ= 0.74, p< 0.01). Agreement was strongest for wheat
and weakest for maize. At the link level, the aggregate cereal network achieved ρ= 0.42 (p< 0.01) and
CPF = 0.45, indicating that the model correctly identified the spatial pathways for nearly half of India’s
physical grain volume. Wheat showed the strongest crop-specific alignment, capturing the centralized
outward flow from India’s northwest breadbaskets. Rice, maize, and other cereals showed substantially
weaker alignment, consistent with the heavy intervention of India’s Public Distribution System in rice
routing [18] and the structural shift of Indian maize from human consumption to feed over the inter-
vening decade [33]. Note that the Harris et al [18] estimates include internationally sourced cereals
within their interstate flow estimates, whereas our model separates domestic and international flows
explicitly, some divergence between the two is therefore expected. Full validation metrics by crop are
reported in supplementary table 5.
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3. Results

3.1. The scale of domestic and international distribution
International flows of cereals sum up to about 455 million tonnes and account for 16.6% of global
production, and global domestic flows make up a total of about 691 million tonnes which is 25.1%
of global production. Approximately 1610 million tonnes (∼58% of global production) are consumed
within the regions where they are produced. Domestic redistribution thus exceeds international trade
by a factor of 1.6, which underscores the critical role of internal distribution networks in global food
supply.

Both national and subnational flows follow a heavily right-skewed distribution: most flows are
small, with a few very large flows dominating total volumes. At the subnational level, flows can be sep-
arated into two types: those that cross international borders and those that move within countries.
The within-country flows are substantially larger—the biggest domestic corridors carry roughly seven
times the volume of the biggest international ones (supplementary table 6). The largest within-country
corridors connect breadbaskets to major consumption centres: Nebraska to Texas (5.8 Mt), Iowa to
California (5.1 Mt), and Heilongjiang to Guangdong (5.0 Mt). By contrast, the largest cross-border sub-
national corridors are smaller and connect neighbouring countries, dominated by flows from France
and Argentina (supplementary table 6). Aggregating across all trading partners, the regions with the
largest total outflows are Heilongjiang (China), Iowa (United States), and Henan (China) for within-
country flows, and Córdoba (Argentina), Mato Grosso (Brazil), and Saskatchewan (Canada) for cross-
border flows. The largest inflow destinations are Guangdong (China), Texas (United States), and Sichuan
(China)—these are populous, industrialized regions that depend on distant breadbaskets within their
own countries (supplementary table 7). The volume of within-country flows is strongly correlated with
national population (r = 0.79), reflecting the role of internal distribution in routing production from
geographically concentrated production zones to dispersed consumption centres.

Figure 1 illustrates these patterns. Panel (a) shows the national-scale flows derived from FAOSTAT.
The width of the links indicates the volume of trade flows, and the colour indicates the exporting region.
Panel (b) show the top 5% of the cereal flows at subnational scales, revealing a denser, more geograph-
ically distributed network in which domestic flows within India, China, Indonesia, and the United States
are visually prominent, a pattern that is entirely absent from the national-scale map. Notably, the inter-
national flow corridors visible at national scales fragment into many smaller subnational links, while the
domestic flows that are invisible at national scales emerge as some of the largest individual corridors
in the network. Panel (c) shows the domestic flow of cereals in 6 select countries—Spain, Colombia,
Ethiopia, United States, New Zealand, and India—illustrating how internal redistribution patterns vary
from highly centralized (Ethiopia and New Zealand) to more distributed (India and the United States).

3.2. Subnational heterogeneity within countries
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. In net importing countries, several
breadbasket regions generate substantial internal surpluses (figure 2(a)). Heilongjiang, Henan, and Jilin
in China ship significant cereal volumes southward. Spain’s Castilla y León, Indonesia’s Sumatera Selatan,
and Mexico’s Sinaloa likewise supply domestic shortfalls. In sub-Saharan Africa, Ethiopia’s Oromia,
Nigeria’s Kebbi, and South Africa’s Free State function as net internal exporters. However, very little of
these surpluses reaches international markets (figure 2(b)), suggesting that breadbasket regions in net
importing countries are primarily serving a domestic buffering function.

The mirror pattern holds in net exporting countries. Within the United States, Texas, California, and
North Carolina depend on domestic heartlands for their cereal supply. In India, Jharkhand, Maharashtra,
Bihar, and Gujarat rely on the Northwestern breadbasket, and Brazil’s São Paulo and Bahia depend on
their national production centres (figure 2(c)). International imports into deficit regions of net exporting
countries are generally modest but significant in a few cases, including Brazil and Germany (figure 2(d)).
These patterns suggest that subnational flow data is needed to accurately assess regional food security,
since a country’s aggregate trade position alone provides limited insight into its individual regions.

3.3. Self-sufficiency and trade dependence
Figure 3 quantifies, for each subnational region, the share of cereal consumption met by domestic
inflows versus international inflows. Regions in Latin America, the Middle East, and North Africa are
disproportionately reliant on international inflows, with many meeting most of their cereal demand
through imports. In Asia, large producers such as India, China, and Indonesia are predominantly
self-sufficient through domestic distribution, while regions in Japan and South Korea rely heavily on
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Figure 1. National and subnational cereal flows (annual, averaged over 2017–2021). (a) Cereal flows at national scales, derived
from FAOSTAT data. (b) Top 5% of estimated cereal flows at subnational scales. (c) Estimated domestic flows in 6 select coun-
tries. The width of arrows in (a) and (b) are plotted at the same scale; flows in (c) are plotted at different scales for visibility.

Figure 2. 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. (c) Net domestic inflows into deficit regions in net exporting countries. (d) Net inter-
national inflows into deficit regions in net exporting countries.

international inflows. North American and Russian regions are similarly dominated by domestic redis-
tribution. European regions are the most mixed, with many drawing substantially on both domestic and
international sources. A continental breakdown (supplementary figure 2) shows that domestic flows con-
tribute most to consumption in Northern America and least in Africa, while international inflows are
most prominent in Africa and Latin America. Majority of the international inflows into Africa, Asia, and
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Figure 3. Regional inflows in proportion to consumption (2017–2021). (a)
Proportion met by domestic inflows. (b) Proportion met by international inflows.
Colours 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.

Latin America and the Caribbean, originate from outside the continent. On the other hand, most inter-
national inflows into Europe come from within the continent, which can be attributed to the common
market and agricultural policy of the European Union. A comparison of international inflows, outflows,
and within-country flows for the 20 countries with the largest cereal flows is shown in supplementary
figure 3.

3.4. Crop-specific supply profiles
The aggregate patterns in figure 3 treat cereals as a single commodity and cannot reveal whether a
region’s supply is dominated by one crop or spread across several, nor whether different crops follow
the same sourcing channels. To examine this, cereal flows were disaggregated by crop (wheat, rice, maize,
and other cereals) and the supply composition of ten importing regions spanning diverse geographies
and dependency profiles was characterized (figure 4). The crop composition and sourcing of cereal sup-
ply vary across regions, such that regions with similar aggregate trade dependency can have fundament-
ally different vulnerability profiles. Ar Riyad (Saudi Arabia) and Gyeongsangnam-do (South Korea) are
both heavily dependent on international cereal inflows (95% and 82% respectively), yet their profiles are
very different. Ar Riyad’s dependency spans all crop categories, whereas Gyeongsangnam-do meets most
of its rice demand from domestic production and depends on international sources only for wheat and
maize. A disruption to global wheat markets would severely affect Gyeongsangnam-do’s cereal supply but
leave its rice supply intact, whereas Ar Riyad would be affected across the board.
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Figure 4. Cereal supply composition of ten selected importing regions (annual, averaged over 2017–2021). Each bar shows the
proportion of total cereal consumption met by wheat, rice, maize, and other cereals, with shading indicating the source: solid fill
for self-consumption (local production), diagonal hatching for domestic inflows (from other regions within the same country),
and cross-hatching for international inflows. Regions are sorted by total international inflow share. The composition of the ‘other
cereals’ category differs across regions (e.g. predominantly barley as animal feed in Ar Riyad versus millet and sorghum as staple
foods in Maradi).

At the other end of the spectrum, Texas (United States) and Maharashtra (India) are both pre-
dominantly domestically supplied but through very different crop channels. In Texas, self-produced
and domestically sourced maize from the US corn belt constitutes the majority of cereal consumption,
reflecting large-scale livestock feed demand. Maharashtra draws on wheat from northern Indian states
and rice from southern states. A drought in India’s northern breadbasket would disrupt Maharashtra’s
wheat supply while leaving its rice and maize channels intact, whereas Texas’s vulnerability is concen-
trated in a single crop system. Other regions illustrate further diversity. Guangdong (China) draws sub-
stantially on wheat, rice, and maize through both domestic and international sources. Maradi (Niger)
depends almost entirely on other cereals, sourced from local production and domestic inflows, making
it vulnerable to production shocks affecting the wider region. Al Qahirah (Egypt) shows heavy interna-
tional wheat and maize dependency alongside substantial domestic rice inflows. Cataluña (Spain) shows
a mix of domestic production and international sourcing across multiple crops, wheat primarily from
within the EU, maize primarily from Latin America.

These supply profiles demonstrate that aggregate measures of trade dependency systematically under-
state crop-specific vulnerabilities. To quantify this further, the HHI1 was used to assess concentration in
crop-specific flow networks. The HHI measures the relative size of firms within an industry and serves
as an indicator of market competitiveness—it was shown to be empirically linked to food price-volatility
risk at the national level by Karakoc and Konar [34]. High international dependency does not neces-
sarily imply high source concentration. Gyeongsangnam-do imports about 99% of its wheat and maize
internationally yet maintains HHI values below 0.25 for both, indicating effective supplier diversification.
Ar Riyad similarly shows low wheat HHI (0.15) but high rice HHI (0.63), revealing uneven diversific-
ation across crops. Conversely, moderate international dependency can mask acute single-source risk.
Oaxaca’s international maize imports account for 47% of consumption but come almost entirely from
one country, the United States (HHI = 0.91). Istanbul’s wheat imports, at 66% of wheat consumption,
show an HHI of 0.54, indicating reliance on two dominant suppliers (Russia and Ukraine). supplement-
ary figure 4 maps the HHI of international cereal inflows at subnational resolution for each crop, restric-
ted to regions where the crop constitutes at least 20% of cereal consumption and more than 20% is
sourced internationally. The crop-specific maps highlight which regions within a country face concen-
trated supply risk and for which cereals. These examples demonstrate that assessing supply chain vulner-
ability requires examining both the level of international dependency and its concentration across source
countries, at the level of individual crops and individual regions—a resolution that only subnational,
crop-disaggregated flow data can provide.

1 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.
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4. Discussion and conclusions

This study provides the first globally consistent estimate of cereal flows at subnational resolution, cov-
ering both domestic and international distribution for wheat, rice, maize, and other cereals across 3540
administrative regions. Three principal findings emerge.

First, domestic redistribution constitutes the largest component of global cereal distribution, yet
has been almost entirely absent from global food trade analyses. Domestic flows exceed international
flows on every continent except Africa. Harris et al [18] and Karakoc et al [20] documented substan-
tial domestic cereal redistribution in India and the United States respectively; our results place these
individual-country findings in a global context, extending global trade analyses such as D’odorico et al
[11] to include the domestic dimension that most studies omit. Second, the subnational heterogeneity
within countries, with surplus and deficit regions coexisting regardless of aggregate national trade posi-
tion, demonstrates that national-level indicators mask critical spatial variation. Domestic redistribution
can partially buffer international supply shocks, and the surplus regions identified within net import-
ing countries may play a critical role in this regard. Third, the crop-disaggregated analysis reveals that
aggregate measures of trade dependency systematically understate vulnerability. Regions with similar
aggregate import shares can have fundamentally different risk profiles depending on which crops they
import, from where, and with what source concentration. These findings extend Kummu et al [14] doc-
umentation of declining partner diversity and Hernández et al [35] analysis of rising agrifood concentra-
tion to the subnational and crop-specific level.

The gravity model framework could be extended to incorporate additional commodity groups, time-
series analysis to track evolving dependencies, and integration with climate scenarios to simulate the
impact of production shocks on subnational supply chains. These flow estimates also provide a found-
ation for more accurate environmental footprinting of food supply chains. By linking specific consuming
regions to their actual production sources, subnational flows enable the attribution of production-side
environmental impacts—greenhouse gas emissions, water use, fertilizer application, land use change—to
the regions that drive demand for those products.

Several limitations should be noted. The gravity model assumes transport cost is the primary spatial
friction, and while the bilateral trade constraint implicitly captures tariffs, geopolitical alignments, and
institutional relationships, factors such as government procurement systems and pre-existing contracts
are not explicitly modelled—likely explaining the weaker validation performance for rice and maize
in India. Regional consumption is computed separately rather than endogenously, which may over- or
under-estimate the tradeable surplus in regions. Gridded crop production data may contain spatial mis-
allocations that propagate into flow estimates. Furthermore, the modelled flows represent total cereal
movements including feed and industrial uses, and should be interpreted accordingly. Finally, out-of-
sample validation was possible only for the United States and India, and as subnational validation data
becomes available for more countries, confidence in the estimates can be further strengthened.

The identification of concentrated supply corridors, crop-specific dependencies, and highly import-
dependent regions provides a spatial evidence base for targeted interventions, such as storage infrastruc-
ture placement, transport corridor investment, and crop-specific diversification strategies. These find-
ings 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 [36–38].
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