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Abstract

Environmental and Economic Consequences of Agriculture

by

Linus Blomqvist

Agriculture produces nearly all human food and supports the livelihoods of a large share of
the world’s population. It is also among the leading causes of habitat loss, greenhouse gas emis-
sions, and air and water pollution. What agriculture costs the environment, and what constrain-
ing it costs producers and consumers, are therefore central policy questions. This dissertation
takes up both in three chapters.

Chapter 1 asks what a package of Brazilian anti-deforestation policies — the Amazon Soy
Moratorium, cattle agreements, and 2012 Forest Code — costs the producers it restricts. A
nested logit model of land use, estimated on a pixel-level panel of the Amazon and Cerrado,
yields the compensating variation: those producers’ welfare loss, or the money it would take
to make them whole. That loss is 25 percent of their welfare, some 45 billion dollars in present
value. The package retains 2.7 million hectares of Amazon forest, whose carbon justifies it at
any social cost of carbon above 43 dollars per tonne.

Chapter 2 asks whether yields are rising fast enough to meet projected 2050 crop demand
without further cropland expansion. Fitting ten piecewise-linear trend models to 34 crop-
country yield series for maize, rice, wheat, and soybean over 1961-2024 shows that yield
plateaus are rare — under 10 percent of global production for every crop. Where simulated
potential yields are available, most systems, plateaued or not, remain well below their biophys-
ical ceiling. Projected growth nonetheless falls far short of demand for maize and soybean, and

closing that gap with land instead would take roughly 55 million hectares.

vil



Chapter 3 asks what drives the US agricultural nitrogen surplus, and how much of the ap-
parent efficiency gain is real. An exact index decomposition of a new nitrogen budget spanning
18 crops and 2,829 counties separates five drivers. A near-flat total since 1990 conceals two
large offsetting forces: rising yields added 1.99 Tg N of surplus, while falling surplus per unit
of output removed 1.40 Tg N. Nearly a third of the apparent gain in conventional nitrogen-use

efficiency reflects shifts in crop mix and geography rather than improved field practice.
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Land-Use and Welfare Effects of
Anti-Deforestation Policies: Evidence from

the Brazilian Amazon

Linus Blomgvist Roberto Amaral-Santos

Andrew J. Plantinga Robert Heilmayr

Bren School of Environmental Science and Management, University of California, Santa

Barbara

1 Introduction

The Brazilian Amazon holds one of the world’s largest stores of forest carbon (Saatchi et al.
2011) and a large share of its terrestrial biodiversity (Ter Steege et al. 2013; Jenkins, Pimm, and
Joppa 2013). Clearing the forest releases that carbon (Gatti et al. 2021) and destroys habitat
of global significance. Slowing this loss is central to Brazil’s commitments under the Paris
Agreement and to international biodiversity targets (Brazilian Government 2024; Conference

of the Parties to the Convention on Biological Diversity 2022).



Brazil has built a broad set of policies (Nepstad et al. 2014) to slow this clearing, which is
driven primarily by cattle ranching and, indirectly, by soybean cropping (Barona et al. 2010;
Song et al. 2021). Some are decades old, including protected areas, indigenous reserves, and
the Forest Code — the country’s foundational land-use law, first enacted in 1965 (Soares-Filho
etal. 2014). The Forest Code sets the basic rule for private land: owners of forested property in
the Amazon must leave most of it standing. For decades that rule went largely unenforced. That
changed in the 2000s, when the government overhauled its conservation policy in two waves
(Assuncao, Gandour, and Rocha 2015). Both put new weight on enforcing the law against il-
legal clearing. The first, in 2004, was an action plan for the Amazon (the PPCDAm) that built
a satellite system to flag new clearing every two weeks and used those alerts to direct federal
enforcement officers to it (Assun¢do, Gandour, and Rocha 2023). The second came in 2008,
when the government concentrated enforcement on a published list of the worst-offending mu-
nicipalities (Assun¢do and Rocha 2019) and made rural credit in the Amazon biome conditional
on proof that the borrower complied with environmental law (Assun¢do, Gandour, and Rocha
2015). Two new supply-chain agreements followed. In 2006, major soy traders launched the
Amazon Soy Moratorium (ASM), refusing to buy soy grown on Amazon land cleared after
a cutoff later set at July 2008 (Heilmayr et al. 2020; Gibbs et al. 2015). In 2009, the largest
slaughterhouses signed cattle agreements applying similar terms to beef (Alix-Garcia and Gibbs
2017). The 2012 revision of the Forest Code then converged on the same threshold, granting
amnesty for illegal clearing that predated July 2008 while leaving later violations exposed to
sanction (Soares-Filho et al. 2014). What unites the three is this common cutoft: each raises
the cost of clearing Amazon forest after July 2008, whether by withdrawing market access (the
ASM and cattle agreements) or, for illegal clearing, by legal sanction (the Forest Code). Be-
cause they draw the same line in the same biome, they bind producers as a single regime, which
we call the policy package. The agreements cover much of the region’s soy and beef, and the
Forest Code applies to all private land. The three are also linked in practice, not only in tim-

ing. The traders and slaughterhouses screen their suppliers using the government’s property



registry, its embargo lists and its satellite imagery, so the private agreements run on the state’s

monitoring system (Nepstad et al. 2014; Gibbs et al. 2015).

Their effect on clearing, though, is uneven across the three. It is clearest for the soy moratorium:
a triple-difference evaluation attributes about 18,000 km? of avoided clearing to it over its first
decade, roughly a third less than a no-moratorium counterfactual (Heilmayr et al. 2020). For
the cattle agreements the evidence is mixed: an early evaluation found little net effect, gains
on monitored suppliers lost to leakage (Alix-Garcia and Gibbs 2017), while more recent work
finds they curbed deforestation where legally enforced (Da Mata, Dotta, and Severnini 2026).

The Forest Code’s registry yields only small reductions that soon fade (Azevedo et al. 2017).

These policies work by restricting what landowners may do with their own land. That restriction
falls on a specific, bounded group: the farmers and ranchers of the frontier whose land it makes
less valuable. The benefits are shared far more widely. A more stable climate and preserved
biodiversity accrue to the world at large, and over a long horizon. This asymmetry is a familiar
problem in the political economy of regulation. When costs fall on a small, organized group
and benefits spread thinly across a very large one, the losers have both the incentive and the
cohesion to resist, while the diffuse winners exert little countervailing pressure (Wilson 1980).

A policy of this kind is politically fragile, even if a cost-benefit analysis would endorse it.

Exactly these dynamics are now playing out around the policy package. Brazil’s competition
authority has moved to suspend the ASM on antitrust grounds (Hanbury 2025). The state of
Mato Grosso has passed laws penalizing firms that comply with it (WWF 2025). Producer as-
sociations have sued the signatory traders (Cassauwers 2025). The Forest Code’s 2012 revision
was itself the product of an agribusiness campaign to roll back the prior law (Soares-Filho et al.
2014), and the ruralista bloc continued to press against environmental enforcement under Bol-
sonaro (Ferrante and Fearnside 2019). How such conflicts resolve depends on that concentrated
cost. When extending the soy moratorium into the Cerrado was negotiated, the central proposal

was to pay soy farmers to forgo legally permitted clearing; producers rejected any moratorium
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that did not compensate them, and downstream buyers pledged only limited funds (Bastos Lima
and Persson 2020; Garrett et al. 2022). The size of that cost, and how it is measured, is the

question this paper takes up.

That conservation restricts private land use at a cost to those it binds is a general finding, doc-
umented across many settings and measured in many ways. Studies have estimated the agri-
cultural rents given up when forest is left standing (Borner and Wunder 2008). Others have
measured the fall in land value when regulation removes the right to develop (Auffhammer et
al. 2020; Boskovi¢ and Nestbakken 2017), the revenue foregone by resource users placed un-
der new limits (Booth et al. 2021; Ando et al. 1998), or the change in local income and poverty
that follows a protected area (Ferraro et al. 2015; den Braber et al. 2024). One line of work
goes further, valuing the cost of lost forest access to nearby households as the compensation
they would require to accept it (Shyamsundar and Kramer 1996). These measures do not all
point the same way; some conservation policies raise local incomes rather than lower them
(Ferraro et al. 2015; den Braber et al. 2024). The cost of conservation is thus neither obvious

nor uniform, and how it is measured shapes what one concludes.

That cost is best captured as a change in welfare. In economics, welfare is a measure of how
well off a person is overall: their economic well-being, akin to utility or surplus. It is not the
same as revenue, profit, or output: each of those measures a specific outcome, not how well off
the producer is overall. Welfare instead values a producer’s entire set of land-use options, not
only the use finally chosen. A policy that lowers the value of those options makes the producer
worse off even when observed land use does not change. Land value is the closest familiar
analogue. A parcel’s sale price reflects everything its owner could do with it, so a policy of
this kind shows up in the price even when current use and current profit do not. The land-
value studies noted above take this route, reading the cost of a regulation off what land sells for

(Auffhammer et al. 2020; Boskovi¢ and Nestbakken 2017).

For the Brazilian policies, the cost has been approached from several directions. Studies have
4



counted the area of clearable forest the ASM removes from use (Rausch and Gibbs 2021),
estimated its effect on farmgate soy prices (Barrozo and Skidmore 2026), and traced the local
economic activity that followed intensified enforcement (Merkus 2024). These point to a small
or even favorable effect, but each captures a single dimension rather than the producer’s overall
position. Structural models capable of a full welfare measure have been built for Amazon
land use, yet they have been aimed at policies that were never enacted: a hypothetical tax
on deforestation or payments for ecosystem services (Souza-Rodrigues 2019), or the carbon-
efficient allocation of land under an assumed carbon price (Araujo, Costa, and Sant’ Anna 2026;
Assuncao et al. 2026). What has not been measured is the welfare cost of the enacted package
itself, as the ASM, the cattle agreements, and the Forest Code actually bind producers. That is

what this paper provides.

To do so, we estimate a structural model of land use. The model is a nested logit in which
the owner of each pixel of land chooses among forest, pasture, and crops according to the
rents each use offers (Train 2009; Lubowski, Plantinga, and Stavins 2006; McFadden 1981).
Whether the policy package binds a pixel enters the model directly, through terms tied to the
post-2008 restriction in the Amazon. We estimate the model on a pixel-level sample spanning
the Amazon and Cerrado over 2000 to 2019. Because the three instruments coincide on the
same cutoff and the same biome, we estimate their combined effect. We do not separate the
contribution of any one instrument, and we make no claim about their individual effects. The
welfare measure follows from the estimated model. We take producers as they stood in the
base year, 2008, and compute the expected value of each one’s full set of land-use options
twice: once with the policy package in force, once with it removed. Both are evaluated at the
same starting state, so their difference isolates the policy rather than any later divergence in
land use or prices. That difference, expressed in money, is the compensating variation: the sum
that would have to be paid to each producer to leave them as well off with the policy as without
it. It is the standard money measure of welfare that economists use to value a policy change

(Small and Rosen 1981; McFadden 1981; Dundas and Von Haefen 2020; Parsons, Plantinga,
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and Boyle 2000). Because it is built from the value of the whole option set, it captures the loss

that a revenue or profit comparison would miss.

To complete the cost-benefit comparison, we need three further quantities. The same estimated
model supplies them when we simulate land use forward under the policy package and a no-
policy counterfactual, with prices and yields free to adjust. None stands apart from the com-
parison: the first two bear on the benefit, the third on the cost. The first is how much clearing
the package prevents. Prior evaluations have measured this one instrument at a time, as noted
above; we do not claim a better estimate. Our interest is the combined figure the package pro-
duces, because the retained forest sets the value of the avoided carbon emissions, one side of
the comparison this paper draws. The second question asks whether that figure overstates the
gain. If forest saved in the Amazon is merely cleared elsewhere, the carbon benefit is smaller
than it appears. Prior work finds that production does shift across the biome border but often
lands on already-cleared ground, while price-mediated displacement within Brazil can offset
part of the gain (Moffette and Gibbs 2021; Soterroni et al. 2019; Villoria et al. 2022). Our
framework accounts for this displacement within the same model that produces the forest and
welfare estimates. The third question bears on the cost. A restriction on clearing should, in
principle, push producers to raise output on land they already farm (Thaler 2017), a response
documented for cattle where enforcement has tightened (Koch et al. 2019) though not for dis-
placed soy (Moffette and Gibbs 2021). This matters for our welfare measure in a specific way.
The compensating variation compares producers’ options in the base year, before prices adjust,
so it does not embed the intensification that price adjustment would bring. Induced intensi-
fication therefore serves as a check on it. If the package induces substantial intensification,
producers recover part of the forgone production, and our estimate is an upper bound on the

true cost. If it induces little, the estimate is not biased in that direction.

Our results speak to both the cost and the benefit. The package lowers the monetized welfare

of the producers it binds by about 25 percent, on the order of 45 billion US dollars in present



value, or roughly 3 billion dollars a year in perpetuity. To our knowledge this is the first welfare
estimate of the enacted package. The loss is concentrated on frontier landowners, and they have
little to offset it: we find almost no induced intensification, so producers recover little of the
production the restriction prevents. On the benefit side, the package retains about 2.7 million
hectares of Amazon forest relative to the counterfactual. We find almost no displacement of
land use into the Cerrado, so this retained forest is close to a true reduction in clearing rather than
clearing moved elsewhere. Keeping that forest standing avoids a one-time release of carbon
worth on the order of 200 billion US dollars at a social cost of carbon of 190 dollars per tonne.
Weighing the two against each other is a cost-benefit calculation, and by that test the package is
justified for any social cost of carbon above roughly 43 dollars per tonne. But that test weighs
only the totals. It is silent on who gains and who loses, and here the winners and losers are
different people: the benefit is diffuse and global, while the cost is steep and falls on a narrow
group of producers. It is this distribution, more than the overall balance, that will determine
whether the package survives the challenges now before it. And because our cost measure is
what would make a bound producer whole, it is also the size of the transfer that resolving that

divide would take.

2 Methods

2.1 Model Framework

A risk-neutral, price-taking owner of pixel ¢ chooses, in year ¢, the land use & that maximizes
utility given the pixel’s starting land use 7, in a random-utility discrete-choice model of land use
(Train 2009; Lubowski, Plantinga, and Stavins 2006; Lawler et al. 2014; Heilmayr, Echeverria,
and Lambin 2020; Araujo, Costa, and Sant’Anna 2026). Ultility splits into a component we

observe, V., and an 1.1.d. type-I extreme-value error capturing pixel-specific unobservables,



which yields closed-form choice probabilities. What drives the choice is the rent each land use
yields — the net agricultural return to the pixel — so the model requires a rent for every pixel,

land use, and year.

A change in the return to one land use should not shift the odds among the others proportionally:
clearing for crops and for pasture are closer substitutes than either is to staying in forest. We
therefore do not impose independence of irrelevant alternatives (I[A) across all alternatives.
Instead we use a nested logit with a forest nest and a cleared nest containing crops and pasture,

imposing ITA only within nests.

The sections that follow construct the data the model requires — the land uses and the rents —

and then give the specification and its estimation.

2.2 Study Area and Land-Use Data

Our unit of analysis is a 30 x 30 m pixel drawn on a 1 km fishnet grid with a random starting
point, with annual land-use classifications for 2000-2019 taken from MapBiomas Collection 8
(MapBiomas Project 2024). To keep computation tractable, we use a 50% subsample of these
pixels. The grid covers the portion of Brazil lying within 600 km of the Amazon biome bound-
ary and falling inside either the Amazon or the Cerrado biome. Two considerations motivate
this extent. First, this band follows the “Arc of Deforestation” along the southern and eastern
edge of the Amazon biome (Fearnside 2005), the belt where agricultural expansion and land-
cover change have long been concentrated. It takes in a large share of the country’s crop and
pasture output. Second, restricting the sample to the Amazon and Cerrado biomes keeps the
analysis centered on the soy- and pasture-dominated systems that are our focus. We collapse
the MapBiomas classes into three land uses: forest, pasture, and crops. The constituent classes

and the classes we exclude are detailed in Section A.1.



2.3 Rent

For each pixel 7, land use £, and year ¢, we compute a rent 7,;,, — the net agricultural return per
hectare — as revenue minus cost. Revenue is a pixel-specific yield times a commodity price,

R.

ikt = Yire Pit» Where the prices p;, are common to all pixels (in 2019 BRL per ton). Cost

is the expense of transporting that output to the nearest export port, C;;., = tc;, d; Y1, where
tc,, is the per-ton transport cost of commodity £ and d; the travel time from pixel ¢ to port. We
take transport cost as a proxy for total production cost, which introduces geographic variation
in rents, since more remote pixels lose more value in transit and tend to face higher input costs.

Rent is the difference,

Tint = Bine — Cirt = Yine (Pre — tep dy).

Because it nets out transport but not the other costs of production (inputs, labor, machinery, and
herd upkeep), this rent is a gross measure that overstates the true net return. Any welfare cost

built on it is therefore an upper bound.

We test how much this matters by rescaling rents to an approximate net return, multiplying
each land use’s rent by a profit margin: the share of revenue left after operating costs. The
two margins come from separate sources. For crops we use a farm-budget study of typical soy
and integrated crop-livestock farms in Mato Grosso (Dos Reis et al. 2020), and for cattle a
production-cost panel for beef rearing and fattening in Rondonia (CNA SENAR 2024). We
report the result as a robustness check rather than as our main estimate, because two farm
budgets from particular states and years are a thin basis for rescaling rents across the whole
study area and period. The margins, their sources, and the assumptions needed to apply them

are detailed in Section A.1.3.



Yields vary geographically because pixel-level agronomic suitability from GAEZ (FAO 2022)
scales a baseline observed yield. For crops that baseline is the municipal yield reported by
IBGE (IBGE 2022). For pasture no such yield is reported, so we construct a national average:
IBGE cattle carcass output (IBGE 2026) divided by MapBiomas pasture area. The crop rent is
an area-weighted average across the ten crops that dominate production in the study area. Prices
come from FAOSTAT and ESALQ (FAO 2026; ESALQ 2026). We convert these annual rents
into perpetuities: a landowner values each land use by the present value of the rents it yields.
That present value, computed from the average annual rent over the period, drives the choice
rather than a single year’s return. The construction of yields, the crop basket, transport costs,

and prices is detailed in Section A.1.2.

2.4 Specification and Estimation

We specify the observed component of utility as

Vijkt = Bk + Ba Ty + Bag policy,, + By 1{start = j} + Bs i policy 1{start = j},

so choices respond to profit 7;;, through a single rent coefficient 3,, to land-use intercepts 3,
to the cost of converting out of the starting land use (8,,y,), and to the policy package both di-
rectly (35,) and interacted with the starting land use (55 jk)- Profit enters as a perpetuity, which
assumes producers effectively expect recent rents to persist. The perpetuity treatment follows
Lubowski, Plantinga, and Stavins (2006), who likewise base expected returns on an average of
realized returns over the recent past, an assumption that smooths transitory shocks and avoids
imposing an unobserved model of how producers forecast. Each of the three instruments tar-

gets the clearing of Amazon forest that was standing in 2008, once it is cleared after that year.

10



The soy moratorium and the cattle agreements deny market access to output from such land,
while the revised Forest Code brings legal sanction against clearing that breaches the legal-
reserve rules. The Forest Code’s July 2008 date is itself national, so the date alone does not
separate the Amazon from the Cerrado. What separates them is the share of each property the
law requires owners to keep forested, which is far higher in the Amazon and so puts much more
post-2008 clearing there in breach. The policy dummy encodes this shared trigger, switching
on after 2008 for Amazon pixels forested in 2008; because the instruments coincide on it they
are collinear, so its coefficient is their combined effect rather than any one alone. The dummy
also picks up the enforcement that stands behind the Forest Code. From 2008 the government
concentrated enforcement on the worst-offending municipalities (Assun¢ao and Rocha 2019)
and, in the Amazon biome specifically, made rural credit conditional on proof of compliance
with environmental law (Assunc¢do, Gandour, and Rocha 2015). Both target illegal clearing on
Amazon land after 2008, so they fall inside the treated group. We therefore read the coefficient
as the effect of the post-2008 Amazon regime as a whole, not of the three named instruments
alone. We use five-year periods, long enough to capture forest-to-crop transitions that seldom

occur within a single year.

The policy enters through two coefficients because its effect on a parcel’s choice depends on
the parcel’s starting land use. The direct term 35, gives the policy’s effect on the appeal of
converting to use k for the reference starting use, which is crops, while the interaction j
shifts that effect for parcels that begin the period in use 7. Because each is measured relative
to the reference starting use, neither coefficient is interpretable on its own. Since the policy
is designed to bind on parcels that are still forested, the quantity of interest is its effect on a
forest-to-k conversion, the sum B3 + B forest - We report and test that sum with a joint Wald

test (Table 1) rather than interpreting the two coefficients separately.

These coefficients are identified from a difference-in-differences contrast built into the choice

model. The dummy turns on only for parcels that were Amazon forest in 2008, and only after
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2008: the bound parcels, those the policies restrict. So 33, and 3 ;,, measure how their clearing
behavior shifts once the policies take effect, beyond what their rents and the general transition
structure predict. That shift is identified against unbound parcels (outside the Amazon, or not
forested in 2008) and against the pre-2008 period. The approach differs from the usual use of
an estimated choice model, which fixes the coefficients and simulates a hypothetical policy by
perturbing prices; here we estimate the enacted policy’s effect directly. Reading the coeffi-
cient as a causal effect requires a parallel-trends assumption: absent the policies, the clearing
propensities of bound and unbound parcels would have moved together after 2008, conditional

on rents.

The model is estimated by maximum likelihood on one randomly chosen year per pixel,
which avoids temporal autocorrelation among a pixel’s repeated observations. The transition-

probability expression and the remaining estimation details are given in Section A.2.

2.5 Simulation

We simulate land use forward from 2008 in five-year steps through 2023, under a policy sce-
nario and a no-policy counterfactual. At each step we turn the estimated transition probabilities
into a realized land use for every pixel by drawing from a uniform distribution and assigning

the use whose probability interval contains the draw.

Prices and yields are endogenous. Reallocating land changes the production of crops and cattle,
which moves prices — through a price flexibility, the inverse of a demand elasticity — and,
through that price change, yields, via a price-yield response on the intensive margin. Because
the new yields themselves alter production, we iterate these adjustments within each step until
production stabilizes, then carry the resulting prices, yields, and rents into the next step. The
iteration lets the simulation capture the equilibrium response of both demand and supply to the
policy-induced change in land use. We quantify uncertainty by drawing 100 coefficient vectors
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from the model’s estimated distribution and re-running the simulation for each—a Monte Carlo

approach — reporting 2.5th—97.5th-percentile intervals.

These simulations underlie our land-use results; the welfare measure (Section 2.6) is computed
separately on the observed 2008 data and does not use simulation output. From the policy-
versus-counterfactual contrast we read avoided deforestation (the difference in Amazon forest
area between the two scenarios) and spillover (the same difference for forest outside the Ama-
zon). We also isolate induced intensification, the extra output drawn from land already farmed
as policy-driven scarcity raises prices and producers respond by lifting yields. We measure it
as a double difference: the policy’s land-use effect with the yield response switched on (the
full response), less the same eftect with it switched off, so prices still move but yields do not
(the price-only response). Their difference, in hectares, is the part of the policy’s land-use effect
that this yield response accounts for. The adjustment equations, parameter values, convergence

properties, and scenario design are given in Section A.3.

2.6 Compensating Variation

Our welfare measure is the money-metric change in landowners’ welfare from the land-use
choice, a producer-side analogue of the compensating variation. Because a valid compensating
variation compares two states that differ only in the policy, we evaluate it on the observed 2008
data, holding land uses and rents fixed and simply switching the policy dummy on and off; it
therefore does not draw on the forward simulation. The relevant value is not the utility of the
one use a producer ends up in, but the expected utility of the best of all uses open to them. The
nested logit delivers this in closed form as the logsum, computed from the value of every option
(forest, pasture, and crops) (Small and Rosen 1981). For pixel ¢, the compensating variation is
the difference in this logsum, converted to money by dividing by the marginal utility of profit

B, between the policy (1) and no-policy (0) settings:
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where ), is the dissimilarity parameter of nest m and the inclusive value of a nest is

kem

The forest nest holds a single alternative, so it is degenerate. Its dissimilarity parameter is then
not separately identified — trivially one in a utility-consistent nested logit — so we do not
estimate it (Hunt 2000). With forest as the reference alternative (V.. = 0), its inclusive value

is IV« = 0, and the compensating variation reduces to

1
C‘/z - 6_ [ln(l + eXp<)‘clearedIV cleared>) B 111(1 + exp()\deared[v cleared))] )
2

We sum C'V; across pixels and scale to a landscape total in US dollars. We report the aggregate
compensating variation with a Monte Carlo confidence interval, both as a present value (perpe-
tuity) and as the equivalent annual flow, along with the proportional welfare loss for the bound
group (Amazon pixels forested in 2008). Because the comparison holds rents fixed and the
policy dummy is switched on only for bound pixels, unbound Amazon pixels and the Cerrado

are unaffected by construction.

2.7 Consumer Surplus

The compensating variation captures landowners. Commodity consumers are a second group,
reached not through the policy dummy but through prices: lower output raises prices, leaving

consumers worse off. Because this channel is active only where the policy moves equilibrium
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quantities and prices, we measure it on the forward simulation rather than the base-year data (the
base-year compensating variation holds prices fixed and so has no consumer-surplus content
by construction). The simulation embeds an inverse world demand curve (the price flexibilities
of Section A.3, scaled to Brazil’s share of world output). The policy moves output along it
from the no-policy equilibrium to the policy equilibrium at the final simulated period. The
change in world consumer surplus is minus the area to the left of that demand curve between
the two equilibrium prices, computed per commodity and summed. We report two estimators
— a trapezoid on the two simulated equilibria and an exact constant-elasticity form, which we
take as our primary measure — with Monte Carlo confidence intervals; the formulas are given

in Section A 4.

2.8 Value of Avoided Carbon

We value the forest the policy retains as avoided carbon emissions. Clearing forest for pasture
or crops releases the difference between the carbon stored in standing forest and in the land use
that replaces it; keeping the forest avoids that release. We use land-use carbon stocks (above and
below ground) of 159 tonnes per hectare for forest, 53 for pasture, and 52 for cropland, derived
in a companion analysis (Amaral-Santos et al. 2026) from biomass carbon density (Spawn et al.
2020) and soil organic carbon (MapBiomas Project 2023). Avoided clearing in the Amazon is
the area that stays forest under the policy but would have been cleared for pasture or cropland
without it. We take it at the final period of the forward simulation (Section 2.5). We apply
the per-hectare stock difference to this area, convert the retained carbon to carbon dioxide, and
value it at a social cost of carbon of 190 US dollars per tonne, a round value between two recent
central estimates at a 2 percent near-term discount rate: 193 dollars (Environmental Protection
Agency 2023) and 185 dollars (Rennert et al. 2022). Dividing the producer compensating
variation (Section 2.6) by these same avoided emissions gives the break-even social cost of
carbon: the value at which the carbon benefit offsets the producer cost.
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3 Results

3.1 Model estimates

Table 1: Nested logit coefficient estimates (preferred specification). Standard errors in paren-
theses. *p < 0.05, **p < 0.01, **p < 0.001.

Estimate
intercept crops 5.045%**
(0.051)
intercept pasture 3.779%**
(0.140)
rent 0.299 %
(0.027)
policy:crops -1.813%#*
(0.510)
policy:pasture -1.822%%*
(0.548)
starting forest:crops -8.671%**
(0.093)
starting forest:pasture -6.419%**
(0.134)
starting pasture:crops -3.546%**
(0.133)
starting pasture:pasture -0.768***
(0.137)
policy:starting forest:crops 1.224*
(0.512)
policy:starting forest:pasture 1.548%*
(0.548)
policy:starting pasture:crops 0.244
(0.514)
policy:starting pasture:pasture 0.060
(0.549)
iv:cleared 0.448***
(0.041)

Table 1 reports the coefficient estimates for the preferred specification. The rent coefficient is

positive and significant, meaning that an increase in the per-hectare rent of a land use raises
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the probability that a parcel transitions into that use, as economic theory predicts. The large
negative coefficients on the starting-land-use terms show that producers rarely clear standing
forest: a forested parcel is far less likely to become crops or pasture than an already-cleared
parcel is to stay in agriculture, consistent with the high cost of clearing forest. The inclusive-
value parameter for the cleared nest is 0.45. A value between 0 and 1 confirms that crops and
pasture are closer substitutes than either is to forest, since they share unobserved determinants,
and keeps the model consistent with utility maximization (Train 2009). At 1 the nest would
collapse to a simple logit, and outside that range the model would be inconsistent with utility-

maximizing behavior.

Our central interest is in the policy coefticients, which capture the effect of the post-2008 anti-
deforestation policy package on bound parcels (Amazon pixels forested in 2008). These co-
efficients are read against two reference categories: forest as the ending use and crops as the
starting use. The direct term (policy:crops, 35) says that, for a parcel starting in crops, the pol-
icy makes staying in crops less likely than reverting to forest; the interaction (policy:starting
forest:crops, [35) adjusts that effect for a parcel starting in forest instead. Neither term on its
own is the policy’s effect on clearing. For a forest parcel, that effect is the sum of the two,
B3+ B — the policy’s effect on clearing forest to crops, and, from the matching pasture terms,
forest to pasture. We therefore test the combined policy effect on each managed land use with
a joint Wald test. The combined effect on conversion to crops is negative and statistically dis-
tinguishable from zero (x2(1) = 219.54, p < 0.001), as is the combined effect on conversion
to pasture (x2(1) = 294.15, p < 0.001). In other words, the policies reduced the probability

that a forested parcel was cleared for either crops or pasture, which is their intended effect.

17



3.2 Land-use outcomes

We simulate land use under the policy and under a no-policy counterfactual and report the diftfer-
ence (policy minus counterfactual) at the final simulated period, with Monte Carlo confidence

intervals.

million ha

-2 .
Crops Forest Pasture

Figure 1: Effect of the anti-deforestation policies on land-use area in the Amazon (million ha).
Policy minus no-policy counterfactual; thick bars are 95% Monte Carlo confidence
intervals.

In the Amazon, the policies increased forest area by about 2.7 million hectares (Figure 1), a gain
that is mirrored by reductions of roughly 2.1 million hectares of pasture and 0.6 million hectares
of cropland; all three differences are significant. In proportional terms (Figure 2), forest is about
8% larger under the policies, while cropland is about 9% smaller and pasture about 8% smaller.
The forest gain is thus drawn predominantly from avoided pasture expansion in absolute terms,
even though cropland is the most affected use proportionally. This pattern is consistent with

the policies reducing forest-to-pasture and forest-to-crop conversions on bound parcels.

The Cerrado tells the opposite story (Figure 3): the estimated area effects for all three uses are
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Figure 2: Proportional effect on land-use area in the Amazon (%). Policy minus counterfactual,
relative to the counterfactual area; 95% Monte Carlo confidence intervals.
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Figure 3: Effect of the anti-deforestation policies on land-use area in the Cerrado (million ha).
Policy minus counterfactual; 95% Monte Carlo confidence intervals.
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small and their confidence intervals span zero, so we cannot distinguish them from no effect.
The policies have no direct effect in the Cerrado by construction, since they apply only inside
the Amazon biome. The absence of any indirect effect indicates negligible cross-biome leakage.
For crops, the Amazon production cut is too small to move prices appreciably, so nothing pulls
Cerrado land into production. For cattle, the beef price does rise, but Cerrado pasture area is

almost unresponsive to price, so again no additional land is drawn in.
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Figure 4: Proportional change in commodity production (%) by biome under the policy (de-

mand destruction). Policy minus counterfactual; 95% Monte Carlo confidence inter-
vals.

The reduction in agricultural land lowers commodity production (Figure 4). In the Amazon,
crop production is about 9% lower and cattle production about 7% lower under the policies
than under the counterfactual, while the corresponding changes in the Cerrado are close to
zero. Because output falls, prices rise, and this is the channel through which the policies reach

commodity consumers; we quantify the resulting loss in world consumer surplus below.

We also report induced intensification — the hectares of the policy’s land-use effect attributable

to producers raising yields on land already farmed (Section 2.5) — in Table 2. Only the forest
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Table 2: Induced intensification in the Amazon: double difference in land-use area (ha), isolat-
ing the yield-elasticity contribution to the policy effect. 95% Monte Carlo confidence
intervals.

Land use Double difference (ha) Lower CI Upper CI % of counterfactual

Forest 2,200 495 3,000 0
Crops 1,400 -2,400 3,105 0
Pasture -3,600 -5,305 905 0

effect is marginally significant, and all three are negligible relative to the headline area effects

above, so induced intensification is a minor channel here.

3.3 Welfare cost

We measure the welfare cost to landowners as the base-year (2008) compensating variation:
the difference in the monetized expected utility (logsum) of the land-use choice with the policy
on versus off. Both are evaluated on the observed data, so the two scenarios are compared at
the same rents and starting land uses. The total compensating variation is -45.1 bn USD (95%
CI-55.8,-37.5), a present-value (perpetuity) welfare loss equivalent to an annual flow of 2.9 bn
USD. Because rent here nets out transport but not other production costs, this is an upper-bound

estimate; we quantify how much that matters below and discuss it further in the Discussion.

The loss falls entirely on the bound group — Amazon pixels forested in 2008, where the policy
restricts clearing. Because the base-year compensating variation holds prices fixed, the policy’s
only welfare channel runs through the policy dummy, which is switched on only for these pixels.
Unbound Amazon pixels and the Cerrado are unaffected by construction: any effect on them
would operate through prices, captured separately by the consumer-surplus result below. In
proportional terms, the policy reduces the bound group’s welfare by 25% (95% CI 24, 28%)),

relative to its no-policy opportunity value.
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Rescaling rents to an approximate net return lowers the dollar cost but leaves its proportional
size intact. Applying crop and cattle margins of 43% and 38% (Section A.1.3), the compensat-
ing variation becomes -19.5 bn USD (95% CI -23.5, -16.1), about 0.43 times the gross figure.
The proportional loss to the bound group is 25.3%, against 25.4% on gross rents — a differ-
ence too small to read as a change in behavior. The adjustment thus changes what the loss is
worth, not how much of their opportunity value the bound group gives up. This check covers
the producer compensating variation only: the consumer surplus and carbon figures that follow

rest on the forward simulation, which we do not re-run on net returns.

The compensating variation captures landowners only. Commodity consumers are reached
through prices, which move in the forward simulation (Section 2.5): the policy’s lower output
raises prices along a world demand curve — the quantity and price changes consumer surplus re-
quires. This reduces world consumer surplus by 6.7 bn USD, integrating the constant-elasticity
demand curve the simulation uses; a functional-form-agnostic trapezoid gives a smaller 3.0 bn

USD (Section 2.7).

Set against these costs is the value of avoided deforestation. The carbon retained by the policy
in the Amazon is worth 196.9 bn USD at a social cost of carbon of 190 USD/t CO, (Section 2.8).
Equivalently, the producer compensating variation is offset by the carbon value at a break-even

social cost of carbon of 43 USD/t CO2.

Taken together, these components imply that the policies impose a substantial private cost while
delivering a much larger global benefit. The producer compensating variation (45.1 bn USD)
and the consumer surplus loss (6.7 bn USD, or 3.0 bn USD by the trapezoid estimator) are both
real welfare losses concentrated on producers in the bound group and on commodity consumers
worldwide. Set against them, the value of the avoided-deforestation carbon (197 bn USD at
190 USD/t CO,) exceeds the combined producer and consumer losses by roughly fourfold. On
these components the policies are welfare-improving in aggregate, and remain so for any social

cost of carbon above the break-even value of 43 USD/t CO2. This aggregate gain, however,
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masks a sharp distributional divide: the costs fall on a specific group of landowners while
the carbon benefits accrue globally. The accounting here is also partial: it omits the value of
avoided biodiversity loss and other ecosystem services from forest retention, as well as any
administrative and enforcement costs of the policies. Each component the accounting includes
— the producer compensating variation, the consumer surplus loss, and the carbon value —
is an appropriate welfare measure; the accounting is incomplete in what it covers, not in how
those components are measured. The cost-benefit comparison should therefore be read as one
across the components we can monetize, not a complete social welfare calculation. The omitted
administrative and enforcement costs are minor next to these welfare flows: federal spending
on preventing and controlling deforestation and fires was about 72 million US dollars in 2023

(Climate Policy Initiative 2024).

4 Discussion

This paper measures what a package of Brazil’s anti-deforestation policies — the Amazon Soy
Moratorium, the cattle agreements, and the 2012 Forest Code — costs the producers it binds.
It lowers their monetized welfare by about 25 percent, on the order of 45 billion US dollars
in present value, or roughly 3 billion dollars a year in perpetuity. Two strands of prior work
bear on the cost of conservation, but neither measures what we do. One tracks the policies’
realized effects — clearable area, farmgate prices, local incomes — but is not a welfare measure.
The other is a welfare measure, but from structural models of idealized instruments such as
an optimal deforestation tax, not the enacted package. To our knowledge ours is the first to
combine the two: a welfare measure of the package as it actually bound producers, measured

after the fact.

Three careful studies of the policies’ realized effects each track a different margin, and none
finds a large loss, which would seem to put a low cost on the package. Rausch and Gibbs
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(2021) measure the forest that the soy moratorium keeps out of soy production, though it is
soy-suitable and legally clearable under the Forest Code. They find it small: about 49,000
hectares on existing soy farms, roughly one percent of Amazon soy area, and concentrated on
the few that hold such land. Barrozo and Skidmore (2026) find no measurable decline in average
farmgate soy prices in the Amazon relative to the Cerrado, though that municipal average can
mask a decline for the excluded farmers offset by gains for compliant ones. Merkus (2024)
finds that tightened enforcement of the Forest Code raised local incomes rather than lowering
them. But even a muted or favorable realized effect is consistent with the large welfare cost
we find. The policy lowers the value of clearing a bound parcel for crops and for pasture,
so the land is worth less to its owner even when the policy does not change the use it is put
to. A producer who would clear for pasture with or without the policy is a case in point: that
conversion is worth less under the policy, yet a comparison of realized land use would show no
change. These studies also each isolate a single instrument, the soy moratorium in two cases and
enforcement of the Forest Code in the third, whereas our cost is that of the whole package, so
part of the difference is a wider scope, not only a different measure. And because our estimate
is built on the imperfect compliance actually observed rather than on a full ban, it is if anything

a conservative measure of the burden a fully enforced package would impose.

The structural welfare models each estimate the cost of an efficient instrument — such as an
optimal tax — that conserves far more forest than the package does. The costs they report to
producers span a wide range, and not all are welfare losses. Souza-Rodrigues (2019) finds an
optimal land-use tax that raises forest cover from 44 to 80 percent of private land at about 480
million dollars a year in lost farmer surplus, below our cost. Araujo, Costa, and Sant’Anna
(2026) find that a first-best carbon tax foregoes some 356 billion dollars in private profits, far
above ours, to add roughly 120 million hectares of forest. Assun¢ao et al. (2026) put the loss
at about 345 billion dollars, though as agricultural output rather than surplus, for a large-scale
reforestation that returns nearly all the biome’s farmland, about 15 percent of its area, to forest.

Set against our 2.7 million hectares of avoided deforestation, these are the costs of conserving
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vastly different amounts of forest, and do not line up with our estimate.

The cost we measure is the cost of a blunt instrument: the soy moratorium and cattle agreements
withdraw market access from Amazon land cleared after 2008, and the Forest Code sanctions il-
legal clearing, each binding regardless of a parcel’s rent. Because it ignores rent, the instrument
blocks even the most valuable conversions — the ones a price instrument, which lets produc-
ers pay to clear, would allow. The package is command-and-control in economic form, even
though its moratoria work through private markets rather than the state; in Souza-Rodrigues’s
model, reaching a forest target that way costs about eight times more than the equivalent tax.
An instrument that spared the highest-value parcels would likely secure a similar forest gain at

far lower cost to producers.

Our compensating variation (Section 2.6) is static, holding prices and yields at their 2008 val-
ues, so it omits the general-equilibrium adjustments the policy sets off. Two such offsets could
in principle shrink the welfare loss: the higher market price the policy’s supply cut brings to
producers who keep selling, and the price-mediated intensification of land already farmed. Our
forward simulation (Section 2.5) lets prices and yields adjust. The price-mediated intensifi-
cation of existing land is small for both crops and cattle. The price gain is small for crops:
Amazon crop production falls about 9 percent (Figure 4), but the Amazon supplies only about
a seventh of the market’s crops, so this is barely one percent of total supply, and the crop price
rises less than one percent. Cattle is more concentrated in the Amazon — roughly two-fifths
of supply — and its demand is far less elastic, so the 7 percent Amazon cut, about 2.6 percent
of total supply, raises the beef price roughly 5 percent. That gain to cattle producers who keep
selling is not negligible. The static measure is therefore close to the general-equilibrium loss
for crops, and somewhat overstates it for cattle. A second intensification channel lies outside
the model, one that needs no price change: a producer blocked from clearing may work exist-
ing land harder as its shadow value rises. Stocking-rate studies document this response where

enforcement has tightened (Koch et al. 2019; Garrett et al. 2018), and the cattle agreements
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produced it too, raising productivity in place of clearing (Da Mata, Dotta, and Severnini 2026).
Rational producers intensify only where the gain exceeds the added cost, so this response re-
covers part of the welfare loss. Because our estimate leaves that recovery out, it overstates the

true loss and is to that extent an upper bound.

On the benefit side, the package retains about 2.7 million hectares of Amazon forest relative to
a no-policy counterfactual. Valued as avoided carbon at a social cost of carbon of 190 dollars
per tonne, that forest is worth on the order of 200 billion US dollars. The retained area is of
the same order of magnitude as the largest single-instrument estimate in the literature: a triple-
difference evaluation credits the soy moratorium alone with roughly 1.8 million hectares of
avoided clearing over 2006 to 2016 (Heilmayr et al. 2020). The two designs rest on different

identifying assumptions and were built for different purposes, so the agreement is reassuring.

The carbon value of the avoided deforestation is real only if the clearing is genuinely avoided,
not relocated elsewhere. Whether it is depends on leakage, and we find little. Production is
not displaced across the biome border into the Cerrado. In our model, two forces hold pro-
duction inside the Amazon. Crop prices barely move, so no crop land is pulled across into the
Cerrado. The beef price does rise, but Cerrado pasture area is almost unresponsive to price,
so no pasture follows either. Beyond our study region the crop argument still holds — a price
that scarcely moves cannot drive international crop displacement. The cattle argument does
not: the beef price rises about 5 percent, which could induce production elsewhere, and our
single-region sample cannot bound that response. International cattle leakage is thus a channel
we cannot rule out, one a multi-region model would be needed to quantify. Most evaluations
of the soy moratorium’s leakage track direct, parcel-level displacement: soy relocating onto
already-cleared pasture, largely without new clearing (Moffette and Gibbs 2021). Ours instead
runs through prices, so the apt comparison is with equilibrium models of that channel. Using a
computable general equilibrium model, Villoria et al. (2022) report that about half of the defor-

estation the soy moratorium avoids reappears elsewhere in Brazil. That rate follows from how
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the policy is represented there: a complete halt on conversion, but only in the municipalities
where committed traders dominate, which leaves uncovered Amazon forest as a low-cost, unre-
strained margin to absorb the displaced production. We instead apply an empirically estimated
policy effect across all Amazon forest standing in 2008, removing that low-cost local margin,

so displaced production finds no unrestrained forest to absorb it.

The welfare measure we provide lets us compare the producer cost and the carbon benefit on
a single scale. In carbon terms, the producer cost is about 43 dollars for every tonne of carbon
dioxide the package keeps from the atmosphere. The carbon benefit therefore exceeds the
producer cost for any social cost of carbon above that figure, far below the roughly 190 dollars
at which recent authoritative estimates place it (Section 2.8), so by the standard efficiency test
the package is justified. Araujo, Costa, and Sant’Anna (2026) and Assuncao et al. (2026)
reach the same verdict for their idealized instruments, the former with net social gains above
1.6 trillion dollars, the latter with carbon payments that more than repay the agricultural income
foregone. But the test weighs only the totals. It is silent on who gains and who loses, and here
they are different groups. The benefit is diffuse and largely global; the cost is steep and falls

on a specific group of frontier landowners.

Our cost measure is the size of the transfer that would make bound producers whole. Not all of
it, though, is a transfer anyone would be willing to make. Some of the producers the package
binds cleared forest in breach of the Forest Code: in Mato Grosso, at least 627 soy properties
cleared illegally while the ASM was in force (Gibbs et al. 2015). The ASM withdraws market
access according to when land was cleared, not according to whether the clearing was lawful
(Gibbs et al. 2015), so it reaches them too. Paying them would mean compensating the loss of
an option they never lawfully held. The schemes negotiated for the Cerrado in the late 2010s
drew exactly this line. Soy traders and their buyers proposed a conversion-free sourcing agree-
ment modelled on the ASM, to be signed together with a scheme paying farmers to conserve

native vegetation. Payments would go only to farmers whose vegetation exceeds the legal re-
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serve requirement and who hold a permit to clear it (Bastos Lima and Persson 2020; Garrett
et al. 2022). Compensation, on that design, is for a legal option given up, not an illegal one
foreclosed. That narrows what a transfer would have to cover, though we cannot say by how
much. Rausch and Gibbs (2021) come closest to measuring the legal option, and their evidence
points two ways. Of roughly 14,600 soy farms in the Amazon, only 185 held forest that was
both suitable for soy and clearable under the Forest Code — the 49,000 hectares noted above.
For an incumbent soy producer, then, the foreclosed legal option is tiny. But the same study
counts 3.6 million hectares of legally clearable, soy-suitable forest on properties that grow no
soy, some seventy times as much. Our cost is measured over land rather than over farms, so
that area falls inside it. Our policy variable does not distinguish parcels by their legal-reserve

status, and the evidence here covers soy rather than cattle.

The Cerrado negotiations also show what a workable transfer would have to get right, and where
the attempt has so far failed. That the sourcing agreement was to be conditional on the payment
scheme is itself evidence for our argument: the negotiators treated compensation as the price of
restricting legal clearing (Bastos Lima and Persson 2020). Compensation was not enough to win
producers over, though. Brazil’s main soy farmer association left the talks rather than consider
any restriction on legal clearing, paid for or not (Bastos Lima and Persson 2020; Garrett et al.
2022). But tying eligibility to a clearing permit gives farmers with surplus vegetation a reason
to seek permits they had not previously wanted, so as to be paid for not using them — a key
reason Greenpeace gave for leaving the negotiations (Bastos Lima and Persson 2020). Five-
year contracts leave the vegetation exposed as soon as they lapse, where the Forest Code’s little-
used environmental servitude would fix its status for fifteen years or more (Bastos Lima and
Persson 2020). And paying soy farmers alone excludes the communities and smallholders who
have conserved most, which is both inequitable and corrosive of the scheme’s standing (Bastos
Lima and Persson 2020; Garrett et al. 2022). Garrett et al. (2022) conclude that payments
work best not on their own but alongside a Cerrado-wide market exclusion. They would go

to the poorest soy households, and would pay for restoring cleared land as well as for forgone
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clearing. Better still, they argue, is to run the payments at the level of states or municipalities,
so that every land user is eligible and not soy farmers alone. Restoration is also the instrument
that fits the producer who cleared illegally, because it finances a return to compliance rather

than paying for the breach.

One caution qualifies all of this. That the beneficiaries could cover the cost is a claim about
the carbon value, not a claim about anyone’s willingness to pay it. Garrett et al. (2022) price a
payment scheme for Cerrado soy at more than 2.6 billion dollars a year to companies and the
federal government. The food companies that pledged support for the Cerrado Manifesto set a
fundraising goal of 50 million a year, which at best would hold about 2.5 percent of the most
suitable legally clearable area for five years. The distance between the cost of compensation
and the funding goal is the practical obstacle to the arrangement our results point toward. The
gap has a familiar cause. Climate stability is a global public good, so no single company or
government captures enough of the gain to justify covering the cost on its own, and each does
better waiting for others to pay — which is why a benefit worth several times the cost can still

go unfunded.

We note several limitations. Because the three instruments share the post-2008 Amazon cut-
off and are collinear in the data, we estimate their combined effect and cannot decompose
it. Our results should not be read as evidence on any single instrument, and separating them
would require variation the enacted policies do not provide. The same holds for the enforce-
ment that stands behind them. From 2008 the government concentrated enforcement on the
worst-offending municipalities and made rural credit in the Amazon biome conditional on en-
vironmental compliance (Assunc¢ao and Rocha 2019; Assung¢do, Gandour, and Rocha 2015).
What we measure is therefore the cost of the whole post-2008 regime in the Amazon, not of the
three named instruments on their own. This bears on how our figure should be read against the
challenges now facing the ASM. Were it struck down, the Forest Code, the property registry

and federal enforcement would all remain, and producers would recover only part of what we
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measure. Our estimate is the cost of the regime, and an upper bound on what removing any

single piece of it would give back.

The leakage and intensification results depend on price flexibilities we adopt from the literature
rather than estimate. The intensification result depends further on the yield response to prices,
which for cattle we set equal to the crop response, though limited evidence suggests cattle may
respond more strongly (Nascimento et al. 2019; Skidmore et al. 2022). Because the beef price
moves materially, a stronger cattle yield response would raise the intensification we find in
rough proportion; what bounds it is the assumed yield response, not the price. Direct estimates
of the price flexibilities and yield responses would put these results on firmer empirical foot-
ing. Our leakage result also treats the policy as a uniform disincentive across every parcel of
Amazon forest standing in 2008, whereas real coverage and enforcement vary in space. Where
they are weaker, lightly bound forest could absorb displaced clearing much as the uncovered
municipalities do in Villoria et al. (2022), so within-Amazon relocation could be larger and our
net forest gain smaller. Leakage can also occur outside our study region (the Amazon—Cerrado
band within 600 km of the Amazon biome boundary) if displaced production resurfaces in agri-
cultural areas elsewhere in Brazil or abroad. If this is the case, our net forest gain would be an
overstatement. Because that leakage runs through world commodity prices, capturing it would
require a multi-region equilibrium model of agricultural markets, in which prices and land use

adjust jointly across regions rather than within a single one.

Our compensating variation is also static. As we argue above from the forward simulation, the
general-equilibrium offsets it leaves out are small for crops but non-trivial for cattle, where the
beef-price gain is real, so the measure is close to the net cost for crops and somewhat overstates
it for cattle. But because it holds 2008 values fixed, it sits on a different timeline from the
carbon benefit, which accrues over the simulated policy periods. A dynamic, forward-looking
model, in which producers anticipate the price and yield paths the policy sets off, would fold in

the offsets and place cost and benefit on a common timeline. The rent behind the welfare cost
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is also incomplete on the cost side: it subtracts transport but not the other costs of production,
so it measures a gross rather than a net return. This overstates how much the policy lowers the
value of bound land and adds to the reasons the cost is an upper bound. Rescaling rents by crop
and livestock profit margins cuts the dollar cost to roughly two fifths of the figure we report,
but leaves the proportional loss to the bound group almost exactly where it was. What the
gross measure gets wrong, then, is what the foregone options are worth, not how large a share
of their value the policy takes away. We keep the gross estimate as our headline because the
margins rest on a small number of farm budgets from particular states and years, and because
the simulation behind the carbon and consumer-surplus results runs on gross rents, so only the
producer cost can be restated consistently. Finally, we value the environmental benefit through
avoided carbon alone, at a single social cost of carbon, leaving unpriced the biodiversity and
other non-carbon benefits that motivate the policies. The benefit we report is thus a lower

bound, and pricing those benefits would only widen its margin over the producer cost.

The package of anti-deforestation policies we study retains a large area of forest at a real and
concentrated cost to the producers it binds. The benefits already outweigh the costs in total;
what will decide the policy’s future is not that balance but how the costs and benefits are shared.
Concentrated costs of this kind make a policy politically fragile, and that fragility is already
driving the effort to suspend the soy moratorium. But the compensation that would make the
bound producers whole is smaller than the benefit their forest secures for everyone else, and
the part of it anyone would actually owe — what the law itself allowed producers to do — is
smaller again. Those who gain could cover it and still be better off than with no policy at all.
So far they have not offered to. Setting the cost and the benefit side by side takes a welfare
measure, which the realized-effect studies do not provide and the structural models provide
only for idealized instruments, not the policy as enacted. Measuring the cost is the first step

toward sharing it.
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A Supplementary Information

A.1 Data details

A.1.1 Land-use categories

We discard the classes that fall outside our three land uses — herbaceous and shrubby vegeta-
tion, non-vegetated land, water, and non-observed pixels — and aggregate the remainder into
forest, pasture, and crops. The forest category combines forest formation, savanna formation,
mangrove, floodable forest, wooded sandbank vegetation, and forest plantation. Pasture com-
prises the pasture class together with mosaic-of-uses, which we treat as predominantly pasture.
The crop category aggregates soybean with sugar cane, rice, cotton, coffee, citrus, palm oil,

and other temporary and perennial crops.

A.1.2 Rent construction

For a given pixel ¢, land use k, and year ¢, per-hectare revenue is yield times price, R;;,, =
Yikt Prt» With ¥, in tons per hectare and p,, in 2019 BRL per ton and common across pixels.
Crop prices come from FAOSTAT (FAO 2026) and ESALQ (ESALQ 2026), and cattle prices

from ESALQ. The associated cost is the expense of moving that output to its destination,

Cikt = tC d; Yiges
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where tc;, is the per-ton transport cost for commodity k£ and d; the travel time from pixel ¢ to
the nearest export port. Rent is the difference, which we convert to a perpetuity for use in the

model:

Tine = Ript — Cirt = Y (Pre — teg d;).

Transport cost stands in for total production cost; it generates geographic variation in rents,
since more remote pixels lose more value in transit and tend to face higher input costs. Because
it leaves out the other costs of production, this rent is a gross measure and overstates the true
net return, so any welfare cost built on it is an upper bound. Section A.1.3 reports what happens

when rents are rescaled to an approximate net return.

Crop yields. Pixel-level crop yields combine agronomic potential with observed municipal
yields. From FAQ’s Global Agro-Ecological Zones (GAEZ) (FAO 2022) we obtain attainable
yield at the pixel, AY};, and the municipal-average attainable yield, Wm(i) 1> Where m(3)

denotes the municipality containing pixel 7. Taking their ratio defines a yield fraction,

AYiy,

ik —
Pixels with missing attainable yield are treated as unsuitable for the crop — inspection against
observed production supported this — and assigned a value of zero. Multiplying the yield
fraction by the observed municipal-average yield Vm(i) ¢ (IBGE 2022) gives the pixel- and

year-specific yield, y;.; = 0,5 ?m(i) kt-

Crop basket. The crop land use aggregates the ten crops that account for most production
in the study area: soybean, rice, bean, sugarcane, maize, cassava, potato, wheat, tomato, and

cotton. For each crop we compute its municipal area share from harvested-area data (IBGE
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2022), Wikt = Akt A iyt» where A, ;)1 1s the area of crop & and A ;)¢ the total
area of the ten crops in the municipality. Because the shares sum to one, area-weighted crop
revenue is the sum of the individual crops’ area-weighted revenues, ., = Yins Pit Wrrn (i)t

and crop profit can be written

¥ ,crops,t E , Yikt Pt W m(i)kt tccrops,t dit E , Yikt W (i)kt
k

Pasture yields. For pasture we begin from the national-average carcass yield (tons per hectare),
computed from IBGE production (IBGE 2026) and MapBiomas pasture area (MapBiomas

PI’Oj ect 2024)5 ?pastureﬂf >
S.

2

and scale it by a pixel-level suitability fraction p;, = S;;/S, where
. 1s GAEZ pasture suitability at the pixel and S its national average. This yields Yi pasture,t =

Pit Y

pasture,t*

Transport costs. Travel time d, is the shortest time from a pixel to an export port, by road
or by a road-river combination. Using port and riverway datasets from the Brazilian Ministry
of Transportation, we computed riverway travel times from each non-export port to the export
ports, which serve as the network’s exit points. An export port is one that shares a municipality
with one of the 13 export ports identified by Victoria et al. (2021) or that lies on the coast.
Parana-basin ports with no riverway connection to a Brazilian export port were instead routed
to the Paraguay—Argentina—Brazil border. Road travel times between the centroids of 50 x
50 km grid cells and the ports — including the export ports themselves, not only inland ports
— were taken from OpenStreetMap (2020). Each pixel inherits the times of its nearest grid
cell, and we assign it the smallest; because roads run directly to export ports, this minimum is
effectively the faster of an all-road route and a road-then-river route. To monetize travel time,
we regressed observed soy transport costs for 32 municipality pairs (USDA) on travel time and

used the fitted relationship to predict the per-ton soy cost tc,,,, which we apply to all crops. For

soy?
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cattle, the single available cost observation (Arima et al. 2005, adjusted for inflation) implied

a cost roughly 9% above soy, 50 {¢g,y. = 1.09 tcy,; this likely understates the true ratio.

A.1.3 Profit margins

Our rent nets out transport but no other production cost, so it is a gross measure. To gauge how
much that inflates the welfare cost, we rescale each land use’s rent by a profit margin — the
share of revenue left after operating costs — and re-estimate the model and the compensating
variation on the rescaled rents. The two margins come from unrelated sources, and we do not

pool them.

Crops: 42.7%. From a farm-budget study of typical farms in Mato Grosso (Dos Reis et al.
2020), we combine the reported soy productivity and operational cost for the continuous crop
typical farm with the soy prices in the same paper, for crop years 2005/06 through 2011/12, and
average the resulting annual margins. The operational cost covers inputs, labor, and machinery;
it excludes land, capital depreciation, interest, taxes, and overhead. Excluding land is what we
want, since our rent is itself the return to land, but excluding capital and overhead makes this a

gross margin and so an upper bound on the true profit share.

One choice in that calculation drives most of the uncertainty in the figure. The study reports
costs by crop year, which straddles two calendar years, but prices by calendar year. Pairing a
harvest’s cost with a price therefore means choosing which of the two years it sold in. Soy in
Mato Grosso is planted late in the first year and harvested and largely sold in the second, so we
use the second year’s price. The choice matters because soy prices roughly doubled over the
study period, so moving the price window by a year changes revenue substantially while leaving
costs untouched. Using the first year’s price gives 32.4% instead of 42.7%, and averaging the

two gives 38.6%.
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Cattle: 37.6%. Our cattle margin comes from a production-cost panel for beef rearing and
fattening in Colorado do Oeste, Ronddnia, for the 2023 accounting year (CNA SENAR 2024).
The panel reports a gross margin of 18.2% of revenue. We do not use that figure, and because

the correction is large, the reasoning is worth setting out in full.

The farm in the panel does not raise cattle from birth. It buys weaned calves, grows them on
pasture and through a short finishing phase, and sells them for slaughter. Over the accounting
year it spent R$162,500, freight included, on calves. That purchased weight comes to 678
arrobas (15 kg of carcass weight each, the unit Brazilian cattle prices are quoted in), against
1,124 arrobas grown on its own pasture. Roughly two fifths of what it sells, then, was grown

on someone else’s land.

Three prices govern its accounts. It pays R$239.68 for each arroba it buys in. It can grow an
arroba itself for R$131.00 — its own operating costs divided by the weight it produced. And it
sells at R$210.00 per arroba. That it pays more per arroba than it sells for is not an anomaly:
weight on a lean young animal is dearer than weight on a finished one, because the buyer is

paying for the animal’s remaining growing potential as well as its present mass.

The published margin treats the entire R$162,500 as a cost. But R$108.68 of every purchased
arroba — the gap between the R$239.68 paid and the R$131.00 it would cost to grow — is not
a cost of producing beef. It is a payment to the rancher who raised the calf, and most of it is that
rancher’s own profit. Counting it as a cost yields the margin of a business that buys in most of

its raw material, rather than the margin of producing beef.

That distinction matters here because our model contains no finishing businesses. It contains
hectares of pasture, and our pasture yield is carcass weight produced per hectare, at whatever
stage of the animal’s life that weight is added. The margin we need is therefore the margin
on producing cattle weight on pasture across the whole chain, from calf to slaughter, not the

margin earned by the last operator in that chain.
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We therefore restate the panel’s accounts on that basis. We value all 1,802 arrobas sold at R§210.
We charge the farm’s own operating costs of R$147,293, which exclude the animal purchase.
And we charge the 678 bought-in arrobas at what it costs to grow that weight rather than what
was paid for it, taking this farm’s own R$131.00 per arroba as the closest available proxy for the
upstream operation. The resulting margin is 37.6%, which reduces to the difference between

the selling price and the cost of producing an arroba, as a share of the selling price: (210 —

131)/210.

The imputation of the upstream cost is the weak point, and it brackets the answer rather than
pinning it. Charging the bought-in weight at the R$239.68 actually paid returns the panel’s
published 18.2%, but that figure implicitly assumes the calf producer earned nothing and that
the whole purchase price was cost. Our 37.6% assumes instead that the calf producer’s costs
match this farm’s. The true whole-chain margin lies between, and we treat the lower figure as

a floor rather than as an alternative estimate.

One element does transfer cleanly. The R$210 selling price is for finished cattle, the same basis
as the ESALQ series our model uses for cattle revenue, so the margin and the rents it rescales

rest on the same price concept.

Applying them. We multiply each land use’s rent by its margin. Because the prices behind
our revenue are farm-gate — the price received by producers, from which the cost of reaching
port has already been deducted — the margin applies to revenue net of transport rather than to
gross revenue. Applying it to gross revenue and subtracting transport separately would charge
the freight twice. Both source margins are measured on that same basis: the crop study’s prices
are those received by producers in the Mid-North of Mato Grosso, at the farm or local delivery
point (J. C. dos Reis, personal communication, 2026), and the cattle panel’s revenue is what the

farm received at the gate.

What the check does not settle. Three caveats, in rough order of how much they matter.
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First, the crop margin is a soy margin, while our crop rent is a composite of ten crops. Soy is
the largest of them: across the municipalities of our study area it is about half of the ten crops’
combined value of production (IBGE 2022). The other half'is spread across the remaining nine,
the largest shares being maize (15%), then cotton and sugarcane at about 10% each. The same
farm-budget study puts maize’s margin at 31.5%, well below soy’s, so 42.7% is likely at the
upper end of what a composite margin would be. For the other eight crops we have no estimate

at all.

Second, both margins are transferred from single studies of particular places and years to a study
area spanning two biomes and two decades. The cattle margin carries a further mismatch, and it
runs in a known direction. The margin is measured on a working commercial operation, but the
pasture revenue it rescales is built from national carcass output spread over all mapped pasture,
including land that is degraded or barely stocked. Our median pixel produces roughly an eighth
of that farm’s output per hectare. That gap is not a sign that our yield measure is wrong. The two
simply measure different things: one a managed herd, the other an average hectare. Because
part of the cost of holding a hectare does not fall as its output falls, a margin measured on a
commercial operation is too generous for an average hectare, so 37.6% should be read as an
upper bound. Sizing the overstatement would require knowing how much of the cost is fixed

per hectare rather than incurred per unit of output, which the panel does not report.

Third, the rescaled model fits marginally worse than the gross one — the log-likelihood falls
by about 11 at the same number of parameters — so the data, if anything, mildly prefer gross

rents.

For these reasons we report the rescaled compensating variation as a robustness check and keep
the gross estimate as our headline. The check covers the producer compensating variation only.
Consumer surplus and the value of avoided carbon both derive from the forward simulation,
which runs on gross rents; restating them consistently would require re-running that simulation

on rescaled rents, which we do not do here. Rescaling the producer cost while leaving the
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carbon benefit on its gross basis would compare quantities built on different measures of rent,

so we do not restate the break-even social cost of carbon.

A.2 Model details

The model is static; we retain the time subscript ¢ only because the underlying data span 2000—
2019. A risk-neutral, price-taking owner of pixel ¢ chooses the land use k that maximizes

utility,

Uiikt = Vijke + €ijies

with V., the observed component given in the main textand €, ;;,, ani.i.d. type-I extreme-value
error representing pixel-specific unobservables. The specification of V" has 13 coefficients, plus

a nest dissimilarity parameter.

Profit as a perpetuity. The profit term 7;;, is the present value of a perpetual rent stream,
formed from the average rent over the preceding five years discounted at about 6.5%. Because

expected rents are built from recently realized rents, agents effectively expect them to persist.

Transition probabilities. Under the type-I extreme-value errors and the forest/cleared nesting
(the cleared nest containing crops and pasture), the probability that pixel ¢ moves from starting

land use 5 to ending land use £ in year ¢ is

A -1
emjkt/)‘n(k) (Z e‘/zjmt/An(k)> nk)
meBn<k)

Pijr = ’

AL
Zl (ZmEBl emjmt/)\l)
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where n(k) is the nest containing alternative k, B, the set of alternatives in nest [, and \; €
(0, 1] the dissimilarity parameter measuring the independence of unobserved utility within nest
[ (A\; = 1 recovers a standard logit). The model is estimated by maximum likelihood; to
avoid temporal autocorrelation, each pixel contributes a single, randomly chosen year to the

likelihood.

A.3 Simulation details

Production and the initial shock. Total production of land use kis Prody, = A . 4,
where A is the (common) area each pixel represents. Reallocating land at the start of a step
changes this total; we write the resulting proportional change as Aprod, the shock that initiates

the within-step iteration.

Price and yield feedback. Let i be the price flexibility and n the yield-price elasticity for a

land use. At iteration m we form a price multiplier and a yield multiplier,

MEP =1+ p Aprod, MY =1+ pn Aprod,

and update prices by M ¥, yields by MY, revenue by M MY | the per-hectare transport cost by
MY (it scales with yield), and rent as revenue minus transport cost. Because area is fixed within

a step, production changes only through yield, so the next shock is Aprod ., = MY —1=

+1
pn Aprod . We iterate until |Aprod| < 0.001. The recursion is geometric with ratio 17, so

it converges only when |un| < 1.

Parameter values. The price flexibility for cattle is the inverse of the —0.271 Brazilian meat
demand elasticity (de Santana 1999), i.e. u = —3.69; we do not adjust it, as the Brazilian

meat market is largely domestic. For crops we start from the —1.03 U.S. soy price flexibility of
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Adjemian and Smith (2012), convert it to a global flexibility by dividing by the U.S. 40% share
of the world soy market, and rescale by Brazil’s 27% share, giving i = —0.7. The rescaling is
needed because a given proportional change in Brazilian output moves global supply less than
the U.S. equivalent. The yield-price elasticity is 77 = 0.2 for both crops and pasture (Berry and
Schlenker 2011), applied on the intensive margin only. With these values the pasture iteration
has |un| ~ 0.74: it converges, but a pasture yield elasticity above about 0.27 would cause

divergence, which limits how large a cattle yield response we can explore.

Scenarios and reported quantities. We run four scenarios, all with the price response active,
crossing the policy (on/off) with the yield response (on/off). Scenario 1 is policy on with the
yield response on; scenario 2 is policy off with the yield response on; scenario 3 is policy on
with the yield response off; and scenario 4 is policy off with the yield response off. Avoided
deforestation and spillover are the scenario-1-minus-scenario-2 differences in forest area inside
and outside the Amazon, respectively — the policy effect with both responses active in each

arm. Induced intensification is the double difference

[area(1) — area(2)] — [area(3) — area(4)],

i.e. the policy effect on area with the yield response active minus the policy effect with it

switched off, leaving the change in area attributable to the intensification the policies induce.

A.4 Consumer surplus

The policy reaches commodity consumers through prices: it withdraws agricultural land, low-
ering output and raising prices. We measure the resulting change in world consumer surplus
on the forward simulation, which moves output along an inverse demand curve to two horizon

equilibria — (P,,, Q,,) under the policy and (P, Q) Without. The market price responds
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to production summed across biomes, so for each commodity we aggregate quantity () and
revenue R over the Amazon and Cerrado at the final simulated period and form the price as
P = R/Q. The change in consumer surplus is minus the area to the left of the demand curve

between the two prices,

P

ACS = —/ " Q(p)dp,
P

off

which we compute per commodity — pasture and crops, the two endogenously priced land
uses — and sum. We report two estimators of this integral. The first is a trapezoid on the two
simulated equilibria, which uses only the realized prices and quantities and is agnostic about

functional form,

ACS ~ _%<Qon + Qoff) (Pon - Poff)'

The second assumes constant-elasticity demand and integrates it exactly. Writing f for the
price flexibility (the inverse-demand slope d In P/d In @ of Section A.3) and ¢ = 1/ f for the

corresponding demand elasticity,

Ron B Roff
e+1

f
f+1

ACS = — = — (Ron — Rogr)
We take the constant-elasticity estimator as our primary measure, since it integrates the same
constant-flexibility demand curve the simulation moves along; the trapezoid, agnostic about
functional form, serves as a comparison. The gap between them measures sensitivity to func-
tional form. It is largest for inelastic demand (pasture), where the steep demand curve makes
the trapezoid’s straight line understate the area. There the level of consumer surplus is infinite,
but the change between two finite quantities is well defined, and both estimators difference
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between the two equilibria rather than integrating down to zero. Simulated production already
carries the pixel-representative area, so the raw surplus change requires only the BRL-to-USD
conversion, not the per-hectare-to-landscape scaling applied to the compensating variation. We
attach a Monte Carlo confidence interval to each estimator from the coefficient draws of the

simulation.
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1 Introduction

Cropland expansion typically comes at the expense of forests and other natural ecosystems,
releasing large carbon stores and destroying biodiversity, but raising crop yields can offset the
need for it by producing more food on existing land. Quantifying this land-sparing effect,
Villoria (2019) estimates that yield gains between 1990 and 2010 alone spared approximately
173 million ha of natural habitat from conversion. Isolating the contribution of improved crop
varieties specifically, Baldos et al. (2025) estimate that their adoption in developing countries
avoided roughly a thousand threatened species extinctions and about 5 billion tonnes of CO,-
equivalent emissions over 1961-2015. Beyond land, rising agricultural productivity held down
real food prices through most of the twentieth century (Alston, Beddow, and Pardey 2009).

Yield growth therefore affects habitat loss, greenhouse gas emissions, and the cost of food.
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Global crop demand is projected to roughly double between 2005 and 2050, driven by popu-
lation growth and dietary shifts toward more land-intensive foods, especially meat (Tilman et
al. 2011). Meeting this demand through cropland expansion would cause large-scale habitat
loss and greenhouse gas emissions. Meeting demand without large-scale habitat conversion
therefore requires continued yield growth (Cassman 1999; Foley et al. 2011). Yields are not
the only margin of adjustment: a shortfall would also raise food prices — dampening demand,
most sharply for low-income consumers — and encourage substitution toward other sources
such as seafood (Costello et al. 2020). But cropland expansion is the adjustment with the

greatest environmental stakes, and it is the one we focus on here.

Whether yields can keep pace is an empirical question, and three complementary lines of re-
search bear on it. Yield trend analysis characterizes how yields have moved over time, and
where that leaves them now: still rising, or plateaued. Yield gap analysis compares observed
yields to their potential (the yield attainable under ideal management, whether rainfed or irri-
gated) to gauge how much room remains to raise output on existing land. And global yield
projection extrapolates recent trends forward and weighs them against future demand. The first
two read the same question from different angles: one asks how yields have moved, the other
how much room is left. Each bears on the third, since the trend models supply the trajecto-
ries that are extrapolated and the size of the remaining gap indicates whether the extrapolated

growth is biophysically possible.

Yield trend analysis has produced worrying signs that growth is slowing or stopping in some
of the world’s most important cropping systems. Grassini, Eskridge, and Cassman (2013) doc-
umented yield plateaus (periods in which yields have entirely stopped growing) in productive
systems including rice in China and wheat across northwest Europe. Across all the systems
they examined, plateaus covered 33% of global rice production and 27% of wheat, but only
5% of maize. Ray et al. (2012) analyzed roughly 2.5 million census observations globally and

found yields no longer increasing in regions producing 43% of global rice, 44% of wheat, 21%
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of maize, and 18% of soybean. Each study fits a set of candidate models (competing mathemat-
ical descriptions of how a yield series has evolved, such as a straight line, a curve, or several
joined segments) and keeps the best-fitting one. Each, however, has notable limitations, falling
into two groups. The first concerns the model set and selection rule: Grassini, Eskridge, and
Cassman (2013) capped their models at two segments, ruling out more than one change in trend
even though such breaks are plausible over the 60-plus-year series now available. They also
chose among candidates with an error-based decision rule rather than a formal information cri-
terion. Ray et al. (2012) applied a formal criterion but only to a set of polynomial models,
including a cubic that Grassini, Eskridge, and Cassman (2013) argue “has no biophysical jus-
tification.” The second concerns coverage: Grassini, Eskridge, and Cassman (2013) covered
only three crops, omitting soybean, and both studies’ data end well over a decade ago: Grassini,
Eskridge, and Cassman (2013) in 2010, Ray et al. (2012) in 2008. The years since have seen
continued expansion of irrigation, rising cropping intensity, and ongoing agronomic and ge-
netic innovation, all of which have reshaped these systems. Extending the series to the present

is needed to show whether the trends these studies identified have persisted.

Yield gap analysis asks a complementary question: how much room remains between observed
yields and the potential a location could support. Potential yield (Y},) — the yield achievable
when water and nutrients are non-limiting and pests are controlled — and its rainfed analogue,
water-limited yield (Y,,), define this upper bound for existing crop varieties and technology
(Van Ittersum et al. 2013). Countries achieving only a low percentage of their potential yield
retain substantial biophysical headroom. Those approaching 80% of Y, or Y, face a harder
constraint: that threshold marks the practical “attainable yield” ceiling under realistic economic
and agronomic conditions (Cassman et al. 2003; Van Ittersum et al. 2013). The distinction
matters because it points to different responses: yields far below potential signal a management
shortfall, where the gap can be closed through improved on-farm practice, whereas raising the
biophysical ceiling itself requires genetic improvement or agronomic innovation (Cassman et
al. 2003).
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A large body of work has mapped these yield gaps and found substantial unrealized potential
across many major cropping systems (Licker et al. 2010; Neumann et al. 2010; Mueller et al.
2012; Zhang et al. 2025), although the gaps are far from uniform: some intensively managed
systems already operate close to their potential (YPYGA 2026). Estimates also depend on how
the ceiling is defined, from top-down empirical proxies, such as the highest yields observed
within zones of similar climate or a fitted statistical frontier, to bottom-up crop simulation
grounded in local weather and soils (Van Ittersum et al. 2013). These assessments are largely
static, however, quantifying the gap at a point in time without asking whether yields are still

climbing toward the ceiling or have already stalled.

A smaller strand of yield gap analysis does connect gaps to trajectories, and it is the closest
precedent for the present study. Grassini, Eskridge, and Cassman (2013) hypothesize that the
plateaus they observe in East Asian rice and northwest European wheat reflect yields approach-
ing the biophysical ceiling, but do not estimate potential yields themselves, inferring proximity
from external literature for a handful of cases. Gerber et al. (2024) extend this globally, find-
ing that yield gaps are already closing across 84% of rice-growing and 56% of wheat-growing
area — a pattern they term “ceiling pressure” — and that such closure predicts subsequent
stagnation. But their attainable yield, defined as the 95th percentile of observed yields in sim-
ilar conditions, approximates the biophysical ceiling only where farmers already operate near
their potential. Where all farmers are constrained by limited inputs, markets, or knowledge,
it systematically underestimates the ceiling, so that the measured limit reflects management
rather than biology (Van Ittersum et al. 2013; Couedel et al. 2025), and can even fall below
actual farm yields in some locations (Rattalino Edreira et al. 2021). The convergence Gerber
et al. document nonetheless carries a real signal where leading farmers already operate near
the biophysical limit. Carracelas et al. (2023) pair a formal model-selection criterion for yield
trends with crop-simulation potential yields to show that Uruguayan rice has plateaued well
below its ceiling, demonstrating that the two can be combined to separate management-limited
from ceiling-limited plateaus. But they do so for only a single crop-country case.
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Global yield projection extends recent trends to 2050 and compares the result with future de-
mand. At the global scale, Ray et al. (2013) find that observed growth rates for maize, rice,
wheat, and soybean (averaging 0.9—1.6% per year) fall well short of the roughly 2.4% per year
(non-compounding) needed to double production by 2050 without cropland expansion. But
their projection fits a single linear trend over 1989-2008 to each of about 13,500 sub-national
units and aggregates the resulting rates, and a single trend over one window cannot detect break-
points within it. Where yields decelerated or plateaued after early growth, the fitted slope re-
flects the full-window average and overstates future production; where they accelerated, the

reverse holds.

We apply consistent methods to all three (yield trend analysis, yield gap analysis, and global
yield projection) for the major crops and their leading producers, addressing the limitations of
prior studies. We do this by fitting 10 candidate models — piecewise linear models with one to
three segments, any of which may be flat (a yield plateau) — to FAOSTAT yield data (1961—
2024) for all countries each accounting for more than 2% of global production across four crops
(maize, rice, wheat, and soybean). We select the best model by the small-sample-adjusted
Akaike Information Criterion (AICc), which rewards goodness of fit while penalizing added
parameters. Together, the included countries account for 75% of global maize production, 82%
ofrice, 76% of wheat, and 92% of soybean. We constrain each model segment to fit a minimum
of ten years so that the estimates are not driven by short-run movements in weather or prices. We
classify each series by the terminal form of its trend and systematically identify yield growth
acceleration, whether after a plateau or after a linear segment. We then compare observed
yields to potential yield benchmarks from the Yield Potential and Yield Gap Atlas (YPYGA
2026) to compute actual yields as a percentage of potential and yield gap closure rates. Set
against the fitted trajectories, these let us ask, where yields have plateaued, whether the binding
constraint is the biophysical ceiling or unrealized management potential. Finally, we project
global average yields to 2050 and assess the gap relative to crop-specific demand projections.
As an aggregate complement, we collapse the four crops into a single calorie-weighted index
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of production, whose projected growth we compare against Tilman et al. (2011)’s projection of

total crop-calorie demand.

We find that plateaus are rare — accounting for less than 10% of global production for every
crop — and that yield growth resumption after a plateau is at least as common as ongoing
stagnation. Most crop-country series, including those with yield plateaus, retain substantial
biophysical headroom. Yields are below 50% of potential for about half the sample and yield
gap closure rates are low, suggesting that in most systems today the binding constraint is not the
biophysical ceiling. This leaves substantial room for management improvements to contribute
to yield advances alongside genetic advances. Two systems are exceptions, and they are large
ones: maize in the United States and rice in China are close enough to their attainable ceilings
that, at current rates of gap closure, the ceiling could become the binding constraint within a
few decades. Together they supply 35% of world maize and 28% of world rice. Even with this
widespread headroom, projected yield growth at current trajectories falls dramatically short of
2050 demand for maize and soybean; roughly matches it for wheat; and exceeds it only for rice.
In aggregate, a calorie-weighted production index for the four crops is projected to rise only a
little more than half as much as the roughly 100% growth in crop-calorie demand that Tilman
et al. (2011) project for 2005-2050. Meeting that demand at these projected yield trajectories

would require substantial cropland expansion.

2 Methods

The analysis proceeds in three parts. First, we fit statistical models to national-level yield time
series for major producing countries of four crops. We characterize each series by its terminal
form (linear increase, linear decrease, or plateau), by any acceleration in yield growth, and
by the recent rate of growth (yield trend analysis). Second, we compare observed yields to
potential yield benchmarks to assess remaining headroom and the pace of gap closure (vield gap

analysis). Third, we fit models to global average yields and extrapolate to 2050, comparing the
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result against crop-specific demand projections. As an aggregate complement, we also compare
it against Tilman et al. (2011)’s projection of total crop-calorie demand, via a single calorie-

weighted index of production (global yield projection).

2.1 Data Sources and Processing

Data for both the yield trend analysis and the global yield projection — including yield, produc-
tion, and harvested area for maize, rice, soy, and wheat — were obtained from FAOSTAT (FAO
2026). The yield trend analysis uses country-level data restricted to major producers (described
below); the global yield projection uses production-weighted averages across all countries in
the dataset. The FAO data cover 192 territorial units for the years 1961-2024, although not all
years are present for all crop-country series. Yields are measured on a per-harvest basis, so a
one-hectare field that is cropped twice contributes two harvested hectares; the reported yield is
total annual production divided by this harvested area, equal to the average yield per individual
harvest. The FAO yield data are national averages and as such mix irrigated and rainfed yields.
FAOSTAT figures are compiled from national statistical agencies and therefore carry measure-
ment error that varies across countries and years and that we cannot independently quantify.
This error tends to be larger in lower-income countries, where yields may rest on incomplete
farm reports or eye estimates, and it is not always random. Reporting incentives can bias the fig-
ures upward (Desiere, Staelens, and D’Haese 2016; See et al. 2015). For the major maize, rice,
and wheat producers that dominate our sample, however, FAO yields have been cross-checked
against independent micro-level estimates and found to agree closely (Gollin, Lagakos, and
Waugh 2014). To the extent that residual error is idiosyncratic year-to-year noise rather than
systematic bias, it should have little effect on our main results, since model selection responds

to sustained multi-year patterns rather than to individual observations.

To focus the yield trend analysis on major producers, we included only countries accounting for
more than 2% of global production over the period 2000-2024 for each crop. This threshold was

chosen to capture a large majority of global production while keeping the number of countries
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analytically tractable. Using a multi-year average instead of a single year avoids distortion from
production anomalies in any one year. The 2000-2024 window reflects the modern production
landscape without giving weight to historical producers (such as the former Soviet Union) that
are no longer among the major players. Table 1 lists the selected countries and their production

shares, along with the total share of world production covered by the entire sample.

Table 1: Countries included in the analysis, by crop. Values are each country’s average share of
global production over 2000-2024. The bottom row shows the total share of global production
covered.

Country Maize Rice Soy Wheat
Argentina 3% 15% 2%
Australia 3%
Bangladesh 7%

Brazil 8% 30%
Canada 4%
China 22% 28% 6% 17%
France 5%
Germany 3%
India 2% 22% 4% 13%
Indonesia 8%

Mexico 3%

Myanmar 4%

Pakistan 3%
Paraguay 3%
Philippines 2%

Russia 9%
Thailand 5%

Tiirkiye 3%
Ukraine 2% 3%
United Kingdom 2%
United States 35% 35% 8%
Vietnam 6%

Total 75% 82% 92% 76%

Based on anomalies in a few self-reported series — implausibly flat runs or isolated outliers —
we manually removed a small number of observations after visual inspection; these cases and

the reasoning behind each are documented in Section A.1.

In China, FAO rice yields blend the main crop with the ratoon crop, a second harvest regrown

from the first crop’s stubble. Using disaggregated main-crop and ratoon yields for 2004—2023
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(provided by Shaobing Peng and Xing Yu, Huazhong Agricultural University), we re-ran the
model-selection procedure on the main-crop series. Comparing that fit with the blended-series

fit from the main analysis gauges how ratoon expansion affects the apparent trend.

For the yield gap analysis, potential yield benchmarks were obtained from YPYGA (2026),
accessed via the REST API in January 2026. YPY GA provides site-based estimates of potential
yield (Y),, the yield achievable under irrigated conditions) and water-limited potential yield
(Y,,, the yield achievable under rainfed conditions). These are aggregated to the country level
by harvest year, using weights based on each station’s representation of the country’s cropped
area, so the country-level benchmark inherits more uncertainty where station coverage is sparse.
To weight these benchmarks by production system where needed, we used gridded harvested
area data from MIRCA (Portmann, Siebert, and D611 2010; Kebede et al. 2025), which provides

crop-specific 5-arcminute rasters of irrigated and rainfed harvested area.

YPYGA estimates these benchmarks with process-based crop growth simulation models, not
from statistical envelopes or maximum observed yields, following the protocol of Van Ittersum
et al. (2013). For each crop, a daily-step model simulates crop development and biomass
accumulation as a function of solar radiation, temperature, atmospheric CO,, and cultivar traits
governing the length of the growing period. The simulation is driven by observed daily weather,
local soil properties, and the dominant cropping-system management (sowing date, cultivar
maturity, and plant density). Potential yield Y, is simulated with water and nutrients assumed
non-limiting and biotic stresses controlled, so that growth is bounded only by climate and the
crop’s genetic potential. Water-limited yield Y,,, additionally constrains growth by rainfed water
supply, and so also depends on soil water-holding capacity and terrain. Simulations are run
at reference weather stations in the main production areas of relatively homogeneous agro-
climatic zones and then upscaled to the country level, weighting each zone by its share of
national harvested area. Because the simulations hold cultivar, management, and technology

at recent levels, the benchmark reflects the biophysical ceiling of the current cropping system
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rather than yields attainable through future genetic or agronomic advances.

For the yield gap analysis, we replace FAO’s blended maize yields for Mexico with irrigation-
specific yields from Mexico’s agricultural statistical service (SIAP), enabling a like-for-like
comparison with YPYGA'’s irrigated benchmark; the data and their processing are described in

Section A.2.

2.2 Model selection

To mathematically characterize yield trends for the included crop-country series, we assembled
a candidate model set spanning the plausible trajectories of crop yield over time (Table 2; Fig-
ure 1). Previous work has shown that crop yields typically grow approximately linearly, some-
times with structural breakpoints — the years at which adjacent linear segments join, hereafter
knots — where the growth rate shifts (Grassini, Eskridge, and Cassman 2013). We therefore
restricted the preferred model set to forms composed of one or more linear segments, where any
segment may be flat (a plateau). We extended the set used by Grassini, Eskridge, and Cassman
(2013) to include models with up to three linear segments (two breakpoints): most of our time
series span 64 years, making multiple breakpoints plausible, and visual inspection of several
series confirmed this. We did not go beyond three segments, for three reasons. We saw little
evidence of more than two breaks across the different series. Each additional segment enlarges
the candidate set and adds parameters that AICc penalizes, and the 10-observation minimum-

segment constraint (below) already limits how finely even a series this long can be divided.

This restriction excludes the three smooth-curve forms sometimes used in yield-trend analyses
— the quadratic, exponential, and quadratic-plateau — none of which were visually supported
by the data we examined. With certain parameter values these forms can also closely resemble
piecewise linear trajectories, complicating classification (see below). The effect of re-including

all three is explored in Table 12, Table 13, and Table 16.

To avoid spurious plateaus and other breakpoints, we restricted each segment to a minimum
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of 10 observations. This ensures that each segment captures a meaningful medium-term trend
instead of reacting to a short run of exceptional years driven primarily by weather. The choice of
a decade-long minimum segment is a compromise between a shorter minimum that would still
admit segments driven by short-run weather fluctuations and a longer one that would preclude
genuine decadal-scale regime shifts. In this way, breakpoints were more likely to reflect genuine
structural changes in yield trends. Table 8, Table 9, and Table 17 report how the classifications

change when the constraint is removed.

The null and single-segment linear models were fit by ordinary least squares; all other models
were fit by nonlinear least squares using the Levenberg-Marquardt algorithm. To select among
the fitted models, we used the small-sample-adjusted Akaike Information Criterion (AICc),
which balances goodness-of-fit against model complexity, penalizing models with more pa-
rameters to guard against overfitting. We used the small-sample-adjusted version since this
correction is non-trivial for some of the shorter series in our dataset (Hurvich and Tsai 1989).
All models assume Gaussian i.i.d. errors, with the log-likelihood computed from the residual
sum of squares as —n /2 - log(RSS/n) (up to an additive constant); this common likelihood
form makes AICc values directly comparable across the OLS- and NLS-fitted models. The
best model is the one with the lowest AICc score. Because AICc is evaluated across the full
candidate set, the number of linear segments (one, two, or three) is itself selected by the data
rather than fixed in advance. Models with AICc values within 2 units of the best-fitting model
(AAICc < 2) were treated as statistically indistinguishable from it, following the conventional
threshold of Burnham and Anderson (2002). The effect of instead using the Bayesian Infor-
mation Criterion (BIC) — which penalizes complex models more — is reported in Table 10,

Table 11, Table 14, and Table 15.

For all models containing knots, knot locations were estimated by nonlinear least squares ini-
tialized from a grid of 32 evenly spaced candidate positions (capped at | /2| for shorter series)

spanning the interior of each series. The value 32 balances solution coverage against computa-
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tional cost, giving approximately one starting value per two observations for a typical 64-year
series. For single-knot models, each grid position was used in turn as a starting value; for two-
knot models, all series of grid positions were tried. The algorithm ran to convergence from
each starting point; solutions where the fitted knot position had drifted such that any segment
contained fewer than 10 observations were discarded, and the solution with the lowest AICc

among the remainder was retained.

These procedures assume independent, homoscedastic errors. Crop yield series commonly ex-
hibit positive autocorrelation, which reduces the effective sample size below the nominal 7.
Because AICc penalties are based on n, autocorrelation may cause them to be too lenient,
potentially favouring more complex models than would be selected under a correct effective-
sample-size adjustment. This primarily affects model selection; the direction of bias with re-
spect to plateau classification is ambiguous, since both plateau-ending and non-plateau-ending
multi-segment models are more complex than their simpler alternatives. Homoscedasticity may
also be violated for series with substantial yield growth, since absolute yield variability tends
to increase as average yields rise. We assess both assumptions on a series-by-series basis in

Section B; see also Section 2.6.
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Table 2: Mathematical form of candidate models. a: intercept; b, by, by, bs: slope(s); k, ki,
ko: knot(s).

Model Abbrev. Form
Null N y=a
Linear L y=a+ bx

. . _Ja+bxifr <k
Linear-linear LL { @+ bk +by(x—k)ifz >k

) [ a+briftx <k
Linear-plateau LP Yy = { 0t bkifr >k

. aifr <k

Plateau-linear PL Yy = { a+b(x—k)ife>k
Linear-linear-linear LLL Yy =

a+bxifr <k
{a+b1k1—|—b2( —ky) ifky <z < ks
a+ biky + by(ky — ky) + bs(x — ky) ifx > ks
aifr <k
Plateau-linear-linear ~ PLL Yy = { a+b(x—Fk)ifk, <z <k,
a+by(ky — k1)+62( —ky)ifz > ky
a+bxife <k
a+ bk +by(x—ky)ifk; <x <k
a+biky + by(ky —ky) ifx >k,

Linear-linear-plateau  LLP

Plateau-linear-plateau PLP
a+b(ky—Fkq) 1f:c > ky
a+bzifr <k

a+ bk ifk <z < ky

a+biky +by(x—ky) ifx > ks

Linear-plateau-linear ~ LPL

aifz <k
{a—i—b x—ky)ifky <x <k
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Plateau-linear (PL) Linear-linear-linear (LLL)

\
\

Plateau-linear-linear (PLL) Linear-linear-plateau (LLP)

\
\

Plateau-linear-plateau (PLP) Linear-plateau-linear (LPL)

\
\

Figure 1: Illustrative shapes of the candidate models. Each panel shows a representative trajec-
tory for one model form; any linear segment may instead have a negative slope, representing a
declining yield trend.

2.3 Trend synthesis
For the yield trend analysis, we synthesized model fits in three ways to aid interpretation.

First, each series was assigned a terminal-form class based on the form its trend takes at the
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endpoint of the time series: linear (increasing or decreasing), plateau, or unclassified. The
intercept-only null model is grouped with the plateau class, as it implies a constant yield with
no trend. Where models with different terminal forms fell within AAICc < 2, the series was

assigned to the “unclassified” class.

Second, we identified acceleration in yield growth — an increase in the fitted slope from one
segment of the model to the next — distinguishing two contexts in which it occurs. An ac-
celeration is after a plateau when a flat segment (slope zero) is followed by a segment with
positive slope, and after a linear segment when a positively-sloped segment is followed by a
steeper positively-sloped one (0 < b; < b;, ). Acceleration is assessed at the level of in-
dividual knots, so a single series can exhibit both kinds: for example, a plateau-linear-linear
(PLL) series that resumes growth after a plateau and then accelerates further between its two
linear segments. We report the share of world production exhibiting each kind (Table 4). A
series counts toward a given kind only if every candidate model within AAICc < 2 contains at
least one acceleration event of that kind, so that the pattern is robust to model-selection uncer-
tainty. Because the two kinds are assessed independently, a series can count toward both and

the columns are not mutually exclusive.

Third, we derived the recent rate of yield growth. We first took the slope of the fitted trend
at the terminal point in the time series (typically 2024). For a linear model, this was simply
the slope coefficient. For multi-segment models, it was the slope of the last segment. For any
model ending in a plateau, the slope was 0 by definition. We then divided this slope by the
model’s fitted yield in that same year, giving a non-compounding annual growth rate in percent
per year. Expressing the trend this way makes the pace of growth comparable across series with

very different yield levels.
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2.4 Yield Gap Analysis

To contextualize yield trends relative to biophysical ceilings, we compared observed yields to
YPYGA potential yield benchmarks. Observed yields are the FAO series throughout, except
for Mexico maize, for which we used SIAP irrigated yields (see data sources above) to enable
a like-for-like comparison with the irrigated benchmark. For each crop-country series in the
yield trend analysis, we assigned a water regime — irrigated, rainfed, or mixed — based on the
dominant production system in that country. We retained series for which there are at least five
observations of potential yield from 2010 onwards for that regime (a minimum we judged suffi-
cient for a reliable multi-year average; Table 7). For series designated as irrigated or rainfed, the
corresponding single benchmark (Y, or Y,,) was used directly; this treats the country as 100%
the dominant regime, and small minority shares of the other regime are not represented in the
benchmark. For mixed-regime series, we computed a harvested-area-weighted average of both
benchmarks using MIRCA. For each crop and country, we summed irrigated (A,,) and rainfed
(A,p) harvested area over all grid cells within the country’s boundary and computed the irrigated
fraction f,, = A; /(A; + Ay). The weighted potential yield was then f;. - Y, + (1 — f;,) - Y.
For some countries in our mixed sample, MIRCA’s underlying irrigation data is itself imputed
from national AQUASTAT totals downscaled via area equipped for irrigation rather than di-
rectly observed at the crop level, so f;, for these series carries additional uncertainty. We used
the 2015 vintage of the MIRCA rasters because it falls roughly in the middle of the post-2010
period over which potential yields are averaged, making it a reasonable representation of the
irrigated share across that window. Shifts in irrigation extent since then are not captured. A
sensitivity analysis shifting the irrigated fraction by £15 percentage points altered closure rates
by at most 0.3 percentage points per year, suggesting results are not sensitive to uncertainty in

the 2015 irrigation fractions.

The potential yield benchmark (Y ™) for each series was taken as the average of the regime-

appropriate potential yield estimate (Y, Y, or the MIRCA-weighted average) over the avail-
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able post-2010 YPYGA years, reducing sensitivity to any single anomalous year. This window
does not span the full length of the FAO yield series, an unavoidable temporal mismatch given

YPYGA'’s available coverage.

To match the temporal reference period of the YPYGA average, we computed the actual yield of
each crop-country series (57) as the yield predicted by the best-fit trend model averaged over the
same set of years. Using model-predicted rather than raw observed yields removes interannual
weather noise and ensures that the comparison reflects the underlying trend rather than a single

year’s conditions.

The absolute yield gap is Y* — Y (potential yield benchmark minus actual yield). We report
actual yield as a percentage of the potential yield benchmark, 100 x Y /Y *: values approaching

100% indicate that observed yields are near the potential yield.

The rate of yield gap closure was computed as the terminal slope of the fitted yield trend divided
by the yield gap, expressed as a percentage per year. The terminal slope is the same quantity
reported in Table 5, except for Mexico maize (see Section A.2). This metric captures how
quickly the remaining gap between observed and potential yield is being closed. A high closure
rate implies that a country is approaching its potential yield and faces an elevated risk of a yield
plateau in the near term. A low or zero rate indicates that yields have already stagnated or that
other constraints are limiting progress. For series whose best-fit model ends in a plateau, the
closure rate is zero by construction, as the terminal slope is structurally fixed at zero; it is not an
independent measure of stagnation. We also report an attainable closure rate, which uses 80% of
Y* as the ceiling instead of Y itself, following the conventional observation that yields rarely
exceed this level under realistic economic and agronomic conditions (Cassman et al. 2003;
Van Ittersum et al. 2013). Where multiple models fall within AAICc < 2, all unique closure
rate values are shown separated by “/”. For crop-country series whose terminal-form class is
uncertain (unclassified), closure rates are omitted, consistent with the treatment of unclassified

series in Table 5.
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YPYGA'’s potential yield simulations vary year to year, but only with observed weather: they
hold the cropping system, technology, and genetics fixed at recent levels and reconstruct earlier
years on climate alone. The resulting series therefore captures interannual weather variation, not
any gradual shift in the biophysical ceiling itself, the quantity a true potential-yield trend would
measure. That ceiling need not be constant: genetic gains and management improvements tend
to raise it, while a changing climate may lower it, and the net direction is not known a priori.
Because we treat the potential yield benchmark Y* as a static ceiling, using a single multi-year
average rather than a trend, our closure rates compare a moving actual-yield trend against a
fixed benchmark. If potential yields have risen over the period, the true gap is closing more
slowly than these rates imply; if they have fallen, the reverse holds. We return to this limitation

in the discussion.

2.5 Global Yield Trends and Projection to 2050

To assess whether yields are on track to meet future demand, we compared the projected growth
in each crop’s global average yield against independent projections of 2050 demand. Published
projections of global food demand vary widely (Falcon, Naylor, and Shankar 2022), so we drew
on three sources instead of one. The commodity-by-region projections of Falcon, Naylor, and
Shankar (2022) are our primary benchmark for the crops it covers or for which its figures can
be derived; IMPACT (Robinson et al. 2015; Rosegrant et al. 2024) is the benchmark for wheat,
which Falcon et al. do not report. Falcon et al. project demand for individual commodities
by applying regional income elasticities to SSP2 population and income growth, following the
empirical regularities of Engel’s and Bennett’s laws. They report total utilization (food, feed,
and industrial uses) as a percentage change from 2019 to 2050 (their Table 8). We treat these as
our primary benchmark for two reasons. First, they measure demand pressure — the quantity
that would be consumed at constant real prices — rather than a supply-reconciled market equi-
librium. For a test of whether yields can keep pace, unconstrained demand is the appropriate
comparison, because an equilibrium projection has already been reconciled with the very supply
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constraints under examination. Second, they resolve feed and food uses crop by crop, capturing
differentiated dynamics — such as declining per-capita rice consumption in Asia versus rising
feed and industrial demand for maize — that aggregate or food-only projections obscure. Their
figures are reported on slightly different commodity bases for some crops (milled rather than

paddy rice, and excluding biofuel), as noted in Table 6.

For comparison we also report two equilibrium-based projections. The first is IFPRI’s IM-
PACT model (International Model for Policy Analysis of Agricultural Commodities and Trade),
a partial-equilibrium model of global agricultural markets developed at the International Food
Policy Research Institute (Robinson et al. 2015; Rosegrant et al. 2024). IMPACT decom-
poses demand into food, feed, biofuel, and other (industrial, seed, waste) uses; we use total
demand across all uses, expressed as a percentage increase over a 2020 baseline. The model is
calibrated to a three-year FAOSTAT average centered on 2019, with projections running from
2020 to 2050 under the SSP2 (“middle of the road”) socioeconomic scenario and the RCP 7.0
climate-forcing pathway. That pathway is driven by the [IPSL-CM6A-LR general circulation
model and bias-corrected via the ISIMIP3b protocol, and the reference scenario assumes no
CO, fertilization effect on yields. The second is the FAO projection of Alexandratos and Bru-
insma (2012), which reports world production for 2050 (their Table 4.12); at the global level
production equals total demand across all uses. These are absolute levels (Mt) on a 2005/07
base, which we convert to a growth rate over 2020 (below). Because IMPACT and FAO both
report equilibrium quantities already reconciled with feasible production, their demand is lower
than — and not directly comparable to — the unconstrained demand pressure that Falcon, Nay-

lor, and Shankar (2022) measure.

Falcon, Naylor, and Shankar (2022) do not report whole-soybean demand, so we derive it.
Soybeans are consumed almost entirely after crushing, which yields oil and meal in nearly
fixed proportions (about 20% oil and 80% meal by weight), so whole-bean demand tracks

the demand for crush. Crush is set by whichever co-product is binding: because palm oil
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increasingly governs vegetable-oil prices, soybean oil is effectively a by-product, and crush is
pulled instead by demand for the protein meal fed to livestock and aquaculture (Falcon, Naylor,
and Shankar 2022). We therefore tie soybean demand to feed demand rather than to soybean
oil, whose reported growth of 46% (Falcon, Naylor, and Shankar 2022, Table 8) understates
whole-bean demand for this reason. Falcon, Naylor, and Shankar (2022) project total meat and
fish consumption to rise by about 67% over 2019-2050 (their Table 7), concentrated in the most
feed- and meal-intensive products (poultry, +131%; fish, +66%). They project a corresponding
increase in feed-grain demand of roughly 64%. Their feed-sector analysis applies a marginal
feed-to-output ratio of about four to the projected rise in meat production (an increase of about
880 Mt against the roughly 1,380 Mt of feed used in 2019), a figure they note is comparable to
an independent FAO estimate of 64%. Taking soybean meal as a complementary protein feed
whose demand grows broadly with the feed sector, we adopt a whole-bean demand increase
of approximately 64% over 2019-2050, with a plausible range of roughly 60-75%. Several
factors bias this central estimate upward, toward the upper end of that range. The marginal
feed-to-output ratio of four assumes the meat mix keeps shifting toward poultry, so a greater
role for grain-finished (feedlot) beef would raise it. The underlying projections cover meat and
fish but exclude dairy and eggs (Falcon, Naylor, and Shankar 2022), omitting the considerable
soybean meal used in dairy rations; aquaculture, an increasingly meal-intensive use, is treated
only loosely; and soy-based biodiesel is excluded. Each of these would push soybean demand
above our central figure. Because Table 6 places all demand projections on a common 2020
base rather than Falcon et al.’s 2019 base, this 64% increase appears there as approximately
53%. The difference is larger for soybeans than for the other crops: global soybean production
rose by roughly 7% between 2019 and 2020, because 2019 was an unusually low year. That

raised the 2020 base against which the 2050 target is measured.

Global average yield for each crop was calculated as total world production divided by total
world harvested area in a given year, including all countries in the FAO dataset. We applied
the model-fitting procedure described above to each crop’s series and extrapolated the terminal
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trend of the best-fit model to 2050. A linear best fit gives a linear extrapolation, a linear-linear
best fit extrapolates using the second-segment slope, and a plateau best fit gives a flat line. To
place yields and demand on a common footing, we expressed every quantity as a percentage
change over 2020. The projected yield increase is the fitted model’s 2050 value relative to its
2020 value. Each demand projection is a percentage increase in production over recorded 2020
production. Falcon et al.’s 2019-based percentages and FAO’s absolute 2050 production levels
are rebased to 2020 using recorded global production for those years. Assuming no cropland
expansion, the required percentage increase in production equals the required percentage in-
crease in yield. Holding harvested area constant is a normative choice: it defines the yield
trajectory needed to meet demand without converting further land, with its attendant climate
and biodiversity costs. IMPACT and FAO both project substantial area expansion alongside
yield growth to 2050, so the required-yield trajectory we compute is stricter than their internal
equilibria. Because the comparison is made crop by crop, it holds each crop’s own area fixed,
not just their combined total. That is the stronger of the two assumptions, since relative prices
reallocate land among crops. Each crop’s required-yield figure is therefore the trajectory that
would meet its demand from its current area, not a projection of how the market would clear.
Our yield extrapolations are illustrative trend projections rather than forecasts. They carry pa-
rameter and model-selection uncertainty, which we quantify below, and, more fundamentally,
they assume that recent trends continue — an assumption that biophysical ceilings, the pace of
technology diffusion, agricultural policy shifts, and climate change could each violate. They
are best read as a benchmark: the yield level that would be reached in 2050 if the recent past
persisted, against which the demand projections can be judged. The question they answer is
whether current trajectories are on track, not where yields will actually land. The demand pro-
jections carry their own uncertainties, including the choice of socioeconomic and (for IMPACT)

climate scenario, and, for our soybean figure, the derivation above.

We attach a 95% interval to each yield projection, capturing the two statistically tractable

sources of uncertainty. The first is model-selection uncertainty. A plateau best fit projects
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a flat line while a linear or linear-linear fit projects a continuing slope, so the extrapolation
depends heavily on which model is selected. The leading models are often separated by only
a small margin in AICc. We represent this with Akaike weights over the full candidate set,
w; = exp(—A4,/2)/ Zj exp(—A,/2), where A; is model i’s AICc relative to the best-fitting
model. The second is parameter uncertainty: within a given model the coefficients — including
the slopes that a thirty-year extrapolation magnifies — are estimated with error. We combine
the two in a Monte Carlo. In each of 2,000 draws we sample a model in proportion to its Akaike
weight, draw that model’s coefficients from their estimated sampling distribution NV ( B , i) ,and
compute the projected 2050 increase. The 2.5th and 97.5th percentiles of the draws form the
interval. The band is a confidence band on the projected mean trend, not a prediction interval
for a single year’s realized yield. It can be wide or asymmetric — sometimes reaching down
to near-zero growth — when a plateau and a still-rising model both carry appreciable weight.
We propagate the same draws through the aggregate calorie index and the implied-cropland
calculation below, so those intervals are consistent with the per-crop ones. The interval cap-
tures sampling and model-selection uncertainty but not the structural risk that recent trends
break, which no purely statistical interval can express and which we treat as the separate caveat
above. Coefficient sampling for the nonlinear segmented models is a large-sample approxima-
tion, and the fits assume independent errors whereas yield residuals are serially correlated, so

the intervals are best read as indicative rather than exact.

The comparison above matches each crop to its own demand projection. As a complemen-
tary, aggregate check, we collapsed the four crops into a single measure of calorie production
and compared its projected growth against a projection of total crop-calorie demand. For the
demand benchmark we used Tilman et al. (2011), who estimate that global demand for crop
calories will rise by approximately 100% (£11%) from 2005 to 2050. Tilman et al. measure
demand as the total caloric content of all crops used as human food or as livestock and fish
feed, inclusive of production and post-harvest losses (that is, total utilization expressed in calo-
ries). That measure is the appropriate counterpart to an index that counts every crop’s calories
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regardless of end use. Because it captures feed demand in full, this estimate is generally higher
than projections that count only direct human food consumption. A recent meta-analysis places
those in the range of a 35-56% increase from 2010 to 2050, about 51% under a middle-of-the-
road SSP2 scenario (Van Dijk et al. 2021). It agrees closely, however, with the one comparable
projection that likewise counts feed use: Fukase and Martin (2020) independently obtain an
increase of about 100%, albeit measured on a feed-weighted cereal-equivalent rather than a
strictly caloric basis. We use 2005 as the base year on both sides of this comparison, which

avoids rescaling Tilman et al.’s published figure.

To construct the calorie index we converted each crop’s global production to calories using
energy-content factors from the USDA FoodData Central database (per 100 g: maize 365,
soybeans 446, wheat 327, milled rice 365). Rice requires a processing conversion, because
production is recorded for the raw crop while the calorie value refers to a processed form:
paddy rice was converted to milled rice using a milling yield of 0.67. We then took each crop’s
recorded 2005 production, scaled it by the projected growth in its fitted global yield from 2005
to 2050, converted the resulting 2005 and 2050 production figures to calories, and summed
across crops. The projected growth in total calorie production is the 2050 sum relative to the
2005 sum. As in the by-crop comparison, harvested area is held fixed, so production grows
at the yield rate. The calculation is equivalent to a base-weighted (Laspeyres) index whose
aggregate growth rate is a weighted average of the individual crops’ yield growth, with weights
given by their shares of base-year calorie production. The energy-content factors therefore

affect only the weighting, not any single crop’s growth rate.

To make this aggregate shortfall concrete, we expressed it as the cropland expansion it implies.
The fixed-area identity can be inverted: if projected calorie production grows by a factor 1 4- g
while demand grows by 1 + d, then meeting demand at trend yields instead requires harvested
area to scale by the multiplier (1 + d)/(1 + g). Applying Tilman et al.’s demand growth as

d, we multiplied the four crops’ combined 2005 harvested area by this factor to obtain the area
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that, worked at trend yields, would meet 2050 demand. Subtracting the area actually harvested
in 2020 gives the additional cropland required beyond what is in use today. We benchmark
against 2020 instead of the 2005 demand baseline because much of the 2005-2020 supply
response already took the form of real area expansion, so the increment relative to 2020 is
the land response still outstanding. The calculation is an illustrative accounting identity, not
a forecast: it holds demand exogenous, whereas low yields would in practice raise prices and
curb demand. It is also a lower bound, since new cropland is typically more marginal and
lower-yielding than land already in production, so closing a given production gap would take

more area than uniform scaling implies.

The four crops account for roughly 64% of the total crop calories in Tilman et al.’s global
accounting (their Table S2: maize 24%, rice 17%, wheat 16%, and soybeans 7%) (Tilman et al.
2011), so the index is representative of, but not identical to, all-crop demand. The benchmark is
also a 2011-vintage projection whose income and population assumptions predate more recent

data; we use it unaltered, on its native 2005 base.

2.6 Diagnostics

We performed three types of diagnostics, presented in more depth in Section B. First, we in-
spected residual plots for each crop-country series, examining residuals against fitted values,
residuals against time, and Q-Q plots, to assess whether model assumptions of homoscedastic-
ity and approximate normality were met, and whether any systematic misfit remained. Second,
we conducted a leave-one-out (LOO) analysis for all series whose best-fit model contained a
knot, re-running full model selection after removing each observation in turn. This assessed
whether knot locations were sensitive to individual data points and whether the terminal-form
class selected on the full dataset was robust to the exclusion of any single observation. Third,
we applied a pairs bootstrap (200 replicates) to the same knot-containing series, re-running full
model selection on each resample and recording the distribution of estimated knot locations.

When the 95% confidence interval on knot position is wide, it indicates uncertainty about the
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timing of a structural break. (The LOO analysis addresses the separate question of whether a

structural break exists at all.)

3 Results

3.1 Yield trends and classification

Relatively few crop-country series — 6 of the 34 — unambiguously end in a plateau (Table 3);
these include maize in Argentina, rice in Myanmar, soy in India, and wheat in Argentina,
Canada, and Germany. Two features of the fitted models stand out otherwise. First, multi-
ple breakpoints are common: 13 series are best described by three-segment models. Second, in
many (20) cases more than one model falls within AAICc < 2, so the exact model is uncertain,

but a clear story can still emerge from the plausible set. Rice in Myanmar, for example, has

LLP/LP, both describing linear growth (with or without a breakpoint) followed by a plateau.

Table 3: Best-fit model(s) for each crop-country series. Where multiple models fall within
AAICc < 2, all are listed best-first separated by /. Full model names along with their abbre-
viations are given in Table 2; full model coefficients are given in Table 23.

country Maize Rice Soy Wheat
Argentina LLP LLP/LL/LP/LLL PLP
Australia LL/LPL/PLL
Bangladesh PLL

Brazil LLL/LL LL/L

Canada LLP
China LLL/LL LL LPL L/LL
France LP/LL
Germany LP/LLP
India PLL/LLL LLL LLP/PLP LLL
Indonesia LL

Mexico LL/LLL

Myanmar LLP/LP

Pakistan L/LL
Paraguay LLP/PLL

Philippines PLL/LL

Russia LL/PL
Thailand LLP/LLL

Tirkiye LPL
Ukraine L PL/LL
United Kingdom PLL/LP/LL
United States L LL L
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(continued)

country Maize Rice Soy Wheat

Vietnam LLL/PLL

Weighted by production, plateaus remain a small share of the total: series ending in a plateau
account for less than 10% of world production for every crop (Figure 2). Most global production
instead falls in the linear-increase class, and only a small share is unclassified. The underlying

percentages are given in Table 20.

D Linear increase . Plateau . Unclassified D Not analyzed
Maize 4 . ‘
Rice 1 -:|

0 20 40 60 80 100
Share of world production (%)

Figure 2: Share of world production accounted for by countries in each terminal-form class, by
crop. The terminal-form class is defined by the trend in the final segment of the fitted model;
a series is ‘unclassified” when models within AAICc < 2 span more than one terminal-form
class. ‘Not analyzed’ is the share of world production in countries below the 2% inclusion
threshold, so each bar sums to 100%. Percentages are tabulated in Table 20.

Beyond their terminal form, many series show acceleration, an increase in yield growth from
one segment of the fitted model to the next. Table 4 reports the share of world production
exhibiting acceleration in each of two contexts: after a plateau, where growth resumes following
a flat period, and after a positively-sloped linear segment. Because acceleration is assessed knot
by knot, a single series can exhibit both, so the two shares can overlap and are not additive (see
Section 2). Acceleration is more common after a linear segment, but the amount occurring after
a plateau is non-trivial: the extent of yield-growth resumption following a plateau is comparable

in magnitude to the share of production with current plateaus (Figure 2).
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Table 4: Share of global production (%) exhibiting yield growth acceleration, by context and
crop. After plateau: a flat segment is followed by a segment with positive slope. After linear
segment: a positively-sloped segment is followed by a steeper positively-sloped one. A series’
production share is counted toward a context only if every model within AAICc < 2 contains at
least one such event. Because acceleration is assessed at the knot level, a series can contribute
to both contexts, so the two shares may overlap and are not additive.

Crop  After plateau After linear segment

Maize 0 16
Rice 7 34
Soy 6 35
Wheat 5 17

Expressing the recent trend as a non-compounding annual growth rate (the terminal slope rela-
tive to the current fitted yield) makes the pace of growth comparable across crops and countries
of very different yield levels (Table 5). In most series it is modest: recent growth is below 2%
per year in all but 5 of the 34 series: maize in India and Ukraine, and wheat in Australia, Russia,

and Ukraine.

Growth is typically slow where it matters most: among the largest producers. In maize, the two
dominant producers — China (22% of world production) and the United States (35%) — grow
at 1.0% and 1.0% per year. In rice, China (28%) and India (22%) together supply roughly half
of world production; China’s rate of 0.6% is especially low, and India’s is 1.5%. In soybeans,
the United States (35%) grows at 1.0% and Brazil (30%) somewhat faster, at 1.3/1.2%. Wheat
1s more dispersed and its growth rates the most variable, several exceeding 2%; the two largest

producers, China (17%) and India (13%), grow at 1.4% and 1.8% respectively.

Table 5: Recent yield trend at the end of each series, expressed as a non-compounding annual
growth rate (% yr—1): the terminal slope of the fitted model relative to its fitted yield at the
end of the series. Zero indicates a plateau. Where multiple models fall within AAICc < 2, all
unique values are shown best-first separated by “/”’; see Table 3 for the corresponding model
set.

country Maize  Rice Soy Wheat
Argentina 0.0 0.0/0.8/-0.8 0.0
Australia 3.7/2.5/3.6
Bangladesh 1.6
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(continued)

country Maize Rice Soy Wheat
Brazil 1.1/2.0 1.3/1.2

Canada 0.0
China 1.0 0.6 1.0 1.4
France 0.0/-0.1
Germany 0.0
India 2.3 1.5 0.0 1.8
Indonesia 0.6

Mexico 1.5/1.6

Myanmar 0.0

Pakistan 1.2/1.0
Paraguay 0.0/0.2

Philippines 1.1/0.6

Russia 2.7/2.2
Thailand 0.0/-0.2

Tiirkiye 1.3
Ukraine 2.3 2.2/2.3
United Kingdom 0.4/0.0/0.2
United States 1.0 1.0 0.8
Vietnam 0.8

3.2 Yield gaps and closure rates

Two things matter for whether a yield gap represents usable headroom: how far a series cur-
rently sits below its potential, and how fast it is moving toward it. Figure 3 shows both, with

the underlying figures tabulated in Table 21.
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Maize - United States o A
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0 25 50 75 100 0 3 6 9
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Figure 3: Yield gaps and the pace at which they are closing, for crop-country series with avail-
able YPYGA data. Series are ordered by their exploitation of potential yield and coloured
by terminal-form class. (a) Actual yield as a percentage of potential yield; actual yield is the
model-predicted average over the post-2010 years with available YPYGA data. The dashed line
marks 80% of potential, the practical attainable ceiling. (b) Percentage of the remaining attain-
able gap closed per year, taking the value from the best-fitting model; plateaued series close
no gap and sit at zero. Series whose terminal-form class is uncertain (models within AAICc <
2 spanning more than one class) have no closure rate and are marked “unclassified’. Wheat in
Australia closes its attainable gap faster than the axis extends; its value is printed at the arrow.

Actual yields are below 50% of potential for 11 of the 23 series (Figure 3, panel a), indicating
that observed yields would need to increase by more than 60% before approaching the attainable
yield ceiling. Three series stand out at approximately 70% of potential: maize in the United
States, rice in China, and soy in Paraguay. At this level, yields would only need to grow by

roughly 10-15% to reach the attainable ceiling.

Yields are closing their gaps slowly in the vast majority of cases (Figure 3, panel b). Measured
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against the full potential yield, the rate of gap closure (the share of the remaining gap closed
each year) is below 2% for every classified series except maize in the United States, wheat in
Australia, and wheat in India (Table 21). Against the attainable ceiling of 80% of potential, the
attainable closure rate is 4% or less in every case but two. Those are maize in the United States,
at about 10% (the highest among series without model uncertainty), and wheat in Australia, at
14-21% depending on the model. At these rates, yields in most systems could continue growing

for two decades or more before reaching the attainable level.

The series that have plateaued — and thus have zero closure rates — still sit well below their
potential. Maize and wheat in Argentina and rice in Myanmar are below 50% of potential, and

wheat in Canada is at around 60%, all well below the attainable level.

Three series — rice in Thailand and soy in Argentina and Paraguay — are unclassified, with
competing models within AAICc < 2 pointing to different terminal patterns (linear growth

versus plateau). No closure rates are reported for these series.

3.3 Global yield projection and 2050 demand

At current trajectories, projected yield growth falls short of 2050 demand for maize and soy,
roughly matches it for wheat, and exceeds it only for rice (Figure 4 and Table 6; per-crop plots
in Figure 6). Measured against our primary benchmark — the demand projections of Falcon,
Naylor, and Shankar (2022) — the maize and soy shortfalls are 28 and 24 percentage points
respectively. They remain at least 25 and 19 points even at the optimistic end of the projection
interval, so they do not hinge on which model is selected. Rice exceeds its much lower demand
growth by 25 points (95% interval 24-26); wheat, which Falcon et al. do not cover, roughly
matches the IMPACT projection, with a gap of 2 percentage points whose interval (-2 to 7)

straddles zero.
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Table 6: Projected increase in global average yield between 2020 and 2050 (extrapolating the
best-fit model, with its 95% projection interval; Section 2) vs. the yield increase required to
meet crop-specific 2050 demand projections from three sources (IMPACT, FAO, and Falcon
et al.), assuming no cropland expansion. All figures are percentage changes over a 2020 base.
Dashes mark crops a source does not report.

Crop  Projected increase (%) 95% interval IMPACT A&B Falcon

Maize 34 (0,37) 48 2 62
Rice 26 (25,27) 16 7 1
Soy 29 (18, 34) 30 9 53
Wheat 40 (36, 45) 38 S —

Falcon et al.: rice is reported on a milled basis (our production is paddy);
maize excludes ethanol. A&B (Alexandratos and Bruinsma): absolute 2050
production levels, rebased here from their 2005/07 base. * Soy Falcon fig-
ure is an authors’ estimate following Falcon et al.’s joint-product approach;

Falcon et al. report soybean oil only.

D Projected at current trend . Required to meet 2050 demand
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Figure 4: Projected increase in global average yield between 2020 and 2050 against the increase
required to meet 2050 demand, by crop. Both are percentage changes over a 2020 base, and the
demand comparison assumes no cropland expansion. The projected bar extrapolates the best-
fitting model; its whisker is the 95% projection interval (2.5-97.5 percentiles of a Monte Carlo
combining AICc model-averaging weights with parametric coefficient uncertainty; Section 2).
The required bar uses the primary demand benchmark only: Falcon, Naylor, and Shankar (2022)
for maize, rice, and soy, and IFPRI IMPACT for wheat, which Falcon et al. do not cover. Table 6
gives all three demand sources; Figure 6 shows the underlying yield trajectories.
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Aggregating the four crops into a single calorie-weighted index of production gives a similar
verdict at the aggregate level: under the no-cropland-expansion assumption, projected calorie
production rises by about 60% between 2005 and 2050 (95% interval 43—63%). That is only a
little over half of the roughly 100% (+11%) growth in total crop-calorie demand projected by
Tilman et al. (2011) over the same period. The shortfall is about 40 percentage points (95% in-
terval 37-57), and it holds across all four crops and across the full projection interval (Table 22).
This ~100% figure is measured from a 2005 base: because calorie-weighted production of the
four crops already grew by about 43% between 2005 and 2020, rebasing Tilman et al. (2011)’s
projection onto the 2020 base used in Table 6 implies about 40% further growth to 2050. That
is comparable to the crop-specific demand projections there rather than far above them. The

larger headline number reflects the earlier base year, not a more demanding assumption.

Expressed as land, this shortfall is substantial. Meeting Tilman et al.’s demand at trend yields
would require the four crops’ combined harvested area to scale by a factor of 1.25 (the ratio
of demanded to projected calorie production). That means going from about 615 million ha in
2005 to about 768 million ha in 2050, an expansion of roughly 153 million ha. About 98 million
ha of this has already occurred: harvested area for these crops grew from 615 to 713 million
ha between 2005 and 2020. That expansion accounted for roughly 41% of the growth in these
crops’ calorie-weighted production over the same period. The residual (the further expansion
needed between 2020 and 2050) is roughly 55 million ha, or 8% above the 2020 area. Its 95%
interval is about 40—149 million ha, which widens sharply at the upper end because the land
requirement rises steeply if yields grow more slowly. This is an illustrative accounting identity
rather than a forecast, since low yields would in practice curb demand through higher prices. It
is also a lower bound, since newly converted land tends to be more marginal and lower-yielding

than land already in production (Andrade et al. 2022).

Results are broadly robust to the three model-selection choices we varied one at a time: min-

imum segment length, selection criterion (AICc vs. BIC), and inclusion of the three smooth-
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curve forms (quadratic, exponential, and quadratic-plateau): the share of world production with
a terminal plateau stays below 15% for every crop under all specifications, and the few series
whose classification shifts move mostly into “unclassified” rather than reversing direction (Sec-

tion C).

A further robustness check addressed the case of rice in China. FAO yield data for China
reflect a blended average of the primary (main) crop and the ratoon crop (a second harvest
grown from harvested stubble) whose area has expanded substantially since 2004 (Peng and
Yu 2026). In the preferred model for the full FAO series (1961-2024), blended yields grow at
41 kg ha! yr'! from approximately 1993 onward; fitting the same procedure to the main-crop
series from Peng and Yu (2026) gives a steeper linear trend of 54 kg ha™' yr'! over 2004-2023.
The blended series thus understates the main crop’s yield growth, as expected. FAO counts
the second (ratoon) harvest as additional area, so the blended yield is an area-weighted average
of the main crop and the lower-yielding ratoon crop, and the growing ratoon share pulls the
measured rate down. The two slopes also span different windows. This understatement does
not, however, change the trajectory that matters for our classification: both series show Chinese
rice yields clearly still rising, with no sign of a plateau. Furthermore, ratoon production was
negligible before 2004 — ratoon harvested area was only 0.3 Mha in 2004 compared to 28.1
Mha for the main crop (1.1%) — so the blending has minimal effect on the pre-2004 portion
of the FAO series. By 2023, the ratoon share had grown to 1.4 Mha out of 27.5 Mha (4.8%),
confirming that ratoon production only became non-trivial during the period covered by the

robustness check.

4 Discussion

How fast crop yields rise is a central determinant of whether rising food demand can be met
without clearing more land. To see where the major cropping systems stand, we characterized

the trajectory of national yields for the leading producers of maize, rice, wheat, and soy. We

81



then gauged how far those yields sit below their biophysical ceilings and how fast the remaining

gap is closing, and projected current trends against mid-century demand.

The overall picture that emerges is more optimistic than that painted by earlier assessments of
yield stagnation. Across the major crop-country series we analyzed, yield plateaus are the ex-
ception rather than the rule: only 6 of 34 series unambiguously end the time series in a plateau.
Terminal plateaus account for just 3—4% of global production for maize, rice, and soy, and
9% for wheat. This strict count captures only unambiguous plateaus; a few additional series,
notably wheat in Western Europe, show effectively flat recent yields without being formally
classified as plateaus (discussed below). This stands in contrast to earlier characterizations
of widespread yield stagnation in major cropping systems. Grassini, Eskridge, and Cassman
(2013) reported plateaus representing 33% of global rice production, 27% of global wheat pro-
duction, and 5% of global maize production. Ray et al. (2012) found that yields were no
longer increasing in regions accounting for 43% of global rice, 44% of global wheat, 21% of
global maize, and 18% of global soybean. Our methodological improvements (particularly the
longer time series, the inclusion of three-segment models that can capture multiple regime shifts
within a single series, and formal information-criterion model selection) together yield a picture

in which terminal plateaus are uncommon.

Closer examination of the Grassini, Eskridge, and Cassman (2013) results shows that the com-
parison plays out differently across the three crops they cover. For maize, the two analyses
largely agree at the aggregate level: 3% of global production in our analysis versus 5% in
Grassini, Eskridge, and Cassman (2013). The countries where plateaus are detected differ be-
tween the two studies, but there is agreement that the phenomenon is not widespread. For rice,
China alone accounts for 28% of global rice production (averaged over 2000-2024) and thus
for nearly all of Grassini, Eskridge, and Cassman (2013)’s 33% plateau share, making the dis-
agreement effectively a single case. For wheat, the picture is more dispersed: India (13% of

global production) is the largest plateau-classified producer but accounts for only about half of
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Grassini, Eskridge, and Cassman (2013)’s 27% plateau share, with most of the remainder con-
centrated in Western Europe (discussed below). The cases of China rice and India wheat share
a common mechanism. Applying our selection procedure to data truncated at 2010 and ex-
cluding three-segment models (more closely approximating Grassini, Eskridge, and Cassman
(2013)’s setup) leaves a linear-plateau and a two-segment linear (LL) trajectory effectively
indistinguishable (see Section C). Grassini, Eskridge, and Cassman (2013)’s strict p < 0.01
significance requirement for breakpoint parameters, combined with the absence of two-knot
models in their candidate set, resolves this ambiguity toward the plateau. Under our preferred
specification (series extended to 2024 and three-segment models allowed) post-2010 growth
makes a plateau implausible and AICc accordingly favors a multi-segment linear model (LL
for rice in China, LLL for wheat in India). Of the differences between the two analyses, the
length of the series is both the most consequential and the most straightforward to interpret: the
additional years are not a matter of methodological preference but of evidence, and they show
that yields resumed rising. The model-set and selection-rule differences matter only in resolv-
ing a genuinely ambiguous pre-2010 series; once the post-2010 data are in hand, that ambiguity

disappears.

The remaining plateau share for wheat in Grassini, Eskridge, and Cassman (2013) is concen-
trated in Western Europe, where they found plateaus across all five countries they analyzed —
a pattern consistent with earlier wheat-specific analyses (Brisson et al. 2010; Lin and Huybers
2012). Our sample includes the three Western European producers above the 2% threshold
(France, Germany, and the United Kingdom) and all three show recent yield growth at or near
zero (Table 5), consistent with that stagnation. Their formal terminal-form classification dif-
fers: Germany an unambiguous plateau, France and the United Kingdom unclassified because
competing models cannot distinguish a plateau from a shallow linear trend. But this reflects
statistical uncertainty about the exact form rather than disagreement about the substance, since
growth in all three has effectively stalled. We cannot, however, test whether this stagnation re-
flects proximity to the biophysical ceiling, as Grassini, Eskridge, and Cassman (2013) hypoth-
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esize, because YPYGA has too few post-2010 potential-yield observations for these countries

(fewer than five each) to include them in our yield-gap analysis.

The other unclassified series tell a similar story. Rice in Thailand and soybean in Paraguay also
show recent growth at or near zero, so treating them as stagnant rather than merely unclassified
would nudge the effectively-flat share upward. But only modestly: they account for just 4.5%
of global rice and 2.6% of global soybean. Soybean in Argentina (15.5% of world production)
is a genuine outlier: an unusually noisy series whose competing models disagree even on the
sign of recent growth. Its best-fitting model ends in a plateau, so counting it as one would
add roughly 15 percentage points to soybean’s plateau share; because the evidence is genuinely

ambiguous, we leave it unclassified.

The discrepancy with Ray et al. (2012) has a different character: several methodological dif-
ferences contribute, and we cannot cleanly apportion the gap among them. First, their headline
“not witnessing yield increases” combines plateaus with declining and never-improving yields,
a broader category than our terminal plateaus. (Note, however, that we observe neither null
cases nor declining yields anywhere in our sample, so our equivalent to “not witnessing yield
increases” is simply the sum of plateau and unclassified in Table 20.) Second, the analysis is
computed at sub-national resolution (~13,500 political units, equally weighted) rather than at
the national level. Their own intercomparison (Supplementary Table S3) illustrates the effect.
For India wheat, sub-national analysis classifies 70% of area as stagnating, while applying the
same method at the national level classifies 100% as increasing, with similar patterns for the
United States, China, and Argentina wheat. Third, with no multi-segment alternative in their
model set, a decelerating-but-still-rising series — which we would fit as a two- or three-segment
linear model with positive but decreasing segment slopes — can be best fit by a downward-
opening quadratic whose vertex lies inside the data window. Such a series is then classified
as stagnating even though the underlying trajectory is still rising at the endpoint. Fourth, their

data end in 2008, so post-2008 resumption, like that documented above for China rice and India
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wheat, would not have been captured. We cannot weight these factors precisely, but they do
not contribute equally. The sub-national resolution and the restrictive model set are the clearest
sources of the gap: each demonstrably leads Ray et al. (2012)’s procedure to classify more se-
ries as non-increasing. The resolution difference in particular means the two studies are partly
answering different questions, since sub-national stagnation — real and policy-relevant as it
is — is distinct from whether national yields have reached a terminal plateau. The remaining
two differences are weaker: the broader category is definitional rather than substantive (our
comparable measure is the plateau-plus-unclassified share noted above). The shorter window
would matter only if post-2008 resumption proved widespread, which our two documented

cases cannot establish.

The two cases where we can document a resumption following an apparent plateau (China
rice and India wheat) both turn upward in the years just after Grassini, Eskridge, and Cass-
man (2013)’s data end, and this timing invites a tentative explanation. Those years close a
roughly three-decade decline in real agricultural commodity prices and open with the 2007-08
food price spike and its 2010—11 echo, which revived investment attention to agriculture after
decades of relative neglect (Headey and Fan 2008). Sustained higher prices plausibly spur the
investments that raise yields (producers intensify on existing land, not only expand area) and
several studies estimate a positive though modest own-price elasticity of yield (roughly 0.04—
0.17 globally, about 0.23 for US maize) (Haile, Kalkuhl, and Von Braun 2016; Miao, Khanna,
and Huang 2016). Its magnitude is contested — other work finds the aggregate supply response
comes mainly through area, with little net yield effect (Roberts and Schlenker 2013; Berry and
Schlenker 2011) — and it is in any case partly offset by the heightened volatility of the spike
years (Haile, Kalkuhl, and Von Braun 2016). It is therefore a contributing factor rather than
a clean cause. If these two documented resumptions are part of a broader wave of post-2008
yield-growth resumption, that wave would likewise fall outside Ray et al. (2012)’s window,
which ends in 2008 — though the sub-national resolution of their analysis prevents us from
testing this directly.
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The persistence of yield growth across most crop-country series in our sample likely reflects
a combination of factors whose relative weight our analysis is not designed to disentangle.
The leading candidates are the following. One is continued investment in agricultural research
and development, both public and private, which has been a primary driver of past productiv-
ity growth (Alston, Beddow, and Pardey 2009). This includes advances in plant genetics and
agronomy, along with the extension services and input industries that translate research into
farm-level practice. A second is the policy environment: price support mechanisms, crop insur-
ance, and access to credit lower barriers to adopting yield-enhancing technologies and practices,
both by reducing downside risk and by making capital available for investment (mechanisms
long documented in the technology-adoption literature (Feder, Just, and Zilberman 1985; Fos-
ter and Rosenzweig 2010)). Political stability and functioning institutions provide the broader
preconditions. Third, structural factors play a role: where the share of harvested area under
irrigation has expanded, aggregate national yields rise mechanically, since irrigated yields typ-
ically exceed rainfed yields (Mueller et al. 2012; Van Ittersum et al. 2013). A shift in the mix

raises the average even if within-regime productivity is unchanged.

Continued yield growth is more striking for maize and wheat, because the net effect of climate
change on their yields has been negative. Lobell, Schlenker, and Costa-Roberts (2011) estimate
that 1980-2008 temperature and precipitation trends reduced global maize and wheat produc-
tion by roughly 4% and 6% respectively, relative to a counterfactual without those trends. Ris-
ing CO, over the same period raised C;-crop yields (wheat, rice, soy) by about 3% through the
fertilization effect but did essentially nothing for C, maize. Net climate-plus-CO, effects were
therefore roughly —4% for maize and —2% for wheat, while rice and soy came out net positive,
at about +3% and +1% respectively. That maize and wheat yields nonetheless rose across most
systems underscores that the other drivers (investment, policy, and structural change) more
than offset the net climatic drag on those two crops. These global averages also mask regional
heterogeneity: where climate trends have run favorable, they have instead lifted yields. In the
irrigated maize systems of Nebraska, for instance, Rizzo et al. (2022) attribute nearly half of the
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2005-2018 yield gain to a favorable decadal trend toward cooler, longer grain-filling seasons,

together with rising CO,.

Where plateaus do occur, our yield gap analysis shows that they generally arise well below the
attainable yield ceiling. Among the four series in the yield gap sample with zero closure rates,
maize and wheat in Argentina and rice in Myanmar are below 50% of potential and wheat in
Canada is at around 60%, all indicating substantial remaining biological headroom. A con-
straint other than the biophysical ceiling (socioeconomic, policy, management, or some combi-
nation) must therefore be responsible. This pattern qualifies Grassini, Eskridge, and Cassman
(2013)’s framing of plateaus as ceiling-driven phenomena: ceiling-driven plateaus may indeed
occur in some intensive systems, but they are not the dominant story across the major producers

in our sample.

That plateaus are rarely ceiling-driven rests on the series we can both classify and measure
against a potential-yield benchmark. Two of the cases most likely to be ceiling-driven are
harder to assess. First, wheat in Western Europe has too few recent YPY GA potential-yield ob-
servations for us to say how close those yields sit to their ceiling. Second, soybean in Paraguay
does sit near its ceiling (about 70% of potential) with near-flat yields, but its terminal form is
unclassified. These do not change the broad picture, however. Terminal plateaus are a small
share of production in every crop (from 3% for maize to 9% for wheat), so the ceiling-versus-
management question concerns a minor slice to begin with. The other unclassified series we
can measure (rice in Thailand and soybean in Argentina) sit well below their ceilings, at about
36% and 58% of potential. The unresolved cases are themselves small, with France and the
United Kingdom together accounting for 7.3% of world wheat and Paraguay for 2.6% of world

soybean.

A further finding reinforces this picture: yield growth resumption after plateaus occurs in a
number of cases. A handful of crop-country series (across rice, soy, and wheat) exhibit ac-

celeration following a historical plateau (Table 4), and for several of these crops the share
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of global production with post-plateau resumption exceeds the share with current terminal
plateaus. This directly contradicts Grassini, Eskridge, and Cassman (2013)’s observation that
“there was no case of a return to the previous rising yield trend after a statistically significant
upper yield plateau occurred.” Recognizing post-plateau resumption matters for how current
plateaus should be interpreted: in some cases what looks like terminal stagnation may turn out
to be a transitional pause. More broadly, the prevalence of multi-segment best-fit models —
with regime changes including both decelerations and accelerations within the same series —
indicates that a country’s current yield trend is not a permanent state. Growth can slow, stall,
or resume, so neither an ongoing plateau nor a phase of rapid growth should be read as a fixed

endpoint.

Beyond the plateau cases, the broader yield gap picture is one of substantial remaining head-
room. Actual yields are below 50% of potential for about half of the crop-country series with
available YPYGA data, meaning that observed yields would need to increase by more than 60%
before approaching the attainable yield ceiling. Closure rates — the percentage of the remaining
yield gap closed per year at current trends — are correspondingly modest. Of the 16 classified
series with non-zero attainable closure rates (computed against 80% of potential yield as the
ceiling), 14 are below 5% and 9 below 3%. That implies timelines of more than two decades,
and for most series more than three, before yields reach the attainable level. These figures rest
on a fixed potential yield benchmark (the average of post-2010 YPYGA estimates) rather than
on a dynamic measure of how potential yields are themselves changing. If varietal improve-
ment and agronomic innovation continue to raise the ceiling, the real gap is closing more slowly

than our metric indicates and the implied time to reach the attainable level is longer.

How fast that ceiling is actually moving, however, is poorly constrained, because trends in yield
potential are notoriously hard to measure. The standard approach — growing a historical series
of cultivars side by side and regressing yield on year of release — conflates true gains in yield

potential with maintenance breeding. Maintenance breeding is the continual varietal replace-
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ment needed merely to offset the “yield erosion” that older cultivars suffer as pests, diseases,
soils, and climate drift away from the conditions under which they were selected (Cassman et al.
2003; Peng et al. 2010). Because older cultivars are handicapped in a contemporary environ-
ment, this comparison overstates the underlying rise in potential. Once the two components are
separated the picture differs sharply by crop. For tropical rice and temperate maize, controlled
comparisons find little or no detectable increase in yield potential over several decades (Cass-
man 1999; Cassman et al. 2003; Peng et al. 2010), and the evidence is thinner still for soybean,
where erosion-controlled comparisons are largely absent (Andrade et al. 2026). Wheat is the
exception: Andrade et al. (2026) attribute roughly 40 of a measured 73 kg ha—! yr—! genetic
improvement to higher yield potential (the remainder to maintenance breeding) in the systems
they studied, a pace comparable to the yield growth many major wheat systems have achieved.
Such gains are hard-won, since raising yield potential ultimately requires increasing canopy
photosynthesis, a highly constrained target (Cassman 1999), but for wheat they are evidently

real.

The contrast between wheat and the other crops bears directly on our closure rates. For rice
and maize, a near-stationary ceiling leaves the static YPYGA benchmark largely unbiased —
including for the two series closest to their ceilings, maize in the United States and rice in China,
where an accurate benchmark matters most. For wheat, a ceiling that is itself rising means
our closure rates overstate how fast the gap is narrowing and understate the time to reach the
attainable level. That bias points toward more remaining headroom rather than less, and the one
rapidly closing wheat series we single out, Australia, we already attribute to a probable one-off

step change rather than convergence on a fixed ceiling.

One line of work tries to track the moving ceiling empirically rather than inferring it from
cultivar trials. Gerber et al. (2024) attempt a dynamic estimation of attainable yields using a
quantile regression approach and report that yield gaps are already closing across 84% of rice-

growing area and 56% of wheat-growing area, a pattern they term “ceiling pressure.” Their
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framework can in principle decompose gap dynamics into movements in actual and attainable
yields, an advantage over our static benchmark. However, their definition of attainable yield
as the 95th percentile of observed yields under similar biophysical conditions systematically
underestimates the biophysical ceiling where farmers are widely constrained by limited inputs,
markets, or knowledge (Van Ittersum et al. 2013; Couedel et al. 2025). Where the empiri-
cal 95th percentile reflects management rather than biology, convergence toward it does not

necessarily indicate approach to the biophysical ceiling.

How much of this headroom is realistically available depends on economic conditions, not
agronomy alone. A gap between observed and attainable yield need not indicate inefficiency: at
prevailing output prices, input costs, and production risk, operating below the attainable ceiling
can be privately optimal for farmers. A wide gap can therefore persist as an equilibrium rather
than a shortfall waiting to be captured (Van Dijk et al. 2017; Gatti et al. 2023). The biophysical
gap we measure is therefore best read not as production that farmers could profitably obtain
today, but as a diagnostic of which constraint binds. Where it is wide, the limiting factor is
economic and managerial rather than biological. It is thus in principle movable by higher output
prices (which carry their own consumer-welfare costs), lower input costs, reduced production
risk, stronger credit and institutions, or technology that raises yield per unit cost. A binding
biophysical ceiling would yield to none of these, only to advances that raise the ceiling itself.
Neither route is costless: closing an economic gap takes real investment and changed incentives,
just as raising the ceiling takes frontier R&D. The distinction we draw is therefore about the kind
of intervention required — prices, credit, risk instruments, and extension versus genetic and
agronomic advance. The two routes are not, however, equally tractable. Closing a management
gap draws on interventions whose agronomic content is already known and whose effects appear
within a few seasons: nutrient and water management, pest control, sowing date and plant
density, and the extension and input-supply systems that carry them to farmers. Raising the
ceiling is a frontier research problem that operates on breeding cycles of a decade or more, and
one that, as the erosion-controlled comparisons above indicate, has produced little measurable
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movement in temperate maize or tropical rice over several decades. Where a wide gap remains,
the more reliable near-term route to higher yields is therefore the management one. That is not to
say it is cheap or politically simple: the structural conditions that hold gaps open are themselves

slow to change.

Two systems depart from this pattern of wide gaps. In both, the biophysical ceiling, though
not yet the binding constraint, is close enough to check further growth before long. Maize
in the United States and rice in China are at 72% and 69% of potential respectively, meaning
yields would only need to grow by roughly 10—-15% to reach the attainable ceiling. US maize
moreover has an attainable closure rate of about 10%, the highest in our sample outside of wheat
in Australia (discussed below). These two are best read as the leading edge of the process
described above rather than as counterexamples to it. A system that closes its gap quickly
eventually converts a management-limited constraint into a biophysical one, and US maize —
the smallest gap and the fastest closure rate in our sample — is furthest along that path. Neither
has plateaued. Both are still on rising terminal trends, and approaching the attainable level
implies growth that decelerates as the marginal returns to further intensification fall, not an

abrupt halt.

The weight of these two cases depends on how they are counted. Counted by series, headroom
is clearly the rule: 11 of the 23 series in our yield gap sample are below 50% of potential.
Weighted by production the balance is closer, because the near-ceiling systems are among the
largest. Those 11 series account for 41% of the production covered by the sample, while maize
in the United States and rice in China alone account for 30% — 20% of world production of
the four crops. Because of that weight, if yield growth slows in these two systems the effect on
global production will be disproportionately large. This is the most direct empirical support in
our analysis for the concern raised by Grassini, Eskridge, and Cassman (2013) about intensive
systems approaching their biological ceiling, although it is more narrowly scoped — confined

to two specific series rather than entire crop categories.
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One series deserves a separate caveat: wheat in Australia has the highest attainable closure
rate in our sample, but this likely overstates the underlying trajectory. The rapid yield growth
observed since 2016 appears to reflect a one-off package of innovations, chiefly the widespread
adoption of earlier planting, using long-coleoptile varieties sown into dry soil ahead of the rains.
The size of the gain is consistent with the yield benefits projected for early-sowing systems
(Hunt et al. 2019; Zhao et al. 2022). The recent yield levels likely represent a genuine step
change in productivity, but the steep rate of increase is unlikely to persist once adoption of
this technology package is complete. The closure rate itself is hard to interpret: the YPYGA
benchmark for Australian wheat covers 2003-2017 and largely predates the step change. Our
closure rate uses the post-2016 slope, a temporal mismatch that mixes a pre-step-change ceiling
with a post-step-change rate. It is also unclear whether the recent innovations represent gap
closure against a fixed ceiling or have themselves raised attainable yields, since agronomic

practice can affect both.

The projected shortfall to mid-century is not, for the most part, a ceiling story: it arises from
the rate at which yields are rising across all four crops, not from a limit on how high they
can rise. In the two systems whose gaps are already narrow, faster growth would increasingly
have to come from raising the ceiling rather than from closing a gap, and those are among the
largest suppliers of maize and rice. Extrapolating the fitted trends to 2050 and comparing them
with independent demand projections suggests that current trajectories will, for most crops,
not keep pace. Measured primarily against the commodity-by-region projections of Falcon,
Naylor, and Shankar (2022), projected yield growth falls short for maize and soy and roughly
matches projected demand for wheat. Those projections represent demand pressure rather than
a supply-reconciled market equilibrium, and are therefore the appropriate benchmark for asking
whether yields can keep up. Only rice clearly exceeds its requirement, and it does so because
Asian per-capita rice consumption is declining (Bennett’s law) rather than because its yields
are rising unusually fast. Rice’s relatively favorable position is reinforced on the supply side:
ratoon cropping, a second harvest taken from land already in rice, has been expanding in China
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(Peng and Yu 2026) and offers additional scope to raise output without converting new land. Its
margin should not, however, be read as slack available to the crops that fall short. It arises on
the demand side rather than from unusually fast yield growth, and the land it frees lies mostly in
monsoon Asia, where paddy systems do not readily convert to the rainfed crops whose demand
is growing fastest. The maize and soy shortfalls are wide enough to persist across the full
95% projection interval (Section 2), so they do not depend on which trend model best fits each
series. The crops that drive demand growth, the feed and industrial crops maize and soy, are
precisely those whose projected supply falls furthest behind. The aggregate picture is the same.
Combining the four crops into a single calorie-weighted index, projected calorie production
rises about 60% between 2005 and 2050 (95% interval 43—63%). That is only a little more
than half of the roughly 100% growth in total crop-calorie demand projected by Tilman et
al. (2011) over the same period, a shortfall that remains across the entire interval. Because
these comparisons hold harvested area fixed, they describe the yield trajectory that would be
required to meet demand without converting additional land, a normative benchmark rather

than a prediction.

Filling the gap that yield growth leaves unmet would require the four crops’ cropland to reach
roughly 1.25 times its 2005 extent by 2050. Much of that increase is already under way, with
about 98 million ha added between 2005 and 2020 and a further 55 million ha implied on current
trends. The land conversion that continued yield growth is meant to forestall is thus already
partly occurring, and a persistent shortfall would prolong it. Because newly converted land
tends to be less productive than land already farmed, even these figures are conservative. The

residual alone amounts to an area of new cropland approaching the size of Ukraine.

Several caveats apply to these conclusions. First, the trend analysis assumes Gaussian i.i.d. er-
rors; positive autocorrelation in yield series may make the AICc penalty too lenient, potentially
favoring more complex models than would be selected under a correct effective-sample-size

adjustment. Second, FAO yields are self-reported national statistics with measurement error
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that we cannot independently quantify, and the 2% production threshold restricts the sample to
major producers, leaving the long tail of smaller ones, whose trajectories may differ, outside
the analysis. Third, classifications could in principle depend on choices in the model-selection
procedure (the candidate set, the selection criterion, and the minimum-segment constraint) but

robustness checks varying each of these (Section C) leave the main results unchanged.

The yield gap analysis carries further caveats. YPYGA potential yields aggregate a finite set
of reference weather stations weighted by cropped-area coverage, so countries with sparser
station networks inherit more uncertainty in the benchmark itself. YPYGA estimates are also
unavailable for some crop-country series in our sample, restricting the yield gap analysis to a
subset, and the post-2010 YPYGA window does not match the full length of the FAO series.
For series assigned a single water regime, we treat the country as 100% that regime, ignoring
small minority shares. For mixed-regime series we weight the irrigated and rainfed bench-
marks using MIRCA harvested-area fractions. Four of the eleven mixed-regime series (rice in
Indonesia, Thailand, Myanmar, and the Philippines) rest on MIRCA inputs that are themselves
imputed from AQUASTAT national totals downscaled by area-equipped-for-irrigation rather
than directly observed. The 2015 vintage of MIRCA does not capture later shifts in irrigation
extent. To bound this uncertainty, we perturbed the MIRCA fractions by £15 percentage points
for these series and recomputed closure rates; the largest shift was 0.3 percentage points per
year (wheat in China), and the SE Asia rice series moved by less than 0.02 percentage points

per year.

Finally, the comparison to 2050 demand rests on assumptions on both sides. Our yield pro-
jections are illustrative extrapolations of the terminal trend of each best-fit model, not fore-
casts. We quantify their parameter and model-selection uncertainty with a 95% interval (Sec-
tion 2), computed by Monte Carlo over Akaike-weighted models and their sampling distribu-
tions. More fundamentally, they assume recent trends continue, which no such interval cap-

tures and which biophysical ceilings, the pace of technology diffusion, policy shifts, and climate
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change could each disrupt. In some systems, moreover, part of the recent gain reflects favorable
climate trends rather than durable progress, so extrapolating it risks overstating future yields
(Rizzo et al. 2022). The demand projections are likewise model-based and depend on assump-
tions about population, income growth, dietary change, and trade. They also depend on the base
year: older projections measured from a mid-2000s base, such as Alexandratos and Bruinsma
(2012), have been partly overtaken by events, so that rebased to 2020 their remaining implied
growth to 2050 is small. That low residual reflects a stale base year rather than evidence that
little additional growth is required. We benchmark the aggregate calorie index against Tilman
etal. (2011) because its total-utilization, all-crop-calorie basis matches our index, which counts
every crop’s calories regardless of end use; estimates restricted to direct food consumption mea-
sure a different quantity and are not directly comparable. The fixed-area comparison is itself
a normative device rather than a prediction. The per-crop comparisons rest on a further re-
striction: each holds that crop’s own harvested area fixed, whereas relative prices move land
between crops. That mechanism is not hypothetical. Between 2000 and 2024, harvested area
grew by 93% for soybean and 53% for maize (the two crops whose projected demand outruns
their yield growth) against 12% for rice and 2% for wheat. A crop-level shortfall is therefore
better read as the yield growth that crop would need from its current area than as a claim that
its demand goes unmet, since part of the adjustment would come as area. The aggregate calorie
index is largely insulated from this, because reallocation among the four crops is internal to it:
moving a hectare between them changes total calorie production only through the difference in
calories per hectare. In practice a yield shortfall would not translate one-for-one into cropland
expansion: higher prices would dampen consumption (most steeply for the land-intensive ani-
mal products that drive much of the projected demand growth) and shift some demand toward
substitutes such as seafood (Costello et al. 2020). Realized conversion would therefore likely
fall below the implied-area figure. These adjustments are not costless, however: the price in-
creases that clear the market fall hardest on low-income consumers, which is itself a reason to

value the yield growth that would avoid them. Finally, the four crops we aggregate represent
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roughly two-thirds of global crop calories rather than the entire food supply.

The two findings pull in different directions. The widespread biological headroom and the
rarity of ceiling-constrained plateaus suggest that there is more scope for management-side
improvements (adoption of best practices, irrigation, fertility management, and pest control)
to contribute to global production growth than a picture of widespread ceiling-driven stagna-
tion would imply. At the same time, the projection comparison above shows that current rates
of progress — whatever their drivers — will not suffice to meet projected demand. The two
findings are reconcilable: because the shortfall reflects how fast yields are rising rather than a
biophysical limit on how high they can rise, it is in most systems closable in principle. That the
binding constraint is economic and managerial today does not mean it will remain so: wherever
a gap closes quickly, the constraint eventually converts into a biophysical one, and the interven-
tion that would relieve it changes accordingly. Our findings describe which constraint binds
now, not a claim that ceilings never bind. Where gaps remain wide, though, closing them calls
on interventions that are already well understood. Meeting 2050 demand without cropland ex-
pansion, with its substantial environmental costs (Villoria 2019; Baldos et al. 2025), therefore

depends on accelerating the closure of yield gaps that in most systems remain wide open.

For policymakers and the research community, our results suggest that the binding constraint
on yield growth is in most cases not currently biophysical but a combination of socioeconomic,
institutional, and management factors that determine how rapidly farmers close the gap to the
attainable ceiling. Understanding why this gap closes faster in some systems than others, and
where the remaining headroom is most accessible, should be a priority for future research.
So should the complementary problem: where gaps are already narrow, further growth requires
moving the ceiling itself. It is reasonable to expect some self-correction here, since proximity to
the ceiling, together with the price pressure implied by the demand shortfall above, is precisely
the condition under which the returns to ceiling-raising research are highest. It may induce

the investment needed. That response cannot be assumed, though: it operates on breeding-
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cycle lags of a decade or more. The erosion-controlled evidence discussed above offers little
assurance for the two crops where the need is most immediate, since measured yield potential in
temperate maize and tropical rice has changed little over several decades. Sustained investment

in raising yield potential is therefore needed alongside the gap-closing agenda.
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A Additional Methods

A.1 Dropped observations

After visual inspection of the data for the included crop-country combinations, a small number
of observations were removed. These decisions were made case by case through visual in-
spection informed by agronomic reasoning, without applying formal numerical thresholds. For
soy in India, the reported yields for 1961-1971 were dropped because they were identical or
near-identical across the entire span, with a near-zero variance inconsistent with the rest of the
sample. For soy in Paraguay, the reported yields for 1964, 1968, and 1969 were dropped be-
cause they were roughly twice those of the surrounding period, which we judged agronomically

implausible.

A.2 Mexico irrigated maize

For the yield gap analysis, we replace FAO data on average maize yields in Mexico with
irrigation-specific yield data from Mexico’s agricultural statistical service (Servicio de Infor-
macion Agroalimentaria y Pesquera, SIAP), covering 1980-2024. This enables a like-for-like
comparison with YPYGA’s irrigated-specific benchmark. For 2003—2024, SIAP reports data at
the municipal level; we aggregated to the national level by summing irrigated harvested area and
production volume across all municipalities and computing yield as their ratio. For 1980-2002,
SIAP reports data at the national level directly. Throughout, records were filtered to irrigated
grain maize (modalidad Riego, cultivo Maiz grano). No level discontinuity is apparent at the

2002/2003 join.

This substitution also affects the closure-rate calculation. The terminal slope used to compute
Mexico maize’s rate of gap closure is taken from the SIAP irrigated-only fit rather than the
FAO-based fit reported in Table 5, to match the irrigated YPYGA benchmark. The terminal

slopes for all other crop-country observations are those reported in Table 5.
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A.3 Potential yield data coverage

Table 7 lists, for each crop-country series included in the potential yield analysis, the number
of post-2010 years with available YPYGA potential yield data and the benchmarking method
used. “Rainfed” indicates the water-limited potential yield (Y,,) was used directly; “Irrigated”
indicates the irrigated potential yield (Y),) was used directly; “Weighted (ir + rf)” indicates a

MIRCA-derived area-weighted average of Y, and Y, was computed, applied to countries where

both irrigation systems contribute substantially to production.

Table 7: YPYGA potential yield data coverage for each crop-country series. YPYGA years:
number of post-2010 years with available potential yield data used to compute the average.
Benchmark: potential yield benchmarking method — rainfed (Y,,), irrigated (Y),), or MIRCA

area-weighted average of both.

Crop  Country GYGA years Benchmark
Maize Argentina 12 Rainfed

Maize Brazil 8 Rainfed

Maize China 5 Weighted (ir + rf)
Maize Mexico 12 TIrrigated

Maize United States 13 Weighted (ir + rf)
Rice  China 5 [Irrigated

Rice  India 6 Weighted (ir + rf)
Rice  Indonesia 6 Weighted (ir + rf)
Rice  Myanmar 10 Weighted (ir + rf)
Rice  Philippines 7 Weighted (ir + rf)
Rice Thailand 8 Weighted (ir + rf)
Rice Vietnam 9 TIrrigated

Soy Argentina 12 Rainfed

Soy Brazil 9 Rainfed

Soy China 10 Weighted (ir + rf)
Soy Paraguay 13 Rainfed

Soy United States 9 Weighted (ir + rf)
Wheat Argentina 12 Rainfed

Wheat Australia 8 Rainfed

Wheat Canada 9 Rainfed

Wheat China 7 Weighted (ir + rf)
Wheat India 5  Weighted (ir + rf)
Wheat United States 9 Rainfed
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B Model Diagnostics

B.1 Motivation

Model selection via AICc identifies the best-fitting model among the candidates considered,
but does not verify that the selected model is adequate in an absolute sense. In particular, AICc-
based comparison assumes Gaussian i.i.d. errors and will still reward a model that happens to
absorb an anomalous observation by placing a breakpoint on it. Three complementary diag-
nostics are therefore applied to every crop-country series after model selection. All diagnostic

plots are available upon request from the author.

B.2 Residual diagnostics
For each crop-country series, three plots are produced from the residuals of the best-fit model:

1. Residuals vs fitted values. A loess smoother is overlaid. Points scattered randomly
around zero across the full range of fitted values indicate a good fit. A U-shape or
arch suggests the functional form is misspecified (e.g., a linear model on data that ac-
tually curve). A funnel shape, with spread increasing as the fitted value rises, indicates
heteroskedasticity: yields in high-production years are more variable than in low ones.
Heteroskedasticity is common in yield data: absolute yield variability tends to increase
as average yields rise, so a series spanning several decades of yield growth will often
show this pattern. It violates the equal-variance assumption underlying the Gaussian
log-likelihood used by AICc, which means AICc values are biased and comparisons be-
tween models are less reliable. If heteroskedasticity is pronounced, a log transformation

of yield or a weighted least-squares approach would be more appropriate.

Inspection of the residuals-vs-fitted plots across all crop-country series showed generally
random scatter around zero. The clearest exception was rice in Bangladesh (best model:

PL), where the loess smoother traced a wave shape across the fitted value range. The
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wave is not a major concern, for two reasons. First, the PL model assigns all observations
in the plateau phase the same fitted value, creating a dense cluster of points at a single
x-position. The loess smoother then connects from this cluster across the sparse linear-
phase observations, giving it high leverage to produce an apparent wave that reflects
noise rather than a systematic misfit. Second, inspection of the raw points — ignoring the
smoother — shows residuals that are approximately symmetric around zero throughout.
The series does exhibit large absolute residuals (300 kg ha—! against fitted values up to
~5500 kg ha—'), reflecting high year-to-year yield variability in Bangladesh, but this is

a property of the data rather than evidence of model misspecification.

Maize in Ukraine (best model: PLL) showed the clearest evidence of heteroskedasticity,
with residuals in the plateau phase (fitted values ~2700-3000 kg ha— 1) noticeably tighter
than in the high-yield linear phase (fitted values ~6500—-7000 kg ha—?!, residuals reaching
+1200 kg ha—!). Some of this apparent spread at the upper end reflects a small number
of observations and likely genuine agro-economic volatility during the post-Soviet tran-
sition and subsequent intensification period. For this analysis the practical consequences
are limited. Since all 10 candidate models are fit on the same yield scale, heteroskedas-
ticity affects all of them equally and does not distort the relative AICc rankings in a way
that would favour one functional form over another. The main cost is a slight underes-
timation of the AICc penalty for complex models. The natural remedies would be a log
transformation of yield — well-motivated since yields tend to grow at roughly constant
percentage rates — or weighted least squares. Both would require re-running the full

analysis and are not pursued here.

. Residuals vs time. This is the most consequential plot for yield data. Points should
bounce around zero throughout the series with no systematic pattern. A run of positive
residuals followed by a run of negative ones (or vice versa) suggests autocorrelation. A

residual trend indicates the model has not captured the full shape of the yield trajectory,
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and a sudden jump suggests a structural break that the selected model missed.

The clearest pattern across all crop-country series was an M-shape in the residuals-vs-
time plot for rice in Myanmar (best model: PLL), with roughly 10-year stretches of same-
sign residuals cycling twice across the ~60-year series. That cycling is a signature of
positive autocorrelation, and likely reflects a combination of inherent year-to-year au-
tocorrelation in yield series (weather regimes, multi-year policy effects) and remaining
model misspecification. The actual trajectory may have more inflection points than a
three-segment piecewise model can capture. Myanmar’s particular political and eco-
nomic history (including major shocks in 1988 and post-2021) may amplify this pattern
through genuine structural breaks and reporting artefacts that no smooth piecewise model
handles well. The practical implication is that the effective sample size is smaller than the
nominal observation count, since neighbouring years carry redundant information. Be-
cause AICc penalties are calculated using the nominal n, they are too small, and model
selection may favour more complex models more readily than the actual information
content warrants. However, since all 10 candidate models are subject to the same auto-
correlation equally, the relative AICc rankings are similarly affected across the board and
the model that minimises RSS will still be selected. The main residual concern is that
knot locations may be partially shaped by autocorrelation structure rather than genuine

breaks in the yield trend.

. Normal Q—Q plot. Standardised residuals are plotted against the theoretical Gaussian
quantiles; points close to the diagonal indicate approximate normality. An S-shape means
the residuals are lighter-tailed than Gaussian; points curving away from the line at both
ends indicate heavy tails; curvature at one end indicates skew. The main practical con-
cern is heavy tails or strong skew, since these deflate the log-likelihood and make AICc
comparisons less reliable. Mild departures are common and not very consequential —

AlCc is fairly robust to modest non-normality when all competing models share the same
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error assumption.

A small number of crop-country series showed a pattern where lower-tail points fell well
below the diagonal while the upper tail tracked the line or fell slightly below it, indicating
a left-skewed distribution with a heavy lower tail. The clearest instance was maize in the
United States, where two or three points in the lower left sat around a sample quantile
of —4 against a theoretical quantile of —2.5. The pattern reflects years of severe yield
shortfall far below the fitted trend. For US maize, those were likely drought years such
as 2012. Agricultural data commonly show this asymmetry: catastrophic yield failures
(drought, frost, pest outbreak) produce crashes well below trend, while good years tend
to be only moderately above it. The departure is not a major concern. It is driven by a
handful of observations rather than a systematic distributional shift, and since the same
extreme observations are present for all 10 candidate models, the relative AICc rankings

are not materially affected.

B.3 Leave-one-out influential point check

For every crop-country series whose best model contains one or more breakpoints (“knot mod-
els”), each observation is removed in turn and full model selection (all 10 candidates, AICc,
quadratic/exponential/quadratic-plateau excluded, minimum segment length 10) is run on the
reduced dataset. Two quantities are recorded for each LOO replicate: which model was se-

lected, and — if the same model was selected as on the full dataset — the estimated knot
year(s).

The LOO check separates two distinct failure modes. Knot instability occurs when the same
model wins on the reduced dataset but the estimated knot year shifts substantially; this indicates
that the breakpoint location is driven by a single observation rather than by a genuine change in
trend. Model instability occurs when a different model is preferred on the reduced dataset; in

this case comparing knot positions is not meaningful. By recording which model won on each
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LOO replicate, the diagnostics can flag both types of instability independently.

For each series, two panels are produced. The first is a scatter plot of knot year(s) against
the removed observation index, coloured by whether the same model was selected (grey) or a
different model (red), with the full-data estimate shown as a dashed red line. The second is a
bar chart of which models were selected across all LOO replicates, with the full-data best model
highlighted in blue. A series is flagged if any same-model replicate shifts the estimated knot

year by more than five years.

B.4 Bootstrap knot stability

To characterise the sampling uncertainty around each fitted knot year, a pairs bootstrap is ap-
plied: year—yield pairs are resampled with replacement 200 times. Full model selection (all 10
candidates, AICc, quadratic/exponential/quadratic-plateau excluded, minimum segment length
10) is run on each replicate. Only replicates where the same model is selected as on the full
dataset contribute to the knot distribution, for the same reason as in the LOO check: if a differ-
ent model wins, comparing knot positions is not meaningful. The plot title reports the number

of same-model replicates as a fraction of total replicates.

For each knot, a histogram of same-model estimates is produced with the original full-data
estimate (red dashed line) and the 2.5th and 97.5th percentiles (navy dotted lines) marked. A

95% bootstrap confidence interval wider than ten years is flagged in the plot title.

A wide interval signals that the data do not precisely constrain the timing of the trend change,
even if model selection strongly prefers a breakpoint model over a linear one. In those cases

the knot year should not be interpreted as a precise historical date.

Note on temporal autocorrelation. The pairs bootstrap treats observations as exchangeable
and ignores autocorrelation in the yield series. The simplification is appropriate here because
the goal is to assess knot location sensitivity under plausible perturbations of the data, not to

make formal inference on the mean function. A block bootstrap would be more appropriate for
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the latter.

B.S Diagnostic settings

Each series is bootstrapped 200 times. Leave-one-out and bootstrap refits use a coarser knot
grid than the main model fitting, 16 points instead of 32, to keep run time tractable (about 40
minutes in total). That is acceptable because the goal is stability assessment, not precise global
optimisation. Bootstrap confidence intervals wider than ten years, and leave-one-out knot shifts

larger than five years, are flagged in the plot titles.

C Robustness checks

We consider three alternative specifications (R1-R3) varying one parameter at a time from the
preferred specification, and two comparisons (G1-G2) with parameter choices set to approxi-

mate the Grassini, Eskridge, and Cassman (2013) setup.

C.1 RI1: minimum segment length 1, AICc, preferred model set

Table 8: R1 (minimum segment length 1, AICc, preferred model set): best-fit model(s) per
crop-country series.

country Maize Rice Soy Wheat

Argentina LLP LLL/PLL/LLP/LL  PLP/PLL/LLP/LLL
Australia LLP

Bangladesh PLL

Brazil LLP LLP/LL/PL/L/LPL

Canada LLP

China LPL/LLL LLL LLL/LPL LLL

France LPL/LP

Germany LP/LLP

India PLL/LLL PLL/LLL LLP/LLL/PLP LPL

Indonesia LLL

Mexico LL/LLP/LPL/PLL/LLL

Myanmar LLL/PLL

Pakistan LPL/PLL/LLL
Paraguay PLP

Philippines LLL

Russia PL/LL/PLL/LLL/LLP
Thailand LLP/LLL
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(continued)

country Maize Rice Soy Wheat

Tiirkiye LPL

Ukraine PLP/PL LPL/PL/PLL/LL
United Kingdom PLP/PLL
United States L LLP L/LPL

Vietnam LLL/PLL

Table 9: R1 (minimum segment length 1, AICc, preferred model set): share of global produc-
tion (%) by terminal-form class.

crop linear increase plateau unclassified not analyzed
Maize 59 11 5 25
Rice 77 0 5 18
Soy 6 37 49 8
Wheat 47 11 18 24

C.2

R2: minimum segment length 10, BIC, preferred model set

Table 10: R2 (minimum segment length 10, BIC, preferred model set): best-fit model(s) per
crop-country series.

country Maize Rice Soy Wheat
Argentina LLP LP/LL PLP/L
Australia LL
Bangladesh PLL

Brazil LL L

Canada LLP
China LL LL LPL L
France LP
Germany LP
India PLL LLL/PL LLP/PLP/L LLL
Indonesia LL

Mexico LL

Myanmar LP

Pakistan L
Paraguay LLP/PLL
Philippines LP/LL/PLL

Russia LL/PL
Thailand LLP

Tiirkiye LPL
Ukraine L PL
United Kingdom LP
United States L LL/PL L
Vietnam PLL/LLL
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Table 11: R2 (minimum segment length 10, BIC, preferred model set): share of global produc-
tion (%) by terminal-form class.

crop linear increase plateau unclassified not analyzed
Maize 71 3 0 26
Rice 71 8 2 19
Soy 70 0 22 8
Wheat 60 15 2 23

C.3 R3: minimum segment length 10, AICc, full model set

Table 12: R3 (minimum segment length 10, AICc, full model set): best-fit model(s) per crop-
country series.

country Maize Rice Soy Wheat
Argentina LLP Q/LLP/LL PLP
Australia LL/LPL/PLL
Bangladesh PLL

Brazil LLL/LL Q/LL/L

Canada LLP
China LLL/LL LL LPL L/Q/LL
France LP/LL
Germany LP/LLP
India PLL/LLL LLL/Q LLP/PLP LLL
Indonesia LL

Mexico Q/LL

Myanmar LLP/LP

Pakistan L/Q/LL
Paraguay LLP/PLL

Philippines PLL/Q/LL

Russia Q/E
Thailand LLP/LLL

Tirkiye LPL
Ukraine L Q/PL
United Kingdom PLL/LP/LL
United States L/Q E/Q L/Q
Vietnam LLL/PLL
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Table 13: R3 (minimum segment length 10, AICc, full model set): share of global production
(%) by terminal-form class.

crop linear increase plateau unclassified not analyzed

Maize 34 3 37 26
Rice 49 4 29 18
Soy 6 4 83 7
Wheat 19 9 48 24

C.4 AICc vs. BIC: differences in classification

6 crop-country series receive a different terminal-form class depending on whether AICc or
BIC is used as the selection criterion (with all other settings equal to the preferred specification:

minimum segment length 10).

Table 14: Crop—country series assigned to different terminal-form classes under AICc vs. BIC
(minimum segment length 10, preferred model set).

Crop Country AlCc class  BIC class
Rice Philippines linear unclassified
Rice Thailand unclassified plateau

Soy India plateau unclassified
Wheat Argentina plateau unclassified
Wheat France unclassified plateau

Wheat United Kingdom unclassified plateau

Table 15: Number of crop-country series classified as unclassified under each criterion.

Criterion Unclassified

AlICc 5
BIC 5

C.5 Effect of including the dropped smooth-curve models

11 crop-country series receive a different terminal-form class when the three smooth-curve
forms (quadratic, exponential, and quadratic-plateau) are included as candidates (all other set-

tings equal to the preferred specification: minimum segment length 10, AICc).
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Table 16: Crop—country series assigned to different terminal-form classes between the pre-
ferred set and the full set including quadratic, exponential, and quadratic-plateau (minimum
segment length 10, AICc).

Crop Country Preferred set  Full set

Maize Mexico linear unclassified
Maize United States linear unclassified
Rice India linear unclassified
Rice Philippines linear unclassified
Soy Brazil linear unclassified
Soy United States  linear unclassified
Wheat China linear unclassified
Wheat Pakistan linear unclassified
Wheat Russia linear unclassified
Wheat Ukraine linear unclassified
Wheat United States  linear unclassified

C.6 Effect of minimum segment length constraint

24 crop-country series had an unconstrained best-fit model with at least one segment shorter
than 10 observations. Of these, 6 switched from a model ending in a plateau to one ending in a
linear segment, and 3 switched in the opposite direction, when the constraint was applied.

Table 17: Crop—country series where the unconstrained best-fit model (R1: minimum seg-
ment length 1, AICc, preferred model set) had at least one segment shorter than 10 observa-
tions. Segment lengths refer to the unconstrained best-fit model; the constrained best model
is from the preferred specification (minimum segment length 10, AICc). Model forms use the
abbreviations given in Table 2.

Crop Country Best model (unconstrained) Segment lengths  Best model (constrained)
Maize Brazil LLP 31/27/6 LLL
Maize China LPL 35/6/23 LLL
Maize  Ukraine PLP 8/19/6 L
Rice China LLL 17/8/39 LL
Rice India PLL 8/40/16 LLL
Rice Indonesia LLL 18/5/41 LL
Rice Myanmar LLL 16/4/44 LLP
Rice Philippines LLL 14/7/43 PLL
Soy Argentina LLL 18/41/5 LLP
Soy Brazil LLP 29/29/6 LL
Soy China LLL 39/7/18 LPL
Soy India LLP 26/9/29 LLP
Soy Paraguay PLP 25/9/30 LLP
Soy United States LLP 52/3/9 LL
Wheat  Argentina PLP 10/45/9 PLP
Wheat Australia LLP 59/2/3 LL
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(continued)

Crop Country Best model (unconstrained) Segment lengths  Best model (constrained)
Wheat Canada LLP 42/13/9 LLP

Wheat China LLL 17/6/41 L

Wheat France LPL 35/27/2 LP

Wheat India LPL 40/5/19 LLL

Wheat Pakistan LPL 54/5/5 L

Wheat  Russia PL 8/25 LL

Wheat Ukraine LPL 5/10/18 PL

Wheat United Kingdom PLP 9/26/29 PLL

C.7 Comparison with Grassini et al. (2013)

Grassini, Eskridge, and Cassman (2013) found widespread yield plateaus across major crop-
producing countries, whereas the present analysis finds very few. Several mechanisms could

explain this discrepancy.

First, the two analyses cover different country sets. Grassini, Eskridge, and Cassman (2013) do
not apply a formal production-share threshold; their 36 cases were selected to cover major pro-
ducing areas globally and include three multi-country African regions (East, Central, and West
Africa) for maize. No individual African country reaches our 2% global production threshold

for maize, so African maize trends appear in Grassini et al.’s analysis but not in ours.

Second, the analyses cover different time periods: Grassini, Eskridge, and Cassman (2013)
used data up to 2010, whereas the preferred specification here extends to 2024. The GI and
G2 runs (Table 18 and Table 19) truncate the series at 2010 while holding the model set and
selection criterion at their preferred values, and plateau classifications remain rare. What this
establishes is narrower than it may appear: shortening the data on its own does not reproduce
Grassini et al.’s plateaus. That test does not show that the ending year is unimportant. Two
series drive the disagreement: China rice and India wheat. For both, the crop-by-crop analysis
below finds that a plateau reading requires the 2010 cutoff together with the narrower model set
and a selection rule that resolves near-ties toward the plateau. The three differences act jointly

rather than any one of them dominating.
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Third, the two analyses differ in model set and selection criterion. Grassini, Eskridge, and
Cassman (2013) evaluate six candidate models: linear, piecewise-linear, linear-upper plateau,
linear-lower plateau, quadratic-plateau, and exponential. They select among them on root mean
squared error (RMSE), with a 5% RMSE difference threshold to declare one model superior
and a requirement that all parameters be statistically significant (p <0.01). The present analysis
evaluates 10 models and uses AICc for selection. Three consequences follow. First, our larger
model set includes multiple piecewise-linear shapes with two or three segments (LL, LLL,
PL, LPL, PLL), which can capture decelerating yield growth without invoking a hard plateau.
Grassini et al.’s single piecewise-linear model offers fewer alternatives to the plateau classi-
fication for decelerating series, making plateau models relatively more competitive. Second,
Grassini et al.’s requirement that breakpoint parameters be significant at p <0.01 means border-
line piecewise models are discarded, potentially leaving a plateau model as the best surviving
alternative; AICc-based selection has no such significance filter. Third, when two models fall
within 5% RMSE of each other, Grassini et al. assign a single classification, taking the lower-
RMSE model as the tiebreaker. The present analysis instead leaves such cases unclassified
when the competing models span different terminal-form classes, so some series that Grassini

et al. classify as plateaus would be unclassified here.

Finally, Grassini, Eskridge, and Cassman (2013) use sub-national data for the United States
(separate regions for rice, wheat, and maize). That disaggregation allows regional plateaus,
such as rice in California, to be detected where they would be diluted or hidden in the national

aggregates used in the present analysis.

A crop-by-crop comparison helps illustrate which of these mechanisms matter in practice. For
rice, both analyses include Bangladesh, China, India, Indonesia, Philippines, Thailand, and
Vietnam. The United States does not appear in either sample (Grassini et al. use California
and South-Central regions, which also fall below our 2% production threshold at the national

level). Grassini et al. additionally include Japan and Republic of Korea, both below our thresh-
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old and together accounting for a small share of global rice production. Among Grassini et al.’s
rice plateau findings, those in California and Republic of Korea reflect small-production sys-
tems and contribute little to the aggregate discrepancy. The key divergence is China. Grassini
et al. classify China rice as a linear-upper plateau (LUP, equivalent to our LP), whereas the
present analysis assigns a two-segment linear (LL) model. Both LL and LP are available in
each framework, since the LL model corresponds directly to Grassini et al.’s piecewise-linear
(PW) model, so model availability alone does not explain the disagreement. As the further test
below shows, the time period, the selection criterion, and the presence of two-knot models in
the candidate set all contribute. The left panel of Figure 5 shows why: China rice yield growth
slowed around 1995-2010, producing a pattern that resembles a plateau when the time series
ends there, and the linear-plateau model fitted to the truncated series flattens out accordingly.
Yield growth resumed strongly after 2010, however, and our data extending to 2024 capture
this continuation, resolving the apparent plateau as a cyclical fluctuation around an LL trend.
Grassini et al. explicitly note that China rice exhibits severe positive serial autocorrelation,
which can affect estimated variances and plateau detection. The only rice series classified as a

plateau in the present analysis is Myanmar, which does not appear in Grassini et al.’s sample.

A test illustrates how time period and model set interact for China rice. We repeat the analysis
with data truncated at 2010 and two-knot models excluded from the candidate set, approximat-
ing Grassini et al.’s framework. LP then has the lowest AICc, but the two-segment linear (LL)
model is within AAICc = 0.19. Under the present analysis’s classification rules this case would
be unclassified rather than assigned to either class. In other words, with data ending in 2010
and no two-knot alternatives, LP and LL are empirically indistinguishable, and Grassini et al.’s
selection procedure resolves the ambiguity toward the plateau. LL only pulls clearly ahead of
LP once post-2010 resumed growth provides unambiguous evidence for a continuing positive

slope.
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—— Best fit, full series =--- Best fit to data through 2010, extended

Rice + China Wheat - India
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Figure 5: What a pre-2010 reading implied, against what subsequently happened, for the two
series that drive the disagreement with Grassini, Eskridge, and Cassman (2013). Points are
FAO yields. The solid line is the best-fitting model under the preferred specification, fitted to
the full series. The dashed line is the best-fitting model under the approximation of Grassini,
Eskridge, and Cassman (2013)’s framework described above — data truncated at 2010, two-
knot models excluded — extended past the cutoff (dotted vertical line) to show the trajectory
it implied. That model is a linear-plateau (LP) for China rice and a two-segment linear (LL)
with a near-flat second segment for India wheat. In each series LP and LL are within AAICc
0.2 of each other, so the choice between them is close to arbitrary. In both series the post-2010
observations rise well above the implied trajectory.

The wheat comparison is less straightforward. The two analyses share seven countries: China,
India, Canada, Australia, France, Germany, and Argentina. The present analysis additionally
includes Russia, Pakistan, Ukraine, and Turkey — large producers absent from Grassini et al.’s
sample — bringing coverage to 76.3% of global wheat production in 2020; Grassini et al.’s
sample captures 56% (base year unspecified). Grassini et al. also include Denmark and the
Netherlands (both below our 2% production threshold), and analyze the United States as three
sub-national Great Plains regions rather than the national aggregate used here. Despite covering
a smaller share of production, Grassini et al. find plateaus in 27% of their sample, compared to

9% in the present analysis.

Several factors drive this gap. The main case is India: Grassini et al. classify India wheat as a

linear-upper plateau (LUP), whereas the present analysis assigns a three-segment linear (LLL)
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model. As with China rice, the right panel of Figure 5 shows wheat yields in India dipping
between approximately 2000 and 2010, a pattern that resembles a plateau when the time se-
ries ends there. Growth resumed after 2010, and the present analysis, which extends to 2024,
captures the dip as the middle segment in an LLL model rather than as a plateau. A smaller con-
tribution comes from France, which the present analysis leaves unclassified (LP and LL models
within AAICc < 2) but Grassini et al. classify as a linear-upper plateau. Finally, Grassini et
al. find plateaus in Denmark and the Netherlands — two high-intensity wheat-producing sys-
tems — but both fall below our 2% production threshold and do not appear in the present

analysis.

An analogous exercise for India wheat is less clear-cut. With data through 2010 and two-knot
models excluded, the best-fitting model is linear-linear (LL), but the post-knot slope is small
(12 kg/ha/year) and statistically indistinguishable from zero (p = 0.204). The AICc difference
between LL and linear-plateau (LP) is only 0.02, meaning the two models are effectively indis-
tinguishable by this criterion. Under the present analysis’s own classification rules, which flag
cases as unclassified when competing models within AAICc < 2 span different terminal-form
classes, India wheat would be unclassified rather than linear. Grassini et al.’s requirement that
all estimated parameters meet p < 0.01 eliminates LL. — the post-knot slope falls well short
of this threshold — again resolving the ambiguity toward the plateau. As with China rice, the
pre-2010 yield series is genuinely ambiguous between LP and LL, and Grassini et al.’s selection

procedure resolves that ambiguity toward the plateau.

The China rice and India wheat cases thus reveal a consistent pattern: under Grassini et al.’s
conditions — data through 2010, no two-knot models, and a strict significance filter — both
series produce LP/LL near-ties that their selection procedure resolves toward the plateau. Under
the present analysis, post-2010 data make the continued growth trend unambiguous, and a larger
model set provides additional alternatives to the plateau. The discrepancy between the two

analyses therefore reflects not a fundamental disagreement about the underlying trends, but a
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combination of a shorter time series, a more limited model set, and a selection criterion that

consistently breaks ambiguous cases in favor of the plateau.

For maize, the two analyses reach similar aggregate results — 3% and 5% of global production
classified as a plateau — though through different specific cases. The present analysis finds a
plateau for Argentina under a linear-linear-plateau (LLP) model, where the first two segments
(acceleration then slower growth) correspond closely to the piecewise model with increasing
rate (PW+) that Grassini et al. identify. The plateau is the final segment and falls largely af-
ter 2000, so it would not have been detectable with data ending in 2010. Grassini et al. find
plateaus for France, Italy, and East Africa (a multi-country aggregate), none of which appear
in the present analysis: France and Italy fall below our 2% production threshold, and no indi-
vidual East African country reaches it. The near-identical aggregate plateau shares thus reflect

different underlying cases rather than genuine agreement.

C.7.1 G1: data up to 2010, minimum segment length 10

Table 18: G1 (data up to 2010, minimum segment length 10, AICc, preferred model set): share
of global production (%) by terminal-form class.

crop linear increase linear decrease plateau unclassified not analyzed

Maize 75 0 0 0 25
Rice 82 0 0 0 18
Soy 80 3 6 4 7
Wheat 61 0 8 7 24

C.7.2 G2: data up to 2010, minimum segment length 1

Table 19: G2 (data up to 2010, minimum segment length 1, AICc, preferred model set): share
of global production (%) by terminal-form class.

crop linear increase linear decrease plateau unclassified not analyzed

Maize 71 0 0 3 26
Rice 77 0 5 0 18
Soy 84 3 0 6 7
Wheat 46 0 8 22 24
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D Additional Results

D.1 Production share by terminal-form class

Table 20 gives the percentages plotted in Figure 2.

Table 20: Share of global production (%) accounted for by countries in each terminal-form
class, by crop. The terminal-form class is defined by the trend in the final segment of the fitted
model; a series is ‘unclassified” when models within AAICc < 2 span more than one terminal-
form class. The ‘not analyzed’ column is the share of world production in countries below the
2% inclusion threshold, so rows sum to 100.

crop linear increase plateau unclassified not analyzed

Maize 71 3 0 26
Rice 74 4 5 17
Soy 70 4 18 8
Wheat 60 9 7 24

D.2 Yield gaps and closure rates

Table 21 gives the series-level figures plotted in Figure 3, together with the potential and actual
yield levels and the closure rate measured against full potential yield and the attainable ceiling.

Table 21: Potential yield, actual yield, actual yield as a percentage of potential, rate of yield gap
closure, and rate of attainable yield gap closure for crop-country series with available YPYGA
data. Potential and actual yields are in Mg ha—!. Actual yield is the model-predicted average
over the post-2010 years with available YPYGA data. Closure rate is the percentage of the
yield gap closed per year; attainable closure rate uses 80% of potential yield as the ceiling.
Series whose terminal-form class is uncertain are labelled “unclassified”, and no closure rate
is reported for them. Where a classified series has more than one model within AAICc < 2,
each distinct rate implied by those models is shown, separated by “/”.

Crop Country Pot. yield Actual yield % of pot. Closure rate  Att. closure rate
Maize Argentina 14.2 6.8 48 0 0

Maize Brazil 11.1 4.8 43 1/1.9 1.5/2.9

Maize China 12.0 5.7 48 1 1.6/1.7

Maize Mexico 16.4 8.0 49 19 3.2

Maize  United States 14.5 10.4 72 2.8 9.8

Rice China 9.7 6.7 69 14 4

Rice India 7.2 3.6 50 1.9 3.1

Rice Indonesia 9.3 5.0 53 0.8 1.4

Rice Myanmar 8.8 39 44 0 0
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(continued)

Crop Country Pot. yield Actual yield % ofpot. Closure rate  Att. closure rate
Rice Philippines 9.5 3.8 40 0.8/0.4 1.2/0.7

Rice Thailand 8.3 3.0 36 unclassified unclassified
Rice Vietnam 9.4 5.6 60 1.3 2.5

Soy Argentina 4.7 2.7 58 unclassified unclassified
Soy Brazil 5.7 3.0 52 1.6/14 2.8/2.5

Soy China 3.9 1.8 47 1 1.6

Soy Paraguay 3.7 2.6 70 unclassified unclassified
Soy United States 5.2 3.1 60 1.7 34

Wheat Argentina 6.6 2.9 44 0 0

Wheat  Australia 3.0 1.9 64 9.5/6.1/94  21.1/13.5/20.8
Wheat Canada 53 3.1 60 0 0

Wheat China 11.8 5.1 43 1.3 2/1.9

Wheat India 5.9 3.0 50 2.3 39

Wheat United States 5.7 3.1 54 1 1.7

D.3 Global average yield trends

Figure 6 shows production-weighted global average yields for each crop from 1961 to the most
recent available year, fitted with the same model selection procedure used in the main analysis.
The dashed line projects the best-fitting model to 2050 and the shaded band is the 95% projec-
tion interval described in Section 2. The red diamond marks the 2050 demand target, expressed
as the required increase over the crop’s 2020 yield, from Falcon, Naylor, and Shankar (2022)

for maize, rice, and soy and from IFPRI IMPACT for wheat (which Falcon et al. do not cover).
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Figure 6: Global average yield trends and projections to 2050. Points are production-weighted
observed yields; solid line is the best-fitting model; dashed line projects the trend to 2050. The
shaded band is the 95% projection interval (2.5-97.5 percentiles of a Monte Carlo that combines
AICc model-averaging weights with parametric coefficient uncertainty); it widens where the
leading models diverge in their extrapolated trend. The red diamond is the 2050 demand target,
expressed as the required increase over the crop’s 2020 yield, from Falcon, Naylor, and Shankar

(2022) for maize, rice, and soy and from [FPRI IMPACT for wheat (which Falcon et al. do not
cover).
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D.4 Aggregate calorie-production index

Table 22 reports the projected increase in each crop’s global average yield between 2005 and
2050 (extrapolating the best-fit model, with the 95% projection interval from Section 2) along-
side its share of the four crops’ combined calorie production in 2005. The calorie-weighted ag-
gregate in the final row is the projected growth in total calorie production from the four crops,
holding harvested area fixed. It is the benchmark compared against Tilman et al. (2011)’s pro-
jected ~100% growth in total crop-calorie demand over 2005-2050 in Section 3. Production is
converted to calories using energy-content factors from the USDA FoodData Central database,
with paddy rice converted to milled rice (milling yield 0.67). The four crops account for roughly

64% of the total crop calories in Tilman et al.’s global accounting.

Table 22: Projected increase in global average yield between 2005 and 2050 and share of 2005
calorie production, by crop, with the calorie-weighted aggregate. Yields are extrapolated from
the best-fit model; parenthetical ranges are the 95% projection interval (Section 2). The ag-
gregate growth is the calorie-share-weighted average of the per-crop yield growth, equivalent
to a base-weighted (Laspeyres) calorie-production index. Conversion factors are from USDA
FoodData Central; paddy rice is converted to milled rice.

Crop Yield increase (%) 95% interval Calorie share (%)
Maize 62 (18, 68) 36
Rice 44 (42, 46) 22
Wheat 74 (64, 82) 29
Soy 51 (38,59) 13
All 4 crops (calorie-weighted) 60 (43,63) 100

D.S Model coefficients

Table 23 lists the estimated coefficients from the best-fitting model for each crop-country series
under the preferred specification. Knot values represent years elapsed since the first observation

year for each series.
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Table 23: Estimated coefficients from the best-fitting model for each crop-country series (pre-
ferred specification).

Country Crop  Model Coefficient Value
Argentina Maize LLP intercept 1614.98
Argentina Maize LLP slope 1 75.66
Argentina Maize LLP slope 2 241.42
Argentina Maize LLP knotl 32.84
Argentina Maize LLP knot2 44.00
Brazil Maize LLL intercept 1197.06
Brazil Maize LLL slope 1 24.11
Brazil Maize LLL slope 2 130.43
Brazil Maize LLL slope 3 62.12
Brazil Maize LLL knotl 30.43
Brazil Maize LLL knot2 54.00
China Maize LLL intercept 1193.64
China Maize LLL slope 1 91.04
China Maize LLL slope 2 125.87
China Maize LLL slope 3 62.12
China Maize LLL knotl 15.36
China Maize LLL knot2 30.00
India Maize PLL intercept 1030.14
India Maize PLL slope 2 34.29
India Maize PLL slope 3 80.95
India Maize PLL knotl 44.65
India Maize PLL knot2 16.54
Mexico Maize LL intercept 925.85
Mexico Maize LL slope pre 34.22
Mexico Maize LL slope post 61.80
Mexico Maize LL knot 27.00
Ukraine Maize L intercept 2017.49
Ukraine Maize L slope 168.74
United States Maize L intercept 3991.05
United States Maize L slope 116.69
Bangladesh Rice PLL intercept 1679.17
Bangladesh Rice PLL slope 2 50.58
Bangladesh Rice PLL slope 3 87.26
Bangladesh Rice PLL knotl 12.66
Bangladesh Rice PLL knot2 33.00
China Rice LL intercept 2219.99
China Rice LL slope pre 116.52
China Rice LL slope post 40.72
China Rice LL knot 31.73
India Rice LLL intercept 1423.09
India Rice LLL slope 1 21.68
India Rice LLL slope 2 46.68
India Rice LLL slope 3 67.37
India Rice LLL knotl 12.94
India Rice LLL knot2 48.17
Indonesia Rice LL intercept 1430.29
Indonesia Rice LL slope pre 99.38
Indonesia Rice LL slope_post 34.85
Indonesia Rice LL knot 26.96
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(continued)

Country Crop  Model Coefficient Value
Myanmar Rice LLP intercept 1282.68
Myanmar Rice LLP slope 1 62.99
Myanmar Rice LLP slope 2 44.83
Myanmar Rice LLP knotl 22.96
Myanmar Rice LLP knot2 49.00
Philippines Rice PLL intercept 1377.45
Philippines Rice PLL slope 2 91.96
Philippines Rice PLL slope 3 44.99
Philippines Rice PLL knotl 9.95
Philippines Rice PLL knot2 21.00
Thailand Rice LLP intercept 1741.72
Thailand Rice LLP slope 1 10.50
Thailand Rice LLP slope 2 61.91
Thailand Rice LLP knotl 44.64
Thailand Rice LLP knot2 29.25
Vietnam Rice LLL intercept 1935.52
Vietnam Rice LLL slope 1 8.52
Vietnam Rice LLL slope 2 107.03
Vietnam Rice LLL slope 3 48.28
Vietnam Rice LLL knotl 18.60
Vietnam Rice LLL knot2 50.62
Argentina Soy LLP intercept 858.24
Argentina Soy LLP slope 1 57.03
Argentina Soy LLP slope 2 24.58
Argentina Soy LLP knotl 18.00
Argentina Soy LLP knot2 54.00
Brazil Soy LL intercept 989.17
Brazil Soy LL slope pre 31.39
Brazil Soy LL slope post 43.71
Brazil Soy LL knot 27.00
China Soy LPL intercept 682.63
China Soy LPL slope 1 27.37
China Soy LPL slope 3 20.37
China Soy LPL knotl 37.00
China Soy LPL knot2 47.25
India Soy LLP intercept 1056.15
India Soy LLP slope 1 -14.70
India Soy LLP slope 2 36.45
India Soy LLP knotl 25.00
India Soy LLP knot2 35.16
Paraguay Soy LLP intercept 1621.95
Paraguay Soy LLP slope 1 -7.86
Paraguay Soy LLP slope 2 111.20
Paraguay Soy LLP knotl 23.37
Paraguay Soy LLP knot2 33.41
United States Soy LL intercept 1616.42
United States Soy LL slope pre 17.91
United States Soy LL slope post 35.32
United States Soy LL knot 22.07
Argentina Wheat PLP intercept 1367.15
Argentina Wheat PLP slope 2 35.66
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(continued)

Country Crop  Model Coefficient Value
Argentina Wheat PLP knotl 9.85
Argentina Wheat PLP knot2 54.00
Australia Wheat LL intercept 1122.29
Australia Wheat LL slope pre 13.96
Australia Wheat LL slope post 103.10
Australia Wheat LL knot 53.89
Canada Wheat LLP intercept 1436.27
Canada Wheat LLP slope 1 21.23
Canada Wheat LLP slope 2 72.98
Canada Wheat LLP knotl 41.00
Canada Wheat LLP knot2 54.00
China Wheat L intercept 526.80
China Wheat L slope 87.61
France Wheat LP intercept 2638.46
France Wheat LP slope 124.83
France Wheat LP knot 34.73
Germany Wheat LP intercept 2935.45
Germany Wheat LP slope 114.38
Germany Wheat LP knot 39.84
India Wheat LLL intercept 677.39
India Wheat LLL slope 1 51.42
India Wheat LLL slope 2 29.58
India Wheat LLL slope 3 67.49
India Wheat LLL knotl 36.00
India Wheat LLL knot2 54.00
Pakistan Wheat L intercept 757.96
Pakistan Wheat L slope 38.06
Russia Wheat LL intercept 1505.39
Russia Wheat LL slope pre 36.05
Russia Wheat LL slope_post 88.58
Russia Wheat LL knot 20.00
Tiirkiye Wheat LPL intercept 963.05
Tiirkiye Wheat LPL slope 1 42.43
Tiirkiye Wheat LPL slope 3 40.91
Tirkiye Wheat LPL knotl 37.82
Tiirkiye Wheat LPL knot2 25.27
Ukraine Wheat PL intercept 2840.29
Ukraine Wheat PL slope 103.01
Ukraine Wheat PL knot 14.99
United Kingdom Wheat PLL intercept 4044.67
United Kingdom Wheat PLL slope 2 199.05
United Kingdom Wheat PLL slope 3 28.79
United Kingdom Wheat PLL knotl 26.75
United Kingdom Wheat PLL knot2 11.12
United States Wheat L intercept 1740.34
United States Wheat L slope 25.47
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Drivers of Nitrogen Surplus in US

Agriculture: A Decomposition Analysis

Linus Blomqvist

1 Introduction

Synthetic nitrogen fertilizer underpins the modern food supply. The Haber—Bosch synthesis
enables production of roughly 40% of the protein in the human diet, and an estimated two
billion people are alive today because of it (Galloway et al. 2008). That achievement has
come by profoundly reshaping the global nitrogen cycle. Human activities now create reactive
nitrogen — the chemically and biologically active compounds, such as ammonia, nitrate, and
nitrous oxide, as opposed to the inert N, that makes up most of the atmosphere — far faster
than natural terrestrial processes do. Anthropogenic creation rose from about 15 Tg N yr—!
in 1860 to roughly 187 Tg N yr—! in 2005; since 1970, this creation of reactive nitrogen has

outpaced human population growth (Galloway et al. 2008).

Once created, reactive nitrogen cascades — moving in sequence from one environmental com-
partment to the next — through the atmosphere, soils, and waters, contributing to a series of
environmental problems before it is eventually denitrified back to N, (Galloway et al. 2008).

In fresh and coastal waters, nitrogen enrichment drives eutrophication and oxygen depletion.
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The northern Gulf of Mexico hosts one of the world’s largest coastal “dead zones”, reaching
some 20,000 km? each summer. The zone is fed by a roughly threefold rise in the Mississippi
River’s nitrate flux since the mid-twentieth century (Rabalais, Turner, and Wiseman 2002). In
the atmosphere, reactive nitrogen is a major contributor to fine particulate matter, and nitrous
oxide is both the third most important long-lived greenhouse gas and the largest remaining an-
thropogenic threat to stratospheric ozone. On land, nitrogen deposition ranks among the leading
drivers of biodiversity loss (De Vries 2021). Reactive nitrogen also bears directly on human
health: nitrate leaching from farmland into groundwater contaminates drinking water across
many agricultural regions (De Vries 2021), with adverse health outcomes documented at con-
centrations below current regulatory limits (Ward et al. 2018; Stayner et al. 2017; Semprini

2025).

Agriculture is the dominant source of this pollution. In the United States it accounts for more
than half of nitrate, ammonia, and nitrous-oxide emissions (Ribaudo et al. 2011), and most of
the nitrogen reaching the Gulf originates on cropland (Rabalais, Turner, and Wiseman 2002).
The damages are large enough that, across the European Union, the social cost of agricultural
nitrogen pollution (€35-230 billion yr—1) has been estimated to exceed the value nitrogen adds
in primary production (€20-80 billion yr—') (Van Grinsven et al. 2013). These harms trace
to a single quantity: the nitrogen balance, or surplus. It is the sum of all nitrogen inputs to a
field — synthetic fertilizer, manure, biological fixation, and atmospheric deposition — minus
the nitrogen removed in harvest. What is left in the field is at risk of loss to air and water,
potentially driving the cascade above (X. Zhang et al. 2015; Lassaletta et al. 2014). The
balance measures that risk rather than the loss itself. Not all of the surplus is lost, and not all of
what is lost does harm. Some accumulates in soil organic matter rather than escaping. Some is
denitrified in the field to inert N,,, which ends the cascade instead of feeding it (Galloway et al.
2008). The balance is therefore best read as a measure of pressure on the environment, not of

damage done (Oenema, Kros, and De Vries 2003).
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There is potential to narrow the balance without sacrificing production by using nitrogen more
efficiently, raising the share of applied nitrogen that ends up in the crop rather than lost. How
well this is done is conventionally judged by nitrogen-use efficiency (NUE): the ratio of ni-
trogen output to nitrogen input, alongside the related recovery and partial-balance ratios of the
agronomic literature (Fixen et al. 2015). NUE has the appeal of any ratio: it is dimensionless
and comparable across crops and countries. But it has two limitations that bear directly on our

task.

The first limitation is a flaw in the metric: it confounds efficiency with composition. Aggre-
gated to a region or a nation, NUE is a ratio of summed outputs to summed inputs, or equiv-
alently an input-weighted average of the efficiencies of individual crops in individual places.
Such an average can mask large underlying variation: in the United States, only about half of
the major crops show rising efficiency while the rest decline (J. Zhang, Cao, and Lu 2021), and
outcomes vary widely across regions and crops (Lu et al. 2019). It also moves whenever its
weights move. A region can raise its aggregate NUE by shifting its crop mix toward inherently
less nitrogen-intensive crops, or by shifting the geographic distribution of output toward re-
gions where the same crops score higher, with no change whatever in field management. What
we want to see — how efficiently each crop is grown in each place, the level at which farm
practice actually operates — is what the aggregate averages away. This confounding is well
documented. The share of low-efficiency fruit and vegetable production alone explains roughly
half the NUE gap between China and the United States (X. Zhang et al. 2015), crop mix is a
significant statistical determinant of national NUE (Ren et al. 2022), and the same confound
pervades the recovery and partial-balance ratios (Bouwman, Van Drecht, and Van der Hoek

2005; Fixen et al. 2015).

Existing studies recognise the confound without removing it. They quantify composition cross-
sectionally but never decompose it from the US time trend they read as improved management

(X. Zhang et al. 2015), are unable to separate crop mix at all for want of crop-level data (Yan,
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Xia, and Ti 2022), or attribute drivers through statistical models that do not partition the aggre-

gate change into exact, additive components (Liu et al. 2025).

The second limitation is inherent to any efficiency ratio: NUE can say efficiency improved,
but not whether the improvement was big enough to matter. The surplus is a mass: production
multiplied by the surplus each unit of production leaves behind. It falls only if that surplus per
unit declines faster than production grows. Weighing them requires both on the same scale,
and the scale that matters is mass (kilograms of nitrogen). NUE cannot be put in kilograms. A
ten percent rise in NUE does not convert into surplus avoided, so it cannot be set against the
surplus that a larger harvest adds. Whether efficiency gained more than production cost cannot

be answered in NUE’s terms.

What is missing is a method that overcomes both limitations at once: separating the efficiency
signal from the compositional channels and putting it on the same scale as production. We
decompose the change in the aggregate US agricultural nitrogen balance between 1990 and
2022 into five components, defined over every crop and county. These are total harvested area
(H), its distribution across counties (.5;), the mix of crops within counties (.5;;), crop yield
(Y;,), and the nitrogen balance intensity (NBI, ), the field nitrogen balance per unit of output.
Multiplied together, the first four give production: total area, split to the county and then to the
crop, times yield. The fifth is the surplus each unit of production leaves behind. We claim no
new measure of a field’s efficiency. For one crop in one county, NBI; ; is an exact transform
of that cell’s NUE and carries the same information; any result here maps back to the NUE
scale. What is new is the form, and it gives the NBI,; term two advantages over the aggregate
NUE it replaces. The first, and more consequential, is clean aggregation: because crop mix
and geographic distribution are carried by their own terms, the NBI,; contribution is free of
the composition that moves that aggregate. The second is a common scale: because NBI, ; is a
surplus per unit of output, its contribution comes out in kilograms of nitrogen, the units of the

balance itself. It can therefore be weighed directly against the production terms.
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This separation is what makes the accounting useful, in three ways. The first is separating a real
improvement in nitrogen management from an apparent one. Because an aggregate efficiency
ratio can rise through a change in crop mix or geography alone, a reported gain may reflect
nothing that changed on any field. Isolating the field channel shows whether farmers are in fact
leaving less nitrogen behind per unit of output. The second is that two regions can see their
surplus rise or fall by the same amount through different channels. In one, the change came
from nitrogen management. In the other, from the crop mix. A regional efficiency ratio moves
in both cases and cannot say which channel was at work. The third is seeing how large the
underlying changes are. A change in the national surplus is the net of the five factor effects,
which can offset or reinforce one another. The size of the national change says nothing about

the size of the changes that produced it.

We focus on the United States for two reasons. It is a major agricultural producer, and its
nitrogen pollution carries the wide-ranging environmental and health costs set out above. It
is also one of the few countries with an inventory that resolves nitrogen inputs — synthetic
fertilizer and manure — to individual crops within each county (Hoskovec et al. 2026). Onto
this base we layer the remaining inputs, biological fixation and atmospheric deposition, and
subtract the nitrogen removed in harvest, giving a comprehensive nitrogen budget at the crop
X county X year level. Input data of this kind have seldom been used to study aggregate
nitrogen trends. Bringing them to the national balance, within an exact decomposition, is part

of what is new here.

Applied to the United States from 1990 to 2022, the decomposition finds that field-level effi-
ciency did improve, though by less than conventional measures imply, and by not quite enough
to keep the national surplus from rising. The overstatement is compositional. Geographic dis-
tribution barely moved the surplus, but crop mix pushed it up by about 0.5 Tg N. Through
an aggregate NUE, this crop-mix shift would read as improved efficiency, because it favours

crops that rate high on the ratio. The decomposition assigns that shift to the crop-mix term
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instead. What is left in the nitrogen balance intensity term is a field-level gain, smaller than an
aggregate NUE would show. Even so, in kilograms it was substantial. The near-flat national
surplus is the near-cancellation of two large forces: rising yields pushed it up by about 2.0 Tg
N, while improving intensity pulled it down by about 1.4 Tg N. Efficiency took back most of
what yields added, but not all, and the surplus still rose by about 0.8 Tg N. Holding the surplus
even level would have taken more improvement than three decades delivered. The gain was
also geographically narrow, a Corn Belt phenomenon. On the expanding acreage of the Plains,

intensity moved the other way.

2 Methods

2.1 Decomposition framework

We attribute changes in aggregate US agricultural nitrogen balance to their underlying drivers
using additive logarithmic-mean Divisia index (LMDI-I) decomposition (Ang and Liu 2001;
Ang 2005). Total field nitrogen balance B (kg N yr~!) is a net measure: the nitrogen added
to a field from all sources, less the nitrogen removed in the harvested crop. A positive value
is a surplus, a negative value a deficit. It is summed in each year over sub-categories indexed
by county ¢ and crop j. Every quantity is year-specific; the year subscript ¢ is suppressed
throughout to reduce clutter and reinstated only where the exposition refers to specific years.

Each cell-level balance is written as a product of five factors:

ij

where H is total US harvested area, S; = H,/H is county i’s share of that area, S,;; = H,;/H,
is crop j’s share of county i’s harvested area, Y;; = P,;/H,; is yield, and NBlL,; = B,/ P,
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is the nitrogen balance intensity (/,; and P;; being the cell’s harvested area and production).
For the headline decomposition we compare two period-averaged states: cell-level means of
area, production, and BB over a base window (1990-1994) and a terminal window (2018-2022),
connected by a single step. The decomposition expresses the change between them, A B, as
the exact sum of five additive factor effects with no residual. Three of these are area effects: a
scale effect (H, the extensive margin of harvested area), a geographic-distribution effect (5,

shifts in which counties hold the nation’s area), and a crop-mix effect (Sij,

changes in the
crop portfolio within counties). The remaining two are a yield effect (Y;;, output per unit
area) and a nitrogen-balance-intensity effect (NBI, ;). LMDI-I is consistent in aggregation, so
county- and state-level contributions sum exactly to the national effect, which we exploit for
sub-national attribution. We prefer this single-step comparison over a chained, year-on-year
decomposition, for a reason specific to a signed quantity. The nitrogen balance is a surplus in
most cells but a deficit in some, and a substantial share sit near the break-even point, changing
sign — surplus to deficit or back — from one year to the next. When a cell’s balance changes
sign, the standard weighting cannot be formed, and the decomposition falls back on a rule that
loads the cell’s entire change onto the NBI effect. In a chained decomposition these fallback
attributions accumulate year on year without cancelling, producing a cumulative NBI effect
that swings by roughly 2.0 Tg N with the choice of terminal year. That swing is annual noise in
near-zero cells, not a genuine trend. Averaging over a five-year window at each end removes
the problem: near-zero cells average to a stable sign, so sign changes between the two averaged
states are rare. For a long-run structural comparison the quantity of interest is in any case the
net change between periods. The two-window design follows established practice for long-run
structural LMDI comparisons (Kastner et al. 2012). A chained year-on-year decomposition
is also computed over 1990-2022 and reported as a trajectory sensitivity that shows within-
period dynamics the period comparison cannot resolve. The complete specification — the
logarithmic-mean weighting, the analytical-limit treatment of crop cells that are born or die

between years, the handling of sign-changing balance, and the computational algorithm — is
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given in the Supplementary Information.

The nitrogen balance intensity is defined at the crop X county level as balance per unit of output,
NBL,; = B;; /P, ;- Itis a monotone transform of the conventional nitrogen-use-efficiency ratio

NUEZ’J‘ = Nout,ij/ ]Vi : because IV,

nyij: out,ij = M F;; for a crop-specific nitrogen content 7,

NBI;; = nj(l /NUE,; — 1), so any result maps back to the NUE scale. Knowing n; — the
harvest-removal coefficient (Table S4) — we compute the change in aggregate NUE from the
same data and split it into genuine within-field efficiency and composition (SI). For one cell the
two are equivalent measures. They diverge on aggregation, where n; makes NBI comparable
across crops and places the efficiency signal in the units of the balance (SI). Because the scale,

geographic, crop-mix, and yield channels are carried by the separate H, S, S, ;, and Y, ; factors,

ij>
the NBI effect isolates within-cell change in the surplus left per unit of output, net of area,

geography, mix, and yield.

The cell-level balance is the nitrogen input minus the nitrogen removed in harvest,

B;; = N; Nouij = (Nperr,s5 + N,

i in,ij =~ “Yo

man,ij + BNF’L] + Ndep,ij) o Nout,ij’
the net nitrogen entering the field from synthetic fertilizer, manure, biological fixation, and
atmospheric deposition that is not exported in grain or fiber. The balance is constructed iden-

tically to the field nitrogen balance (/N,,) of X. Zhang et al. (2015). A positive B, ; is nitrogen

ur
lost to the environment plus any net accumulation in the soil organic pool, and we reserve
the phrase “losses to the environment™ for that positive interpretation. Net change in the soil
organic-nitrogen pool is not modelled separately but is absorbed into B, as in the standard soil-
surface nitrogen balance (Oenema, Kros, and De Vries 2003; Van Beek, Brouwer, and Oenema

2003) and in X. Zhang et al. (2015). Reading the balance as environmental loss therefore

assumes this term is small relative to the surplus, an acknowledged limitation.
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2.2 Data sources and inputs

Nitrogen application. Synthetic fertilizer and manure nitrogen are taken from the nitrogen
application data developed for the US National Greenhouse Gas Inventory (Hoskovec et al.
2026), a county x crop x year reconstruction covering 1990-2023 and built on the USDA
National Resources Inventory survey. We combine fertilizer and manure and average the six

+N,

j man, i;j> Fetaning

multiply-imputed realizations to a headline applied input IV, = Niere,i

ppl,ij
the individual realizations for an imputation-sensitivity check. Application rates are modelled
crop- and location-specifically with a gradient-boosting model for corn, cotton, soybeans, and
wheat, with sorghum borrowing corn’s rates and barley and oats wheat’s. The remaining crops
receive coarser average rates from survey data for lumped categories such as vegetables and hor-
ticulture. A top-down fertilizer-sales total is imposed as an over-application constraint across
all crops. This coarse treatment of the non-major crops contributes to the elevated negative-
balance prevalence in the specialty-crop tail discussed below. Because the inventory’s survey

points are fixed in space, whether a given county is sampled at all is a property of the county

rather than of the county-year, a feature the panel construction relies on.

Harvested area and production. Area and production come from the USDA National Agri-
cultural Statistics Service (NASS) QuickStats database, queried at county and state level over
1990-2023 through the rnassqgs interface (Potter 2019) for both the annual survey and the
quinquennial Census of Agriculture. The two sources are coalesced cell by cell — survey
where published, census filling its gaps — and all reported quantities are converted to a com-
mon mass basis using standard test weights. NASS withholds county observations when fewer
than three operations report, so a substantial part of the pipeline is devoted to recovering the
withheld values. A state-residual rule distinguishes genuine zeros from suppressed values, and
log-linear interpolation between census anchors fills the resulting gaps. A yield-bound coupling
step reconciles county sums to published state totals, bounding implausible imputed yields, and
the poorly-covered potato and sweet-potato series are imputed separately. The Supplementary
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Information describes these steps in full. The crops analysed, and the four NRI categories ex-
cluded for lack of usable county-level NASS coverage, are listed in Table S1. The analysis
period is 1990-2022, with 2023 dropped as an incomplete NASS year. The poorly-covered
potato and sugar-beet series have no 2023 values once their annual survey coverage ends and
the 2022 census provides their last anchor, so retaining 2023 would register spurious crop dis-

appearances.

Nitrogen removal in harvest. Nitrogen exported in the harvested product is production times

a crop-specific removal coefficient, /N,

out,ij = Lij 1> on a US agronomic harvested-product-

removal basis: International Plant Nutrition Institute values for the major field crops (Roberts
et al., n.d.) and Bouwman, Van Drecht, and Van der Hoek (2005) for the specialty crops, with
potato and tobacco from crop-specific sources (Table S4). Winter and spring wheat carry dis-
tinct coefficients to reflect their differing grain protein. Cotton’s coefficient is the nitrogen in
lint plus the cottonseed removed at ginning, which is the correct quantity for a field nitrogen

balance: a lint-only figure would understate removal roughly thirtyfold.

Biological fixation. Legumes acquire much of their nitrogen by symbiotic fixation, which we
add to their inputs (BNF, ; = 0 for non-legumes) to align the input definition with X. Zhang etal.
(2015) and to prevent the spurious deficits that would otherwise arise from omitting a legume’s
dominant nitrogen source. Whether fixed nitrogen belongs on the input side depends on the
question. Ours is how much reactive nitrogen a field receives and does not export, and fixed
nitrogen is reactive nitrogen subject to the same environmental fate as fertilizer, so it counts. A
farm-gate accounting restricted to purchased nitrogen would ask instead what fertilizer policy
can directly affect, and would place legume fields in deficit. The applied-only variant reported
in the Supplementary Information shows what that choice does to the efficiency record. Because
the pipeline observes only grain nitrogen, fixation is reconstructed by scaling N, up to whole-
plant nitrogen through a nitrogen harvest index and a belowground multiplier, then applying the

fraction of plant nitrogen derived from the atmosphere. Parameters follow Herridge, Peoples,
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and Boddey (2008) and Salvagiotti et al. (2008) (Table S5). The headline estimate includes
belowground nitrogen, under which US soybean fixes on the order of 200 kg N ha~! and is
approximately nitrogen-neutral, consistent with that literature; an aboveground-only variant is

retained for sensitivity analysis.

Atmospheric deposition. Deposition of reactive nitrogen (wet + dry, oxidized + reduced) is

added to every cell as Ny, ;; = d; H,;,

where d; is the deposition rate in county ¢ (uniform
across crops) and H;; the cell’s harvested area. Because no single fine-resolution product spans
the study period, we use the NADP Total Deposition product for 2000-2022 (Schwede and
Lear 2014; National Atmospheric Deposition Program 2025) and the NACID reconstruction
for 1990-1999 (Hember 2018), the latter harmonized to the TDep level over their overlap. Each
annual raster is reduced to an area-weighted county mean. National cropland-county deposition

is about 8—10 kg N ha—! yr~! and declines over the period as oxidized-nitrogen emissions fall,

and a constant-back-cast sensitivity confirms the pre-2000 splice is immaterial to the results.

2.3 The field-balance panel

These components assemble into a sparse crop X county x year panel: 18 crops — NASS
commodity X class, so winter and spring wheat enter separately — across 2,829 counties over
1990-2022, about 331,000 crop-county-year cells. The panel contains only cells with positive
harvested area. Cells absent from an entire window (born after the base or died before the
terminal) are handled by the analytical-limit rule in the period comparison, while persistently
absent cells contribute nothing and are omitted. Because computing B, ; requires a nitrogen
value from the inventory, the usable universe is bounded by inventory coverage. We therefore
gate the panel on county-level membership of the fixed inventory sample frame. That gate
keeps cells in surveyed counties even where a crop is unrecorded in a given year (a genuine

input zero), and drops the small share of area in counties the inventory never samples.
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Covering the entire harvested area is intrinsic to the question: the decomposition attributes the
change in the national balance, and a crop-mix effect can only capture shifts among crops that
are all in the panel. The specialty-crop tail is nonetheless a small share of area and nitrogen,
so including it makes the decomposition complete without materially affecting the headline
effects. The yield and balance-intensity effects rest on the well-measured major crops, as the

robustness suite confirms.

Under the headline specification B is positive across the great majority of harvested area, as
expected of a nitrogen balance. Negative balance touches about 11% of harvested area, concen-
trated in the low-input small grains and a few specialty crops together with cells in which the
inventory records no input at all. Wheat alone accounts for about 64% of the negative-balance
area, with barley and oats adding a further 9%. The Supplementary Information shows the neg-
ative balances to be an input-side phenomenon — low recorded application relative to harvest
removal, stable across all six nitrogen imputations — rather than an artefact of the removal
coefficients. They are in part a real drawdown of rotational or prior-year nitrogen that an an-
nual, crop-specific balance does not carry. Because the change in B is explained between two

period-averaged states and the four activity ratios (H, .S;, S;;, Y) come entirely from NASS

179
area and production, these cells do not materially affect the headline yield and balance-intensity

conclusions.

The nitrogen input is not wholly confined to the NBI effect, however: all five factor effects share
a common logarithmic-mean weight equal to the cell balance, so the input enters each effect
through that weight. The weighting matters chiefly for the crop-mix effect, whose sign for a
given crop depends on whether that crop is a net surplus or a net deficit. The small grains, whose
balances are least certain, are precisely the crops carrying negative crop-mix contributions. That
part of the crop-mix attribution therefore inherits their balance uncertainty, an issue we take
up in the Discussion. A bounding sensitivity that removes the suspect small-grain negatives

leaves the yield and balance-intensity effects essentially unchanged and shifts only the crop-
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mix effect. A robustness suite is reported in the Supplementary Information: it substitutes each
of the six nitrogen imputations, varies the fixation and deposition specifications, and removes

the elevated-negative crops.

3 Results

We decompose the change in the aggregate US agricultural nitrogen balance between 1990
and 2022 into five multiplicative drivers using an additive LMDI-I index decomposition. The
drivers are total harvested area (H), the distribution of that area across counties (,5;), the mix
of crops grown within each county (.5, ;)» crop yields (Y;;), and the nitrogen balance intensity
(NBI; ;). NBI is the field N surplus or deficit generated per unit of crop production. The first
three terms describe the structure of US agriculture (how much land is farmed, where, and in
what crops); the last two describe its intensity (how much is produced per hectare and how
much surplus or deficit that production leaves behind). All results use the canonical period-
averaged single-step estimator, comparing the 1990-1994 base window with the 2018-2022

terminal window.

The national balance was a large and persistent N surplus throughout the study period (Figure 1).
Itstoodat 5.6 Tg Nin 1990 and 7.0 Tg N in 2022, fluctuating year to year with weather and crop
markets. It fell to a low of 5.3 Tg N in 2009 and spiked to 7.5 Tg N in the 2012 drought year, but
showed no pronounced secular trend in either direction. Averaged over the base window the
balance was 6.1 Tg N, rising modestly to 6.9 Tg N over the terminal window, a net increase of
+0.83 Tg N. This near-stationarity at the national level masks substantial and partly offsetting
changes underneath, both across drivers and across space. County-level changes were almost
evenly divided between increases (1394 counties) and decreases (1389), and were spatially
concentrated: the most active 5% of counties account for 31.3% of the total absolute change
(Figure 4, panel A).
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Figure 1: Aggregate US agricultural nitrogen balance, 1990-2022. Positive values indicate a
national N surplus (inputs exceed outputs); negative values indicate a deficit.

3.1 Decomposition of the change

The decomposition attributes the +0.83 Tg N net change to the five drivers (Figure 2). Two
effects dominate and nearly cancel. Rising yields (Y;;) added +1.99 Tg N — by far the largest
single effect — as greater crop production per hectare, with the surplus left per unit of output
(NBI) held fixed, scaled up the absolute surplus. Pulling in the opposite direction, falling ni-
trogen balance intensity reduced the balance by -1.40 Tg N: the surplus left behind per unit of
output declined, signalling improved technical nitrogen efficiency. The crop-mix effect (.5, )
added a further +0.50 Tg N, while the two area terms were small and negative: total harvested
area (H)-0.11 Tg N and its geographic redistribution (,S;) -0.15 Tg N. The modest net increase
is therefore what remains after rising output and improving efficiency nearly cancel. We take
the four structural and yield effects in turn before turning to nitrogen balance intensity, the

metric this decomposition is built to isolate.
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Figure 2: Additive LMDI decomposition of the change in aggregate US agricultural nitro-
gen balance (period-averaged single-step, base 1990-1994 vs. terminal 2018-2022).
Each bar is one factor effect; red bars increase the N surplus, blue bars reduce it. The
rightmost bar (AB) is the algebraic sum of the five factor effects and equals the ob-
served difference between the terminal and base period-average balances. The factor
effects are robust to nitrogen-input uncertainty: across the six multiply-imputed real-
izations of the applied-nitrogen inventory each varies by roughly 1% or less around
its central value (Table S9). Values in Tg N.

3.2 Harvested area and its distribution

Total harvested area fell 3.3% between the base and terminal windows, from 94.2 to 91.1 million
ha, contributing a small downward -0.11 Tg N to the balance. The redistribution of that area
across counties (.5;) contributed a further -0.15 Tg N (Figure 4, panel B). This term is positive
where a county’s share of national area grew and negative where it shrank, with each county’s
magnitude scaled by the size of the balance it carries. A given proportional shift in area share
therefore moves the national total most in counties already handling a large absolute surplus (or

deficit). The losses form a coherent band along the southern Plains and West: Texas (-0.16 Tg
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N), California (-0.12 Tg N), and Oklahoma (-0.09 Tg N), extending into the Mississippi Delta
and the Pacific Northwest. The gains are concentrated across the Corn Belt and northern Plains,
where harvested area expanded. On net the losses in these higher-surplus southern and western
regions slightly outweighed the gains, but neither area term is a major driver of the national

change.

3.3 Crop mix

Changes in the mix of crops grown within counties raised the balance by +0.50 Tg N (Figure 3).
This effect is dominated by the expansion of soybeans (+0.54 Tg N) and, to a lesser extent, corn
(+0.28 Tg N), partly offset by contractions in sorghum, winter wheat, and oats. The soybean
signal warrants emphasis because it is easily misread. Although soybeans fix much of their
own nitrogen, the biological fixation we credit as an input makes a hectare of soybeans a net
N surplus on our accounting, a convention that follows from the question the balance asks.
The surplus is a consequence of that convention, not a finding that legumes carry a high sur-
plus relative to other crops. Because the decomposition attributes each crop’s mix effect to
its own balance and its own change in area share, soybeans’ expansion registers as a positive
contribution wherever they gain share. That contribution is independent of the crop displaced,
which carries its own, separate term. The net effect is positive here because the crops that ceded
share are lower-surplus small grains (the partial offsets noted above), so the reallocation toward
soybeans raises the aggregate balance rather than lowering it. Spatially, the crop-mix effect is
largest in the northern Plains — North Dakota alone contributes +0.13 Tg N (Figure 4, panel C)
— where soybean and corn cultivation expanded onto land formerly in wheat and small grains.
This northern-Plains signal carries one caveat: it arises partly from wheat and small grains
leaving the local crop mix, and the field balances of those crops are the least well-determined
in the panel. Their frequent small deficits are partly an artefact of the fertilizer inventory’s
fixed-point coverage rather than a measured drawdown (Methods; SI negative-balance audit).
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Most of the small grains’ negative crop-mix contribution in fact comes from positive-balance
acreage losing share — correctly registering the contraction of a surplus crop — rather than
from the disputed negative cells, which are few and nudge the effect slightly the other way.
Correcting those negatives toward zero or positive values can therefore only trim the crop-mix
effect, never inflate it: a bounding sensitivity that removes them leaves the sign of the effect
and its soybean-driven core intact. The soybean contribution is unchanged, deriving from soy-
beans’ own surplus rather than the crops they displace. The sensitivity does trim the national
crop-mix effect, by about 20%, and the Dakotas’ contributions by a similar margin (about 17%;
Discussion). The direction of the crop-mix effect on the northern Plains is therefore robust, and

the headline its upper bound; only the precise magnitude is uncertain.
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Figure 3: Crop-level attribution of the three crop-indexed factor effects (period-averaged
single-step decomposition). Each bar shows the contribution of individual crops (and
an aggregate ‘Other’ category) to the crop-mix (Sij), yield (Y;;), and nitrogen bal-
ance intensity (NBI,;) effects. Positive segments increase the N surplus; negative
segments reduce it. The dashed horizontal line marks the net factor total. Units: Tg
N.
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3.4 Yields

Rising yields are the single largest driver, adding +1.99 Tg N (Figure 3). The effect is over-
whelmingly a corn-and-soybean phenomenon: corn (+1.14 Tg N) and soybeans (+0.64 Tg N)
together account for 89.3% of it. Because yield enters the balance multiplicatively, more output
per hectare at a given nitrogen balance intensity scales up the absolute surplus; decades of sus-
tained yield growth in the major commodity crops therefore translate into a large upward eftect
even with efficiency improving. Geographically the yield effect is the most broadly distributed
of the five: it is positive in 79.8% of cropping counties, with almost no counties showing a
yield-driven decline anywhere east of the Rockies (Figure 4, panel D). It is a near-universal
intensification rather than a regional one, largest in the Corn Belt core: Towa (+0.28 Tg N),

[linois (+0.23 Tg N), and Minnesota.

3.5 Nitrogen balance intensity

The nitrogen balance intensity effect— the change in field N surplus per unit of crop production,
holding area, crop mix, and yield fixed — is the central result of the decomposition and the novel
metric it isolates. Falling NBI reduced the national balance by -1.40 Tg N, the only large effect
pushing the surplus down and the principal counterweight to rising yields (Figure 3). Corn
alone accounts for 89.4% of the total NBI effect (-1.25 Tg N), reflecting decades of improving
nitrogen efficiency in the crop that receives the most fertilizer and has the best data. The two
wheat classes nearly cancel (winter -0.11, spring +0.10 Tg N), confirming that the aggregate
NBI improvement does not rest on the noisier wheat cells (SI). Spatially the effect forms a sharp
core—periphery contrast (Figure 4, panel E). A dense, near-contiguous zone of improvement
covers the Corn Belt core, where 90.4% of counties in Iowa, Illinois, Indiana, Minnesota, and
Nebraska improve, strongest in I1linois (-0.31 Tg N). That zone is ringed by a patchier periphery

on the northern and western Plains where NBI instead worsens on expanding, lower-efficiency
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acreage. The same Corn Belt counties that are deepest red in panel D (largest yield gains)
are deepest blue in panel E (largest efficiency gains), which makes the yield-versus-efficiency

tension visible at the county scale.
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Figure 4: County-level contributions to the change in aggregate N balance (period-averaged
single-step decomposition, base 1990-1994 vs. terminal 2018-2022). (A) Observed
AB. (B-E) Factor contributions: county share of area (.5;), crop mix (5, ;) yield (Y;),
and nitrogen balance intensity (NBI,;). Blue = reduces the N surplus; red = increases
the N surplus. Units: Gg N per county. Scale bars are symmetric about zero and
capped at the 98th percentile of absolute values.
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3.6 Spatial synthesis

The two dominant effects — rising yields, which push the surplus up, and improving nitrogen
balance intensity, which pulls it down — are strongest in the same counties, so they offset locally
instead of each shaping a separate region (Figure 4). In the core Corn Belt, the largest yield-
driven increases (+1.23 Tg N across lowa, Illinois, Indiana, Minnesota, Nebraska, Missouri,
Ohio, and Wisconsin) are substantially offset within the same counties by improving nitrogen
balance intensity (-1.12 Tg N). The net change there (+0.49 Tg N) is far smaller than either gross
effect, the national yield-versus-efficiency tension reproduced at regional scale. The largest net
increases occur instead on the northern Plains, in South Dakota (+0.24 Tg N) and North Dakota
(+0.17 Tg N), driven by crop-mix expansion onto former wheat land (the magnitude of this crop-
mix-driven increase carries the small-grain-balance uncertainty noted above). The two states
differ in what happened to efficiency. North Dakota’s increase is almost purely a crop-mix effect
(+0.13 Tg N) with roughly neutral NBI, whereas in South Dakota the expansion is compounded
by worsening NBI (+0.10 Tg N) on the newly cultivated acreage. Worsening efficiency is
specific to South Dakota here and does not extend across the northern Plains. Net decreases
concentrate in the South and West — most visibly Texas and California — where the dominant
signal is a loss of harvested-area share. The aggregate near-stationarity of the national balance
is thus the sum of three distinct regional regimes: an intensifying but efficiency-moderated
Corn Belt, a northern Plains shifting from wheat to corn and soybeans, and a contracting South

and West.

3.7 Within-field efficiency versus conventional NUE

The NBI effect differs from a conventional nitrogen-use-efficiency (NUE) reading in two ways.

It is in the units of the balance, so it can be weighed against the production terms in kilograms
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of nitrogen, which is what the preceding sections have been doing. And it is free of the com-
positional shifts that move an aggregate NUE, which we can now quantify directly. Aggregate
NUE, or harvested N removed per unit of N applied, is exactly an input-weighted mean of
cell-level efficiencies. The same additive LMDI therefore splits its change into a within-cell
intensity effect (genuine field-level efficiency change) and a structural effect carrying only the
shifting mix of crops and counties (SI). Between the base and terminal windows, aggregate US
NUE rose 13.1% (from 56.7% to 64.2%). Only about two-thirds of that improvement is genuine
within-field change (intensity +0.050); the remaining 31% (structural +0.023) is pure compo-
sition, the system shifting weight toward inherently more efficient crops and regions with no
change in management. This structural gain and the crop-mix effect (Figure 3) are the same
soybean-led shift, and the two are consistent. Soybeans carry a small positive balance per unit
of output. Because that balance is positive, their expansion pushes the surplus up. Because it
is small relative to their large nitrogen input, their efficiency ratio sits well above the average,
so the same expansion lifts aggregate NUE. A crop can add surplus and still register as more
efficient than average. A NUE-based assessment would thus overstate the on-farm efficiency
gain by nearly half (45%). The bias is not an artefact of our broad input definition. Under the
conventional farm-gate definition (synthetic plus manure N only), composition does not inflate
the trend but creates it. Apparent NUE rises 35.9% even as genuine within-field efficiency
falls (-0.116), the aggregate gain driven entirely by expansion of low-input legumes (SI). NBI,
defined on each crop-county’s own balance per unit of output, is unaffected by these composi-
tional shifts. Its improvement of -1.40 Tg N is what within-field efficiency actually contributed

to the national balance, free of composition and in kilograms of nitrogen.
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4 Discussion

Our decomposition resolves the near-flat national trend in the US nitrogen surplus into two
kinds of drivers. Structural factors (the scale of production, its geographic distribution, and the
crop mix) together moved the surplus little. The near-stationarity instead reflects two intensive
forces that nearly cancel. Rising yields pushed the surplus up, and improving nitrogen balance
intensity — the surplus left per unit of crop produced, a measure of technical efficiency —
pulled it down by nearly as much. Our contribution is the accounting. To our knowledge this is
the first exact, additive attribution of the change to its structural and intensive parts. It is also the
first to isolate within-field efficiency from the crop-mix and geographic shifts that a national
efficiency figure conflates. The efficiency literature has long recognised this confound and
measured it in cross-section. What it has not done is divide a change in national efficiency over

time into the part from field practice and the part from composition (X. Zhang et al. 2015).

The geographic distribution of production, in particular, contributed just -0.15 Tg N. This is a
genuine null result, and not an obvious one. The nitrogen surplus is highly uneven across the
country, so a large reshuffling of production toward or away from high-surplus counties could
in principle have moved the national total substantially. In fact the shifts in where crops are

grown roughly cancelled, and the surplus-weighted redistribution nets to almost nothing.

The improvement in nitrogen balance intensity comes mostly from corn, densest in the Corn
Belt core (Figure 4). That the signal is corn-led matters for confidence in it: corn is the best-

measured crop in the panel, so the effect rests on the firmest part of the record.

This efficiency gain should be read with its counterpart in view. Better management removed
about 70% of the surplus that rising yields added, most of it but not all. Prior studies of the US
trajectory credit the restraint to yields alone: rising yields recover more nitrogen from a given
input, and so hold the surplus down (X. Zhang et al. 2015; J. Zhang, Cao, and Lu 2021). Our

decomposition places that restraint with NBI, while the yield term becomes a separate scale
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effect pushing the surplus up. The disagreement is one of accounting, and the two accounts
describe the same underlying change. The net trends do differ, though. Those studies report
the US surplus flat-to-declining since the 1990s, where we find a slight rise. The difference
likely reflects how the inputs are built: top-down fertilizer-consumption totals in their case, a

crop- and county-level survey inventory in ours.

Separating management from composition makes a large correction to the estimated efficiency
gain. A substantial share of the apparent US efficiency gain is composition rather than man-
agement, and under a farm-gate definition composition accounts for essentially all of it. The
mechanism is one this literature already names: the spread of soybeans, whose expansion lifts
aggregate efficiency with no change in field practice (X. Zhang et al. 2015). Nitrogen bal-
ance intensity is built from the surplus this literature already works with (Lassaletta et al. 2014;
Bouwman, Van Drecht, and Van der Hoek 2005). We resolve that surplus to the crop and county
and divide it by output rather than by area, which is what holds composition fixed. That resolu-
tion lets us partition what the closest precedents could only describe: county and state budgets
show the modest national rise in crop efficiency concealing opposing movements across crops,
corn improving as several small grains decline (J. Zhang, Cao, and Lu 2021; Lu et al. 2019).
The decomposition turns that description into an exact accounting: corn-led, Corn-Belt-centred,
set against a Plains periphery where intensity worsens on expanding acreage. NBI does not re-
place NUE. For a single crop in a single county, the two are the same measurement, and NUE
is the more familiar way to report it. They differ only when aggregated. A rise in a regional or
national NUE can come from better management in the field or from a shift toward crops and

places that score higher on the ratio, and the ratio cannot say which.

Rising yields keep raising the amount of abatement that efficiency must deliver just to hold
the surplus level. Yields added +1.99 Tg N to the surplus over the period. Improving nitrogen
balance intensity took -1.40 Tg N back, about 70% of the yield-driven increase, which is why the

surplus rose slightly instead of holding level. Because both terms are in kilograms of nitrogen,
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the gap can be read off directly: within-field efficiency would have had to deliver roughly 59%
more abatement than it did merely to hold the national surplus flat, and more still to reduce it.
Every further gain in yield raises that bar. This is a steep target for the voluntary, incentive-based
US approach, which has curbed nutrient loading only modestly: the Gulf of Mexico dead zone
reached its largest recorded extent in 2017, decades into the conservation-programme era (Del
Rossi et al. 2023; Ribaudo et al. 2011). Efficiency improved substantially, but an improvement
on this scale delivers only near-stability in the national surplus. Whether that bar can be cleared
1s not something our accounting settles. Evidence from national borders suggests the yield
cost of lower pollution is small. Wuepper et al. (2020) find that countries causing 35% less
nitrogen pollution than their neighbours show yield gaps only about 1% larger, and that national
factors move nitrogen pollution far more than they move yields. That comparison runs between
countries instead of along one country’s trend, so it does not measure the US margin. It does

suggest the binding constraint is institutional rather than agronomic.

The spatial results show where the surplus is growing and why. Of the three regional regimes,
the surplus rose fastest on the northern Plains, while the Corn Belt’s increases were largely
offset by improving efficiency. But the northern Plains is not a single case. North Dakota and
South Dakota both saw large increases — +174 and +243 Gg N — and in both the expansion
came onto former wheat land. North Dakota’s rise is almost entirely crop mix (+132 Gg N),
its fields essentially unchanged (+7 Gg N). In South Dakota, worsening within-field intensity
is the single largest term (+96 Gg N), ahead of crop mix itself (+73 Gg N). The same increase
therefore has different causes in the two states. North Dakota’s surplus follows from what is

grown there. South Dakota’s follows from how its fields are managed.

An efficiency ratio cannot tell these two cases apart. A state-level NUE would move in both
places, but it would move for both reasons at once: a crop switch and a change in field practice
are indistinguishable in a ratio of sums. And because the ratio is unitless, it could not rank the

two states by the nitrogen at stake even if it could separate the causes. Conservation spending
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is cost-effective only when it reaches the acres most in need, which voluntary enrolment does
not guarantee (Ribaudo et al. 2011; Del Rossi et al. 2023). Finding those acres means knowing

both what is wrong and how many kilograms are involved.

Several limitations bound the interpretation. The most consequential concerns the crop-mix ef-
fect. Because every factor effect is weighted by the cell balance, each depends on the modelled
nitrogen inputs — robustly so for the well-measured major crops that carry the yield and inten-
sity effects, but not for the crop-mix effect, whose negative contributions come from the small
grains, the crops whose balances are least certain in the panel. The bound here is one-sided,
however. Most of the small grains’ negative contribution comes from positive-balance acreage
losing share rather than from the disputed negative cells, so correcting those negatives can only
trim the crop-mix effect, never inflate it. A sensitivity that sets every negative wheat, barley and
oats balance to zero leaves the yield and intensity effects essentially unchanged and shrinks the
national crop-mix effect by about 20%. The northern-Plains crop-mix effect is therefore robust

in direction, and the headline figure is an upper bound on its size.

The balance is an accounting construct, not a measured loss. A positive balance is nitrogen at
risk of loss to air and water plus any net accumulation in the soil organic pool, which we do not
model separately; reading the balance as environmental loss therefore assumes that accumula-
tion is small relative to the surplus (Oenema, Kros, and De Vries 2003; Van Beek, Brouwer,
and Oenema 2003). A negative balance means nitrogen is drawn from the soil faster than in-
puts replace it. These deficits are real (Bouwman, Van Drecht, and Van der Hoek 2005), but
in our panel they cluster in the specialty-crop tail, where coarse application rates for the non-
major crops exaggerate them. The budget also omits some minor inputs, including net soil-
organic-matter mineralization, residue carryover, irrigation-water nitrogen, and seed nitrogen.
The accounting is also annual and crop-specific, so it does not trace nitrogen across a rotation
or between years. Where a legume or a fertilized preceding crop leaves nitrogen for the next

— winter wheat after soybean, say — the balance books the fixed or residual nitrogen to the
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first crop and registers the drawdown as a deficit in the second. This sharpens the crop-level
attribution already flagged for the small grains, but leaves the national total unaffected (it sums
over both crops) and the trend robust: the headline compares five-year averages and explains

the change, so a stable carryover offset cancels.

Finally, the estimator compares two period averages in a single step. This is deliberate: a
chained year-on-year decomposition is unstable for a signed balance that is near zero in many
cells. The trade-off is that a single-step comparison is blind to the path between the endpoints,

which is why we also report the chained decomposition as a trajectory sensitivity.

Two extensions follow. The first is evaluative. Because nitrogen balance intensity isolates
within-field efficiency from composition, it gives a clean signal for asking whether an ob-
served improvement, whatever its source, actually reached the field. An aggregate surplus or

an aggregate NUE cannot answer this, since both move with crop mix and geography.

The second is comparative. The same decomposition could be applied to other national systems,
but it depends on a nitrogen budget resolved to crop and region. Area and production at that
resolution are published for many countries; crop- and location-specific nitrogen inputs are not,
and we found no international equivalent to the budget assembled here. Applying it elsewhere

therefore depends on nitrogen budgets that most countries do not yet publish.
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5 Supplementary information

5.1 Decomposition method

This section gives the full specification of the index decomposition summarised in the main-
text Methods. The method is additive LMDI-I (the logarithmic mean Divisia index, “Model
1) with period-averaged endpoints, following Ang and Liu (2001) and Ang (2005) and the
agricultural application of Blomqvist, Yates, and Brook (2020); a chained (rolling annual) de-
composition is also computed and reported as a trajectory sensitivity. Zero- and negative-valued
sub-categories are handled by the analytical-limit convention of Ang and Liu (2007a) and Ang
and Liu (2007b).

5.1.1 The decomposition identity

For a given year, total US agricultural field nitrogen balance B (kg N yr—1) is the sum over

sub-categories indexed by county ¢ and crop 7,

B=2.2. By
i

where B, ; is the cell-level balance assembled in the data-processing section below (B;; =

N.

injij

Ny i7)- Every quantity is year-specific; the year subscript ¢ is suppressed throughout to
reduce clutter and reinstated only where the exposition refers to specific years (e.g. the chained
year-on-year decomposition and parts of the data construction). Each sub-category balance

factors into five multiplicative components,
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which telescopes back to the identity on substitution of the definitions,

The five factors are:

« H= Zij H,; — total US harvested area across all in-scope crops and counties (ha);

S, = H,;/H — county i’s share of national harvested area, where H, = Zj H;; (di-
mensionless);

S, =H, j /H; — crop j’s share of county i’s harvested area (dimensionless);

. . . . . 71 .
Y, =P, /H, ; — yield, i.e. production per unit area (kg ha™");

NBI;; = B, /P, ; — the nitrogen balance intensity, balance per unit of crop output (kg

N per kg output).

Here H,; and P, are the harvested area and production of crop j in county . Note that H does
not vary with ¢ or j, and S; does not vary with j: they are constant within a year and within a

county-year respectively.

5.1.2 Additive LMDI-I decomposition

The change in aggregate balance between a base year (superscript 0) and a terminal year (su-
perscript T), AB = BT — B9 decomposes additively into five factor effects that sum to it

exactly:
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Each effect is a logarithmic-mean-weighted sum of the log-changes of that factor over the sub-

categories,

T 1o Thij
AB, =Y L(BY, BY) In ol

ij k,ij

where . ,; is factor k in sub-category (i, j) and L(a, b) is the logarithmic mean,

a—b

L(a,b) = in(a/b) (a #b),

L(a,a) = a.

The weight is written as a ratio of logarithms rather than the equivalent difference Ina — Inb
so that it stays well defined for the negative-balance cells discussed below: whenever Bg; and
B?j share the same sign their ratio is positive and ln(BlTj / B?j) is real. This is equivalent to the

additive-inverse convention of Ang and Liu (2007b).

The decomposition is perfect — it leaves no residual term — because the factor weights are
identical across the five effects and the factor log-changes sum to the log-change of the sub-

category total, so that

BL

_ T 1RO ij | _ T 0\ _ RpT 0

3, = Y (67, ) (55 ) = ¥ (4 58 = 7 - 0
k ij ij

using the identity L(a, b) In(a/b) = a—b(Angand Liu2001). The displayed sum is written for

cells where every factor keeps a constant sign; the analytical-limit cells introduced below satisfy

the same per-cell identity » | LABy = BiTj — B?j by the 1/m split, so the aggregate remains

residual-free. LMDI-I is additionally consistent in aggregation: factor effects computed on any

subset of sub-categories sum to the effect computed on their union, so county- or state-level
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contributions to each factor effect aggregate exactly to the national total (Ang and Liu 2001;

Ang 2005). This property underpins the sub-national attribution reported with the results.

5.1.3 Estimator: period-averaged single-step

The headline decomposition compares two averaged states rather than single endpoint years.
For a base window (1990-1994) and a terminal window (2018-2022) we compute the cell-
level mean of area, production, and B over each window, then run a single decomposition step

between these averaged states. All five factor quantities (H, S, S;;, Y;;, NBI,;) are re-derived
from the averaged quantities so that the accounting identity holds at the averaged endpoints.
Cells absent from an entire window are treated as births or deaths by the outer join in the single

decomposition step and handled by the analytical-limit rule described below.

This estimator is chosen because the nitrogen balance is a signed quantity and a substantial
share of cells lie near the break-even point where B changes sign between years. In a chained
decomposition, each such sign change triggers the mechanical 1/m attribution, and these attri-
butions accumulate along the chain into the cumulative NBI effect. The result is that the chained
cumulative NBI is sensitive to the choice of terminal year. Over 1990-2022 the chained NBI
runs from approximately —1.4 Tg N at end-2016 to +0.6 Tg N at end-2022, solely from the
choice of stopping year. That is a swing of about 2.0 Tg N, driven by noise in the annual
near-zero-balance cells rather than by genuine trend differences. A single comparison between
period-averaged states encounters no sign changes between the averaged endpoints, so it never
accumulates those mechanical attributions. The single-step comparison necessarily sets aside
the intermediate annual trajectory, but for a long-run structural comparison this is appropriate:
the quantity of interest is the net change between the two periods, and averaged endpoints are
far more stable than any single pair of reference years. This approach is established practice

for long-run structural comparisons using LMDI (Kastner et al. 2012).
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The chained year-on-year decomposition,

t,—1

ABy(to,t,) = > ABy(t, t+ 1),
t=tg
is also computed over 1990-2022 and reported alongside the headline as a trajectory sensitivity
that reveals within-period dynamics the period comparison cannot resolve — following the
presentation in Blomqvist, Yates, and Brook (2020). Because LMDI-I is perfect at every annual

B2022 _ 1990

step, the chained effects aggregate exactly to the observed without remainder.

5.1.4 Zero and negative sub-categories

Two features of the panel break the plain logarithmic-mean formula. First, crop X county cells
enter and leave the panel between years (a crop is “born” in or “dies” out of a county), so a factor
can be zero in one year: In(x? /x°) then diverges and the weight (0, ¢) collapses. Second,
the balance B, ; can be negative (see the negative-B audit below) and can change sign between
years. We handle both with the analytical-limit (AL) convention (Ang and Liu 2007a) and its

extension to sign changes (Ang and Liu 2007b).

When a cell has no harvested area in a year (H;; = 0, hence no production) we set Y;; =
NBI;; = 0 by convention, consistent with the limiting behaviour of the formula (no yield
is observed and no balance arises). More generally NBI;; = 0 is set whenever P;; = 0,
which also covers the rare cell that records harvested area but zero production. Consider a
sub-category in which m of the five factors undergo a zero-change or a sign-change between
the two years, while every other factor keeps a constant nonzero sign. Each of the m affected
factors is credited with an equal share %(BZ; — B?j) of the cell’s change, and the unaffected
factors are credited with zero. The remaining cells, where all five factors keep a constant sign

in both years, take the standard logarithmic-mean formula above, which — in the ratio form
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given earlier — is well defined for two negative values of the same sign. Cells absent in both

years contribute nothing and need no computation.

The dominant application is the born/died cell. For a crop appearing in a county that is itself

Y;

present in both years (H; > 0, H > 0), the factors S;;, Y},

i» and NBI, ; all transition 0 — +
while H and S, stay positive. So m = 3, and each of the three is credited BZ-Tj /3. A dying cell
is the mirror image, with —ng /3. If the county itself enters or exits (so S; also changes), m =
4. The AL convention is exact rather than approximate (unlike the small-value substitution

sometimes used), and resolves the overwhelmingly common case — a crop perpetually absent

from a county — at zero computational cost.

The other route into the analytical-limit branch is a pure sign change of the balance. Because

H, S, S,

;j» and Y;; are non-negative by construction, the sign of B,; is carried entirely by
NBI,;; = B,;/P,;. A cell with positive harvested area in both years whose balance changes
sign between them (+ — — or — — +) is therefore an m = 1 case, with NBI the sole sign-
changing factor. The standard log-mean cannot be applied, because the weight’s ratio BZ-T]. / ng
would be negative. The entire cell change is therefore credited to the NBI effect, and the other
four factors receive zero for that cell. This is the correct analytical-limit behaviour, but it does

load balance sign changes wholly onto NBI; the prevalence of such changes, and the sensitivity

of the headline NBI effect to them, is reported with the negative-B robustness checks below.

5.1.5 Verification

The decomposition is implemented in R. Every run is checked: the headline period-averaged
step and each of the 32 annual steps of the chained trajectory. We verify the accounting identity
at both endpoints (Zij B;; = B for each state, and B,;; = H S, S, Y;; NBI, ; for every cell
with positive area), and confirm that the five factor effects sum to the observed change in B to

machine precision. The chained effects likewise sum to the observed B2°22 — B1990_ Factor
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effects are reported in physical units (kg N), with a positive effect indicating that the change in

that factor raised aggregate balance and a negative effect that it lowered it.

5.2 Data sources and processing

5.2.1 Nitrogen application data

County-level nitrogen application data are taken from the inputs developed for the US National
Greenhouse Gas Inventory (Hoskovec et al. 2026), a national reconstruction of synthetic fer-
tilizer and manure nitrogen applied to cropland at the county x crop % year level, covering
1990-2023. The inventory is built on the USDA National Resources Inventory (NRI), a longi-
tudinal survey conducted at a large panel of sample points whose locations are fixed in space
and revisited over time. Crop identity at each point is taken from the NRI through 2017 and
from the USDA Cropland Data Layer thereafter. Because the sample points are fixed, the set
of points falling in a given county does not vary from year to year, and neither does whether
that county is represented in the inventory at all. That is a property of the county rather than of

the county-year, and the panel construction below relies on it.

Application rates are estimated from the survey together with ancillary agronomic and eco-
nomic data and delivered as six multiply-imputed realizations that carry the uncertainty in the
estimation; each realization reports, for every county X crop x year cell, the fertilized (or ma-
nured) area and the total nitrogen mass applied. Application rates are modelled crop- and
location-specifically with a gradient-boosting model for corn, cotton, soybeans, and wheat,
with sorghum borrowing corn’s rates and barley and oats wheat’s. The remaining crops receive
coarser average rates from survey data for lumped categories such as vegetables and horti-
culture. A top-down fertilizer-sales total is imposed as an over-application constraint across all
crops. This coarser treatment of the non-major crops is the source of the elevated specialty-crop

nitrogen-balance residuals noted later.
163



The two source files — synthetic fertilizer and manure — are processed in parallel. The in-
ventory is delivered already aggregated to county scale, with NRI survey points area-weighted
to their county. Fertilizer and manure nitrogen are summed, within each imputation, to an
applied-nitrogen total per cell, and the six imputed totals are averaged to give the headline

applied input,

N,

applyij = NVeerij T N,

man, i’
used throughout; the six individual realizations are retained for a downstream imputation-
sensitivity check. NRI crop labels are mapped to the harmonized NASS commodities of the
analysis through the crop crosswalk (Table S1). The inventory contains a row only for cells in
which the crop was recorded at the sampled points, so an applied amount of zero is represented
by the absence of a row rather than an explicit zero. The consequences of that convention for
the panel are taken up in the field-balance-panel subsection below. Biological fixation and at-

mospheric deposition are added to IV, in later subsections to form the total nitrogen input

ppl,ij

N.

in,2j*

5.2.2 NASS data acquisition

Harvested area and crop production data were obtained from the United States Department of
Agriculture National Agricultural Statistics Service (USDA-NASS) Quick Statistics database,
accessed through the NASS application programming interface using the rnassqgs package
(Potter 2019) in R. For each commodity we queried harvested area and production, at both the
county and state geographies, over 1990-2023, from two sources: the annual sample-based
survey and the every-farm Census of Agriculture (conducted in 1992, 1997, 2002, 2007, 2012,
2017, and 2022 within the study period).
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Every query was restricted to commodity-level totals, excluding the management-practice
domain subdivisions that NASS publishes alongside them. Those subdivisions would double-
count if summed with their parent aggregate. Production-practice and utilization-practice

breakdowns are not covered by this restriction and are reduced in a separate step below.

Crops covered by the NRI nitrogen application data were matched to NASS commodities, and
to NASS classes within them, wherever county-level data are available. Two NRI catch-all
categories and two commodities lacking usable county-level NASS coverage were excluded
(Table S1).

Table S1: NRI crop categories and their inclusion status in the analysis.

Crop Included Notes

Barley Yes Winter and spring varieties aggregated

Corn Yes

Cotton Yes Upland and Pima varieties summed

Lentils Yes

Oats Yes Winter and spring varieties aggregated

Peanuts Yes

Peas Yes

Potatoes Yes Production yield-imputed from state survey
yield

Rice Yes

Sorghum Yes

Soybeans Yes

Sugar beets Yes Winter and spring varieties aggregated

Sunflower Yes Oil-type and non-oil-type varieties summed

Sweet Potatoes Yes Production yield-imputed from state survey
yield

Tobacco Yes census-only; 1990-1991 missing (no anchor)

Tomatoes Yes Restricted to processing tomatoes

Wheat Yes Winter and spring retained as separate classes

Close-grown crops No No NASS commodity equivalent

Dry Beans No County-level NASS coverage begins only in
2019

Onions No No county-level NASS survey data

truck crops No No NASS commodity equivalent
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5.2.3 Parsing reported values and unit conversion

NASS marks two kinds of unavailable value: the disclosure code “(D)”, withheld when fewer
than three operations report, and the threshold code “(Z)”, for quantities below half the report-
ing unit. The rnassqgs parser converts both to NA, and we retain that treatment. Reading
“(Z)” as missing rather than as zero is conservative: such quantities are below half a bushel or
hundredweight, so a cell later filled by interpolation under this convention receives at most a

negligible positive value. Non-physical reporting units were dropped.

Reported values were converted to kilograms using USDA Federal Grain Inspection Service
test weights for bushel-denominated grains and standard factors for the hundredweight, short-
ton, and cotton-bale units; areas were converted from acres to hectares. Unit labels that differ
between survey and census for the same physical unit were reconciled first, so the coalescing

step below cannot mix bases.

Two auxiliary series were retained alongside the county panel. State-level data support the sup-
pression diagnostics, the survey-existence indicator, the yield-bound coupling, and the potato
imputation described below. NASS also publishes district-level aggregates of the suppressed
counties within an Agricultural Statistics District; these carry no FIPS code and are excluded
from the county panel, but they are by construction the natural yield denominator for the coun-

ties they cover, which the yield-bound step exploits.

5.2.4 Aggregating across production and utilization practices

For several commodities NASS returns several rows per county—year, subdividing the crop by
production practice (irrigated, non-irrigated, and for barley and wheat two further non-irrigated
categories) or by utilization practice (grain, silage, processing). We reduce these to exactly one

row per cell: the aggregate row is used where NASS publishes one, and where it does not, the
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complementary sub-types are summed to recover the total. The same reduction is applied to

the county, state, and district series.

Three choices within this step are worth stating. First, we accept an aggregate row even when
it is suppressed, rather than falling through to whichever sub-types happen to be published.
Falling through would recover a few hundred barley and wheat cells in the high-Plains states,
but it undercounts area and inflates implied yields, because sub-type publication is itself often
partial in the same county-years where the parent is suppressed; the yield-bound step below
recovers these cells more reliably. Second, corn and sorghum have no aggregate utilization row,
so we take grain only, consistent with the nitrogen application inventory, and exclude silage-
and syrup-only counties so they cannot enter the panel without matching nitrogen input. Third,
tomatoes are restricted to processing tomatoes: counties reporting only fresh-market production
would carry the fresh-market area without its production, giving a spuriously low implied yield.

This drops roughly 9% of US tomato production, which we note as a limitation.

5.2.5 Coalescing Survey and Census sources

For each cell the survey value is retained where published, and the census value fills the gap
where it is not. The provenance of every cell is recorded. Two features of the source data make

this hybrid necessary.

For several geographically concentrated specialty crops — potato, sugar beet, and non-oil sun-
flower — county-level survey publication has deteriorated over the study period as production
consolidated into fewer counties and crossed NASS’s disclosure thresholds. Survey rows for
potato area fell from about 4,200 in 1990 to six in 2018, and to none from 2019 onward. The
Census of Agriculture enumerates every operation and is not subject to the same suppression,
so it fills these gaps in census years. Tobacco is a stronger case still: it is published only through

the census at the county level, in every year. The tobacco panel is therefore drawn entirely from
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the census and interpolated between census-year anchors, and 1990 and 1991 have no anchor

and remain missing — a documented limitation.

One consistency caveat attaches to the 2022 census. County-level census sums in that year
exceed the state survey total by 10-33% for several major Corn Belt state—crop combinations,
among them Kansas sorghum, Nebraska corn, and Missouri soybeans. The most plausible
explanation is that the 2022 census enumerates small operations below the survey sampling
threshold, so the two are not strictly reconcilable that year. This does not corrupt the zero-fill
and missing-value assignment below, which triggers only on under-coverage. It does mean that
the 2021 — 2022 step of the chained decomposition may register an area increase that is partly

a change in enumeration rather than real agricultural change.

5.2.6 Handling suppressed values

The procedure below applies to the values NASS withholds under the “(D)” and “(Z)” codes,
and equally to any county that simply lacks a row in the API response. The API returns that

silent absence indistinguishably from genuine zero production, which is the central difficulty.

An absent county row has three possible explanations. The county genuinely grew none of that
crop; production was withheld without an explicit marker; or the crop was not surveyed at the
county level that year. The rule described here bounds the second case. The state total is an
independent NASS estimate that includes all suppressed counties’ production, while the county
sum excludes suppressed rows of either kind, so the gap between them captures suppression
whether explicit or silent. Genuine zeros leave no trace in that gap, since a county with no
production contributes nothing to either side. The third case is invisible to the rule, because an

unsurveyed year has no state total either; it is handled in the next subsection.

For each state, commodity, and year we computed the state residual: the state total less the

sum of known county values, as a fraction of the state total. Where the residual fell below 5%,
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absent county observations in that state were assigned zero. Where it reached 5% or more, they
were retained as missing, to avoid recording suppressed production as an absence of production.

Those missing values then pass to the interpolation step below.

This treats genuine zeros only as a byproduct: correctly zero-filled in low-residual states, but
assigned missing in high-residual ones, which may be wrong and is the origin of the phantom-
production artefact discussed below. The obvious alternative — zero for every absent observa-
tion — avoids that artefact and handles genuine zeros correctly. We rejected it because where
suppression is pervasive it systematically understates production in the suppressed counties,
manufacturing crop-cell births and deaths that reflect NASS disclosure practice rather than
agriculture. Those would bias the crop-mix, yield, and NBI contributions in exactly the years
when suppression begins or lifts, and unlike phantom production they cannot be bounded from

the data. The residual rule accepts a quantifiable error in place of an unquantifiable one.

The 5% threshold is a pragmatic choice. The full distribution of residuals across commodities

and years is reported below (Figure S3) so that its consequences can be judged.

5.2.7 Distinguishing zero production from unsurveyed years

Several specialty crops — dry bean, pea, lentil, sweet potato, and tomato among them — are
not surveyed annually at the county level, appearing only in the quinquennial census. Treating
an unsurveyed year as a year of zero production would create spurious cell births and deaths,

charging several years of accumulated change to a single year-to-year transition.

We use the state-level series as a survey existence indicator: a crop is treated as surveyed in
a state and year if the state record exists. Where it does, the crop was grown somewhere in
the state, so a county-level absence can only be a genuine zero or a suppressed value, and the

residual rule above applies. Where neither the state nor the county record exists, the absence
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carries no information at all about production, so the gap is retained as missing and filled by

interpolation between census-year anchors.

Figure S1 summarises the full decision procedure for missing and absent county-level obser-

vations.

County value missing or
absent

State total published?

Yes: surveyed year

No: unsurveyed year State residual >= 5%?

/Yes Nf

Retain as missing Assign zero

Anchor values on both

sides?

. .

Log-linear interpolation Retain as missing

Figure S1: Decision procedure for handling missing and absent county-level NASS observa-
tions.
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5.2.8 Log-linear interpolation

Missing values retained by the procedure above, whether from unsurveyed years or from county
observations withheld under the residual rule, were filled by log-linear (geometric) interpolation
within each county x commodity series. For a gap between two observed anchor values z;

and z, , the interpolated value at year ¢ is:

Area and production were interpolated separately within each county X commodity series. The
geometric form suits quantities bounded below by zero that grow multiplicatively, making the
implied year-to-year changes proportional rather than additive. Two restrictions apply. The
procedure does not extrapolate beyond the first or last observed positive value, so a series stays
missing outside its observed range. Nor does it bridge across a zero anchor: where either
endpoint is zero the gap is left missing. A zero anchor means the crop was absent that year,
and bridging one manufactures production for the years between at implied yields that can be
an order of magnitude too high. The rule trades a few unfilled gaps, which the yield-bound
step can still recover, against those artefacts. All interpolated values are flagged, so sensitivity

analyses can be restricted to observed data.

The residual rule and interpolation interact to produce one artefact worth stating plainly. A
county with genuinely zero production in a year returns no row. If the state residual that year
reaches 5%, because other counties were suppressed, that absence is recorded as missing rather
than zero; and if the county produced the crop in adjacent years, interpolation will fill the gap

with a positive value that never existed.

Three things bound this. Interpolation needs positive anchors on both sides, so the artefact

requires production to fall to zero and then return — an unusual pattern, and one that cannot arise
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for counties that decline to zero permanently or have never grown the crop. Where it does arise,
the interpolated value lies between the two anchors and cannot exceed the larger of them, so it
is small wherever the surrounding values are small. And the yield-bound step below rescales
interpolated areas so that their state-level sum matches the published survey total, which directly
limits over-allocation. Table S2 reports the affected area by commodity, in hectares and as a
share of each commodity’s panel area. It is an upper bound in both directions: not every one
of these cells is a genuine zero, and the figures precede the yield-bound rescaling.

Table S2: Cells flagged as high-residual NA under the residual rule that were subsequently
filled by log-linear interpolation, by commodity. Reported as an upper bound on the
phantom-production artefact, before the yield-bound rescaling further constrains it.

Commodity  Cells (n) Interpolated area (ha) % of commodity area

Pea 401 1,166,963 19.20
Sunflower 1162 4,138,121 17.08
Sweet potato 405 128,362 15.28
Lentil 185 470,145 14.16
Sorghum 4337 9,171,871 9.58
Oats 8287 2,386,273 9.32
Peanut 966 1,717,211 8.92
Wheat 8014 50,389,349 7.44
Potato 3213 966,800 7.30
Barley 3422 2,884,449 522
Dry bean 5 46,304 4.78
Rice 247 1,257,168 3.19
Corn 6339 32,863,254 3.14
Soybean 4042 28,425,788 2.85
Cotton 1487 3,930,209 2.64
Tomato 79 14,576 0.77
Sugar beet 44 112,594 0.67
Tobacco 3 77 0.01

5.2.9 Yield-bound coupling and state-survey area scaling

Because area and production are interpolated independently, the two series can carry different

observed anchors — a county whose area is published in years when its production is sup-
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pressed, or the reverse. Interpolating them separately then yields implied yields several times
the state survey value, and can distribute enough interpolated area across silently suppressed
counties that the state sum exceeds the published survey total. Both pathologies occur in this

data.

To bound implied yields and reconcile the county panel with the state survey, a coupling step
after interpolation classifies each cell by the original, pre-interpolation observation status of its

area and production:

* Both observed: retain both values unchanged.

* Area observed, production imputed: recompute production as H,; ; - Y;ejft

* Production observed, area imputed: recompute area as P, ;/ Yf‘;ft

* Both imputed: rescale the interpolated areas within the (state, commodity, class, year)
cell so that the panel sum matches the state survey total minus area already attributed to
cells in the first three classes (the “fixed” portion); production is then recomputed from

the rescaled area via Yir;-ft.

The reference yield Yf;ft is the district-level suppressed-county yield where NASS publishes
one — the ratio of production to area over exactly the suppressed counties it aggregates, and so
their natural denominator — falling back to the state survey yield otherwise. Cells with neither
retain their interpolated values. The step is applied to every commodity except potato and sweet

potato, which follow the dedicated path described next.

Rescaling requires at least one cell in each state—year with both quantities imputed and an in-
terpolated area to absorb the residual. Where every suppressed county in a state—year has a
zero anchor blocking interpolation, the residual stays unallocated and the panel falls short of
the published state total. The unallocated quantity is small, and it is known-suppressed area
that is simply not attributed to any named county, but state-level sums from the panel may not

reconcile with published survey totals in those cells.
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5.2.10 Yield-imputation for potatoes and sweet potatoes

County-level potato production is not reliably published over the study period. Survey county
production deteriorates and ends in 2018, and the census stops publishing county-level potato
production after 2002, enumerating only acreage thereafter. State-level survey data for both area
and production are robust throughout. Sweet potato has similar gaps, plus a further pathology:
census area anchors can be far smaller than adjacent survey years for the same county, which

produces absurd implied yields when survey-scale production is interpolated across them.

For both crops, county production is therefore imputed as

_ . V/state
Pije=Hijo Y04

where Y;,Stj“z is the state-level survey yield for state s, commodity j, and year ¢, and s(7) is
the state containing county ¢. It is applied across the whole study period, including years with
observed county production, so that the panel carries no discontinuity at the boundary between
observed and imputed years. The imputation assumes yield is roughly uniform within a state.
That is defensible for these two crops because production is geographically concentrated in each

state — potatoes in the Snake River Plain, the Columbia Basin, and Aroostook County, sweet

potatoes in a four-state cluster of North Carolina, California, Louisiana, and Mississippi.

Potato and sugar beet also need one adjustment to the zero-fill rule: absent county cells in
non-census years are forced to missing regardless of the state residual, so that interpolation can
bridge between census anchors. Without it, the few commercial counties still in the survey
after coverage collapsed would account for nearly all state area, and the general residual rule
would zero-fill every other county in the major potato states. Potato coverage consequently
ends in 2022, since the survey has ended, the next census falls outside the study period, and the

procedure does not extrapolate.
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Where NASS publishes no state-level yield because production falls below the reporting thresh-
old, imputed production is missing, and we set the cell’s area to missing too so an unmatched
area—production pair cannot enter the decomposition. The affected states are all trivially small

producers.

Cross-validation against the observed county production cells that remain gives a median
imputed-to-observed ratio of 1.05 for potato (n = 4,284 overlapping cells) and 1.06 for sweet
potato (n = 940), with interquartile ranges of [0.93, 1.34] and [0.94, 1.27]. About 57% and 61%
of cells respectively fall within £20% of the observed value. The upper-tail bias is consistent
with suppressed counties being marginal producers with below-average yields. Both crops are
a minor share of the national nitrogen balance, and a sensitivity run excluding them bounds

their influence on the decomposition.

5.2.11 Aggregating multi-class commodities

Several commodities are queried as multiple NASS classes and aggregated to one label per
crop in the final panel: upland and Pima cotton are summed, as are oil-type and non-oil-type
sunflower, and durum and non-durum spring wheat. Barley, oats, and sugar beet are published
by NASS only as a single class. The NRI data instead distinguish winter and spring varieties of
wheat, barley, oats, and sugar beet, so NRI nitrogen inputs for the spring and winter varieties

of the latter three are summed to match the NASS aggregate.

Wheat alone is kept as two crops, winter and spring, because their grain nitrogen content differs
materially — roughly 0.020 against 0.024 kg N kg~!, following the difference in grain protein.

Aggregating them would mis-estimate [V, and hence NBI, in counties dominated by one

out»
type. No comparable difference exists between the seasonal varieties of barley, oats, and sugar

beet, so aggregating those loses nothing. Within each aggregated class, area and production
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are summed across the constituent classes, and a cell whose contributing classes are all missing

remains missing.

5.2.12 Diagnostic checks

Four diagnostics show how much of the panel rests on imputation, and where. The phantom-
area upper bound is reported above (Table S2), and the distribution of state residuals underlying
the 5% rule in the subsection that follows (Figure S3). A third records the share of county-year
rows carrying an explicit disclosure flag, fixing the upstream suppression burden before any
imputation. The fourth is the reach of the yield-bound step (Table S3), which recomputes a few
percent of cells for the major Corn Belt crops and a far larger share for tobacco and the specialty
crops that depend heavily on census supplementation.

Table S3: Cells whose area or production was recomputed by the yield-bound coupling step,
by commodity. Potato and sweet potato are zero by design — they are handled by
their own yield-imputation paths.

Commodity  Cells (n) Bounded (n) % bounded Bounded area (ha)

Tobacco 22,372 16,863 754 1,403
Peanut 20,604 12,447 60.4 1,723,014
Cotton 28,968 16,076 55.5 41,833,135
Lentil 4,862 2,445 50.3 485,513
Sugar beet 8,330 4,187 50.3 1,498,179
Oats 87,482 43,892 50.2 2,394,517
Barley 61,846 29,567 47.8 2,895,135
Sorghum 64,906 28,493 439 9,191,535
Rice 6,902 2,945 42.7 1,259,531
Wheat 130,220 52,645 40.4 88,765,688
Sunflower 46,750 16,732 35.8 8,337,083
Corn 99,246 32,744 33.0 32,892,975
Soybean 84,796 27,138 32.0 28,456,245
Pea 22,950 6,288 274 1,173,460
Tomato 57,324 5,925 10.3 230,603
Dry bean 918 52 5.7 46,304
Potato 94,282 0 0.0 0

Sweet potato 60,112 0 0.0 0
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A coverage heatmap of county-level harvested-area publication rates by commodity and year
(Figure S2) summarises where the panel relies on imputation.

NASS county-level coverage: area harvested
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TOBACCO

SWEET POTATOES
SUNFLOWER

SUGARBEETS

SOYBEANS

SORGHUM I

RICE

100%

75%
POTATOES S0
PEAS 25%
PEANUTS

OATS

LENTILS I I

COTTON

% counties
I reporting

CORN

BEANS

1990 1995 2000 2005 2010 2015 2020

Figure S2: Share of (county x commodity) cells with a non-suppressed harvested-area value
after coalescing survey and census sources, by commodity and year. White cells
indicate no published value from either source. Vertical low-coverage bands at 1997,
2002, 2007, 2012, 2017, and 2022 are Census of Agriculture years (see text).

The vertical low-coverage bands at the seven census years are a structural feature of the source
data rather than a coverage problem in the usual sense. The census enumerates a long tail
of small marginal producers that fall below the survey sampling threshold. These counties
enter the panel only in census years, but their small operation counts also trigger disclosure
suppression at a high rate, so the denominator of the reporting share expands faster than the
numerator. The effect is strongest for crops with a wide tail of small producers — tomato,
sweet potato, potato, sunflower, and sugar beet — and is barely visible for crops grown at scale

across most US counties. For tomato it is compounded by the processing-only restriction, which
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drops fresh-market-only census counties. Tobacco is coloured only in census years, reflecting
its census-only publication, and the potato and sugar beet gaps in non-census years from about

2018 mark the survey collapse described above, with the 2022 census filling them.

5.2.13 State-residual distribution

The 5% residual threshold used in the zero-fill / NA assignment rule (see the handling of sup-
pressed values above) is a pragmatic choice that trades a small risk of phantom production
(interpolating a true zero) for avoiding a larger risk of zero-filling silently suppressed values.
Figure S3 reports the distribution of state residuals — (state total — county sum) /state total —
across all (state, year) observations in the study period, faceted by commodity. The dashed
red line at +5% marks the rule cutoff: observations to the right trigger the high-residual NA

assignment for absent counties; observations to the left receive zero-fill.
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Figure S3: Distribution of state residuals by commodity, pooled across all states and years in the

study period. The state residual is the gap between the NASS state-level total and the
sum of published county-level values, expressed as a percentage of the state total.
The dashed red line at +5% marks the threshold used to choose between zero-fill
(residual < 5%) and NA assignment (residual > 5%) for absent county observa-
tions. Residuals beyond [—50, 100]% are visually clipped to the panel boundary;
the underlying counts include all observations.
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For the major Corn Belt crops — corn, soybean, and wheat — the bulk of the distribution lies
below the 5% threshold, so the simpler zero-fill rule would already be approximately correct
for most state-year cells. The crops in which high residuals are common — potato, sugar beet,
sunflower, tobacco, and the dry-legume specialty crops — coincide with those flagged above
as requiring census supplementation, the potato and sugar beet non-census-year override, or
the yield-bound coupling step. Negative residuals (county sum exceeding state total) are con-
centrated in census years. They reflect the documented inability of state survey estimates to
reconcile with county-level census enumeration when the census exposes small operations be-
low the survey sampling threshold. This is the artefact discussed under the coalescing of survey
and census sources above. Because the rule triggers only on residuals at or above +5%, negative

residuals do not lead to incorrect NA assignment.

5.2.14 Nitrogen content in crops

Nitrogen removed in the harvested product, N,

out,ij° is the production of crop j in county ¢

multiplied by a crop-specific nitrogen content coefficient:

Now,ij = Pij - n;

where n; is the nitrogen mass per unit mass of harvested product (kg N kg™1). A single coeffi-
cient is applied per crop across all counties and years, with the sole exception of wheat, which
carries distinct coefficients for its winter and spring classes (see above). The coefficient there-
fore captures differences in nitrogen concentration between crops but not spatial or temporal
variation in grain protein within a crop. Because production is converted to a common mass

basis (kg) earlier in the pipeline, [V,

out,7j Inherits those units directly.
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The coefficients are United States agronomic nutrient-removal rates: the nitrogen contained
in the harvested product per unit of yield, compiled from field-measurement-based extension
and industry sources rather than from food-composition data. This places N, on the same
grain- and fiber-removal basis used throughout the agronomic nitrogen-balance literature. The
published values, their units, the derived coefficients, and the source for each crop are listed in

Table S4. Two of the coefficients need comment.

Spring wheat has no published removal estimate of its own, so it is derived here. We scale
the winter-wheat coefficient by the ratio of spring to winter grain protein reported by USDA
FoodData Central (https://fdc.nal.usda.gov/) — 15.4 against 12.6 g per 100 g — giving a factor
of 1.22 and a coefficient of 0.024 kg N kg~!. Because both classes share the same nitrogen-to-

protein conversion, that protein ratio is exactly the ratio of their grain nitrogen concentrations.

Cotton also warrants a note. NASS reports cotton production as lint, but the removal coefficient
is the nitrogen in the lint plus the associated cottonseed, both of which leave the field at ginning.
This is the correct quantity for a field nitrogen balance. A lint-only coefficient would understate
cotton’s harvested-nitrogen removal roughly thirtyfold, because the fiber is nearly nitrogen-free
and the seed carries almost all of the harvested nitrogen.

Table S4: Crop nitrogen removal coefficients used to compute N, ,, on a US agronomic
harvested-product-removal basis. The published removal value is the nitrogen con-
tained in the harvested product per unit of yield (per bushel, hundredweight, ton, or
480-1b cotton bale; or g N per kg); the N content is that value converted to kg N
per kg of production using each crop’s standard test weight. Sources: Roberts et al.
(n.d.) for the major field crops, Bouwman, Van Drecht, and Van der Hoek (2005)
for the minor and specialty tail, with potato from Shober (2024) and tobacco from
Murrell (2008). Wheat is retained as separate winter and spring classes; Barley, oats,
and sugar beet take a single coefficient each, as their seasonal varieties do not differ

in nitrogen content.

Crop Removal (published) N content (kg N/kg)  Source

Barley 17 g N/kg 0.0170 Bouwman et al.
2005

Corn 0.67 Ib N/bu 0.0120  Roberts et al.

Cotton 32 1b N/bale 0.0667 Roberts et al.
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(continued)

Crop Removal (published) N content (kg N/kg) Source

Lentil 35 g N/kg 0.0350 Bouwman et al.
2005 (pulses)

Oats 16 g N/kg 0.0160 Bouwman et al.
2005 (other
cereals)

Pea 35 g N/kg 0.0350 Bouwman et al.
2005 (pulses)

Peanut 40 g N/kg 0.0400 Bouwman et al.
2005 (groundnuts
in shell)

Potato 0.37 Ib N/cwt 0.0037  Shober 2024

Rice 0.57 1b N/bu 0.0127 Roberts et al.

Sorghum 0.66 1b N/bu 0.0118 Roberts et al.

Soybean 3.31b N/bu 0.0550 Roberts et al.

Spring wheat  1.47 1b N/bu 0.0244 Roberts et al.,
scaled by
FoodData Central
protein ratio

Sugar beet 2 g N/kg 0.0020 Bouwman et al.
2005

Sunflower 34 g N/kg 0.0340 Bouwman et al.
2005

Sweet potato 3 g N/kg 0.0030 Bouwman et al.
2005

Tobacco 3.6 Ib N/cwt 0.0360 Murrell 2008

Tomato 2 g N/kg 0.0020 Bouwman et al.
2005 (vegetables)

Winter wheat 1.2 1b N/bu 0.0200 Roberts et al.

5.2.15 Biological nitrogen fixation in legumes

Legumes acquire much of their nitrogen from the atmosphere through symbiotic biological
nitrogen fixation (BNF). That nitrogen enters the soil-plant system in the same accounting
sense as applied fertilizer, so it is added to the inputs of legume crops, and the applied base

defined above becomes

N,

appl,ij + BNFij)
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where BNF, ; = 0 for all non-legumes, and atmospheric deposition completes V;, ;; in the next

in,%J
subsection. The rationale is given in the Methods: including BNF aligns the input definition
with X. Zhang et al. (2015) and prevents the spurious deficits that omitting a legume’s dominant

nitrogen source would otherwise create. BNF is computed for the four legumes in the panel —

soybean, peanut, lentil, and dry pea.

The fixation literature reports the fraction of nitrogen a legume derives from the atmosphere as
B, (%Ndfa), defined relative to total plant nitrogen at maturity rather than to the nitrogen in
the harvested grain. The pipeline observes only grain nitrogen, so BNF is recovered in three

steps that first reconstruct whole-plant nitrogen and then apply 3 It

ag —
Nplant,ij - Nout,z'j /NHIj7
total _ ag .
Nplant,ij — *'plant,iy fBGN,j?

BNF” — /8] . Ntotal

plant,ij°

The first step rescales grain nitrogen to total aboveground plant nitrogen using the nitrogen
harvest index NHI};, the fraction of aboveground plant nitrogen held in the grain at maturity. The
second scales aboveground nitrogen up to the whole plant with a belowground multiplier fpay ;
covering roots, nodules, and rhizodeposition, which shoot sampling routinely omits and which
15N-tracer studies show to be a large fraction of plant nitrogen (Herridge, Peoples, and Boddey
2008). Applying f3; to that total gives the fixed nitrogen. Combining the steps, BNF,; =
(B; fean,j/NHL;) Ny 45, s0 fixed nitrogen scales with grain nitrogen and hence with yield.
The harvest-index step matters: applying 3 ; directly to grain nitrogen would understate BNF

by roughly the value of NHI,, about 30% for soybean, and this is a common pitfall.

The parameters are crop-specific and are listed with their sources in Table S5. Two choices
within them are worth stating. For soybean we use the United States—specific %Ndfa of 0.60

rather than the global soybean—groundnut value, and take the nitrogen harvest index from the
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directly measured meta-analytic mean of Salvagiotti et al. (2008). The other legumes have
no equally authoritative direct measurement, so their NHI is derived as NHI; = HI; n; / w;,
where HI; is the dry-matter harvest index, n; the grain nitrogen content already used for IV,
(Table S4), and w; the nitrogen concentration of aboveground biomass. That formula com-
bines a dry-matter harvest index with an as-reported grain nitrogen concentration, whose mois-
ture bases differ slightly. The soybean override sidesteps the approximation for the dominant

legume, and for the minor legumes its effect on national totals is negligible.

Two variants of BNF are computed in parallel: an aboveground-only estimate, setting fpgy j =
1, and the headline estimate including belowground nitrogen. The headline includes it because
shoot-only measurements are now understood to understate fixation materially (Herridge, Peo-
ples, and Boddey 2008), and because under it soybean’s field nitrogen balance comes out ap-
proximately neutral, consistent with the long-standing finding for well-nodulated legume crops
(Salvagiotti et al. 2008). The aboveground-only variant is retained for sensitivity analysis. For
US soybean the headline implies fixation on the order of 200 kg N ha~!, against the roughly
190 kg N ha~! that Herridge, Peoples, and Boddey (2008) estimate for the United States.

Table S5: Crop-specific parameters for the biological nitrogen fixation calculation. The Ndfa
fraction (5,) is the fraction of plant nitrogen derived from the atmosphere; the har-
vest index (HI,) is the dry-matter grain fraction; shoot N (w;) is the nitrogen concen-
tration of aboveground biomass; NHI is the nitrogen harvest index — the directly
measured value for soybean and the derived HI;, n; / w; for the others; the BGN
multiplier is fpgy ;- All values are from Herridge et al. (2008) except the soybean
NHI, which is from Salvagiotti et al. (2008).

Crop Ndfa fraction Harvestindex ShootN (%) NHI BGN multiplier
Soybeans 0.60 0.40 3.0 0.73 1.5
Peanuts 0.68 0.40 23 0.70 1.4
Lentils 0.63 0.35 2.0 0.61 1.4
Dry peas 0.63 0.35 2.0 0.61 1.4
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5.2.16 Atmospheric nitrogen deposition

Reactive nitrogen deposited from the atmosphere — wet plus dry, oxidized plus reduced — is
a further input to every field regardless of crop. Following X. Zhang et al. (2015), it is added

to all cells, completing the total nitrogen input:

N, N,

in,ij = Nappt,ij T BNF;; + Nyep 45 Nyep,ij = d; - Hy;

where d; is the deposition rate (kg N'ha™! yr™!) in county i and H,; the cell’s harvested area.
Deposition falls on the land independently of what is planted, so the rate varies by county and

year but not by crop, and is scaled to each cell by its area.

No single fine-resolution product spans the study period, so two gridded total-nitrogen products
are combined. For 2000-2022 we use the NADP Total Deposition (TDep) measurement—model
fusion product (Schwede and Lear 2014; National Atmospheric Deposition Program 2025),
which fuses monitored wet-deposition and air-concentration data with modelled dry-deposition
velocities over the contiguous United States. For 1990-1999, which TDep does not cover,
we use the NACID-NDEP1 reconstruction over North America (Hember 2018), anchored to
ground monitoring from 1990 onward. Each annual raster is reduced to a county mean by
area-weighted zonal extraction, each grid cell contributing in proportion to its overlap with the

county polygon (Baston 2025), giving one value d; , per county and year.

The two products are independent and built by different methods, so NACID is not used in
absolute terms. Its 1990—1999 values are rescaled to the TDep level by a county-specific factor

estimated over the 2000-2013 overlap. For each county ¢ we compute

dTDep
i,t 1990-99 __ NACID
Ty = === ) di,t =T di,t

(JNACID ’
it t£2000-2013
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with counties lacking overlap data, about 4%, assigned the national median ratio. The head-
line series is therefore TDep for 2000-2022 and harmonized NACID for 1990-1999. The two
products agree closely over the overlap (median r; ~ 1.1, interquartile range 1.0—1.25), and the
splice introduces no discontinuity in the national mean at the 1999—2000 boundary (Figure S4).
The final series covers 3,084 contiguous-US counties; Alaska, Hawaii, and the territories fall
outside TDep’s domain and are dropped. The national cropland-county mean runs at about 9—
10 kg N ha—! yr—! in the 1990s and declines to roughly 8 by the 2010s, consistent with the fall

in oxidized-nitrogen deposition that followed Clean Air Act controls on NO,, emissions.

—e - (Constant back-cast —e—= Headline

11

10

Mean Ngep (kg N ha™' yr™")

1990 2000 2010 2020

Figure S4: National mean atmospheric nitrogen deposition rate across contiguous-US counties,
1990-2022. The headline series uses NADP-TDep for 2000-2022 and harmonized
NACID-NDEPI for 1990-1999 (split at the dashed line); the constant back-cast sen-
sitivity holds the 2000—2002 TDep county mean fixed across 1990-1999. The two
back-casts agree to within about 1 kg N ha~!, and neither introduces a discontinuity
at the splice.

Four limitations attach to the series. The 1990s rest on a splice, and although the harmoniza-
tion removes any systematic level offset, only NACID’s relative year-to-year variation informs

those values, not its magnitude. A constant back-cast holding the 2000-2002 TDep mean fixed
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agrees with the harmonized series to within about 1 kg N ha—! (Figure S4), so the pre-2000
treatment is not material. Deposition is assumed uniform across crops within a county, so
sub-county gradients, such as elevated deposition downwind of concentrated livestock opera-
tions, are unresolved. Both products capture organic nitrogen only partially, so [V, is mildly
underestimated. And nine counties in central Texas carry rates of 50-75 kg N ha=! yr—! in
recent years, which are published in the source product rather than aggregation artefacts and
are passed through unchanged. Separately, much of the deposition in the Corn Belt is driven by
agricultural ammonia emissions, so the input is partly endogenous to agriculture — a feature

of regional nitrogen budgets the balance framework does not disentangle.

5.2.17 Assembling the field-nitrogen-balance panel

The four input components above combine into the cell-level quantity that the decomposition
explains. For each crop 7 in county ¢ and year ¢, the field nitrogen balance is the total nitrogen

input minus the nitrogen removed in the harvested product:

B,. = N, N, N,

ij — Vin,ij — {Vout,ij — ( appl,ij

+BNF, ;4 Ny, ;1) — N, N,

out,z7’ appl,2j

= Nier,i5 TN,

man,zj*

B;; is the net nitrogen entering the field from human (fertilizer and manure), biological (fix-
ation), and atmospheric (deposition) sources that is not exported in grain or fiber, identical in
construction to the N, indicator of X. Zhang et al. (2015). A positive B, is nitrogen lost to
the environment together with any net accumulation in the soil organic pool; a negative B, ;
marks a field that is, over the year, a net nitrogen sink relative to these inputs. Soil organic mat-

ter mineralization is absorbed into B rather than modelled separately, following the standard
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soil-surface convention (Oenema, Kros, and De Vries 2003; Van Beek, Brouwer, and Oenema

2003) and X. Zhang et al. (2015) (Methods).

The panel is keyed on (county, crop class, year) and is sparse: only cells with an observed
positive harvested area are materialized. Absent cells need no rows, because the decomposition

reconstructs births and deaths from each cell’s presence across the year-pair being compared.

Computing B, ; requires a nitrogen value from the inventory, so the usable universe is bounded
by inventory coverage. The inventory is a fixed-point sample, its survey locations fixed in space
and re-observed every year, so whether a county belongs to the sampled frame is a property of
the county rather than of the county—year. We therefore gate the panel on county-level frame
membership: a positive-area cell is retained only if its county appears somewhere in the inven-
tory. This drops 2,266 cells, 0.0185% of in-scope harvested area, all in counties the inventory
never sampled and for which B cannot be computed. It deliberately keeps cells in surveyed
counties that show no crop record in a given year, which a county-by-year gate would wrongly

discard.

The inventory encodes “no application” by the absence of a row rather than an explicit zero. A

retained cell with no matching row is therefore assigned IV,

ppl = 0, which applies to 34% of

panel cells. For the low-input crops, chiefly legumes, a true zero of synthetic input is correct.
For some fertilized-crop cells the crop was grown and almost certainly fertilized but missed at
the fixed sample points, so the zero understates the input and produces a spurious small negative
B. These are dominated by wheat and the other small grains; corn is among the best-covered
crops, with under 1% of its area affected. The cells are numerous but spatially slight — 34% of
the panel by count, but only about 4% of harvested area, roughly two-thirds of it wheat. They

are retained for coverage, and the artefact is quantified in the negative-balance audit below.

Harvested area also carries three states rather than two: positive, explicit zero, and missing.

The decomposition treats missing cells as absent, so explicit zero and missing are not distin-
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guished, and a missing-to-positive transition enters as a born cell even though missing denoted
“unknown’ rather than “zero”. Most surviving missing values are immaterial here, being either
adjacent to a zero anchor, where a birth is legitimate anyway, or on the leading edge of a series
before its first record — about 4,500 cells, under 0.1% of area — where the area genuinely is

unknown. We accept this treatment and note the leading-edge births as a minor caveat.

Only the headline B is materialized in the panel. The sensitivity specifications — excluding
belowground fixation, excluding deposition, or both — and the alternative nitrogen-input im-
putations are produced downstream by re-evaluating B from the component columns the panel

retains, so the scaffold is assembled once and only this final layer varies.

5.2.18 Negative-balance audit

Under the headline specification B is positive across the great majority of harvested area, as
expected of a nitrogen balance. Negative B touches about 11% of harvested area and 12% of
production (Table S6). These negatives fall into two populations that must be read differently,

separated by whether the inventory records a positive input for the cell.

In positive-input cells, B is computed from a real recorded input, so a negative value is a po-
tentially interpretable signal. These supply about two-thirds of the negative area and are the
subject of what follows. In genuine-zero cells — surveyed counties where the crop carried no

matching row, so IV,

ppl 18 set to zero (above) — the input side collapses to B = Ny, — N,

out?
which is negative almost by construction for any producing cell. Over 90% of genuine-zero
area is negative for that mechanical reason. These are a survey-coverage artefact rather than
an agronomic signal, and are excluded from the headline interpretation. That the negative pro-

duction share slightly exceeds the negative area share confirms the negatives are not confined

to marginal low-yield land.
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Within the positive-input population, two further groups separate (Table S7). Legume cells are
essentially never negative, because fixation supplies enough nitrogen that even high-yielding
soybean fields stay net-positive — confirming that the BNF reconstruction does the job that
motivated it. Among non-legume cells, negative B covers about 12% of area, concentrated in

the low-input small grains and a few specialty crops.

Two diagnostics establish where these negatives come from: whether they reflect overstated
removal or understated input, and whether they are merely the inventory’s own estimation un-

certainty.

First, they are an input-side phenomenon. Splitting each non-legume crop’s positive-input cells
by the sign of B (Table S8), the negative cells carry a median applied rate three- to tenfold below
the positive cells of the same crop. The medians run corn at 60 against 220, wheat at 39 against
136, and oats at 17 against 204 kg N ha—!. Their removal rate is comparable or, being modestly
higher-yielding, slightly higher. Deposition adds a further 4-14 kg N ha~!, near-identical across
the two groups. The gap that pushes B negative is an implausibly low recorded input for the

yields observed, not an inflated V. The removal coefficients are exonerated.

Second, they are structural rather than an artefact of that uncertainty. Recomputing B under
each of the six imputed nitrogen realizations, 82% of the headline-negative area stays negative
under all six. These negatives are a property of the recorded input level relative to harvest

removal, stable across the inventory’s own uncertainty band.

What remains is not a correctable data error but two features of the input set. The structurally
negative area concentrates precisely in the crops the inventory treats with coarser rates — barley
and oats borrow wheat’s, and the specialty crops take top-down sales-balance averages rather
than modelled rates (above) — which under-allocate nitrogen to the high-yielding tail of those
crops. Beyond that, the balance is missing inputs by construction. A high-yielding small grain

or root crop recorded at 30-60 kg N ha~! is drawing the remainder from mineralization and
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from rotational or residue nitrogen, which the framework does not model and absorbs into B

as soil-nitrogen mining.

Neither diagnostic can fully separate a cell where the sample points missed applied fertilizer
from one genuinely mining soil nitrogen: both look like low recorded input with normal re-
moval. The distinction does not change the treatment. Because the decomposition explains
changes in B rather than its level, and accommodates negative and sign-changing cells, these
negatives are retained rather than dropped.

Table S6: Negative field-nitrogen-balance (5B < 0) footprint under the headline specification,
decomposed into the positive-input and genuine-zero populations. The first two
columns give the share of each population’s own harvested area and production that
is negative; the last column gives each population’s share of the total negative area.
Positive-input and genuine-zero cells partition all cells, so their contributions sum
to 100%. The genuine-zero rate is high by construction (B = Ny, — N, with no

out
recorded input) and is treated as a survey-coverage artifact, not an agronomic signal.

Cell population Negative-B area (% of Negative-B  Share of total negative
group) production (% of area (%)
group)
All crops, all cells 11.2 12.1 100.0
Positive input 7.8 9.4 66.6
Genuine-zero input 90.5 95.0 334
(artifact)

Table S7: Share of cells and of harvested area with a negative field nitrogen balance (B < 0)
under the headline specification, among cells with a positive recorded nitrogen in-
put, by crop. Legume cells are essentially never negative because biological fix-
ation offsets harvest removal; the non-legume negatives concentrate in low-input
small grains and specialty crops and are interpreted as genuine soil-nitrogen mining
plus the inventory’s coarser treatment of unmodelled crops (see text). Cells with a
genuine-zero input are excluded here and discussed separately.

Class Crop Cells (n) % cells with B Panel area % area with B <

<0 (Mha) 0
Legume Soybean 47,986 0.0 958 0.0
Legume Peanut 4,538 0.0 17 0.0
Legume Pea 559 0.0 3 0.0
Legume Lentil 132 0.0 1 0.0
Non-legume Corn 59,630 6.5 1006 3.9
Non-legume Wheat 42,809 22.5 533 253
Non-legume Cotton 13,284 11.4 144 7.6
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(continued)

Class Crop Cells (n) % cells with B Panel area % area with B <

<0 (Mha) 0
Non-legume Sorghum 13,278 5.0 89 4.2
Non-legume Barley 7,683 29.8 44 37.1
Non-legume Rice 2,916 9.0 38 4.4
Non-legume Sunflower 2,409 36.5 17 445
Non-legume Oats 13,923 5.6 16 11.3
Non-legume Sugar beet 2,652 335 16 37.1
Non-legume Potato 3,327 20.8 12 28.5
Non-legume Tomato 272 23.5 2 38.6
Non-legume Tobacco 815 12.8 1 20.4
Non-legume Sweet potato 271 31.0 0 48.5

Table S8: Median applied-nitrogen and harvest-removal rates (kg N ha~!) for non-legume
cells with a positive recorded input, split by the sign of the field nitrogen balance
B. In every crop the negative cells carry a far lower applied (fertilizer-plus-manure)
rate than the positive cells, while their removal rate is comparable or slightly higher
— showing that negative B is driven by low recorded input rather than overstated
removal. Atmospheric deposition (not shown) adds a further 4-14 kg N ha—!, near-
identical across the two groups.

Crop Applied N (neg B)  Applied N (pos B) Removal (neg B) Removal (pos B)
Barley 31 138 64 56
Corn 60 220 103 96
Cotton 33 131 64 54
Oats 17 204 38 34
Potato 90 407 160 138
Rice 55 218 98 92
Sorghum 29 216 58 47
Sugar beet 70 200 123 105
Sunflower 28 86 57 47
Sweet potato 21 117 55 50
Tobacco 49 236 87 82
Tomato 113 335 205 180
Wheat 39 136 76 61

The negatives trace to recorded inputs that are low relative to harvest removal, so they could

distort the factor effects. Four facts bound their influence.

First, the nitrogen input reaches four of the five effects only through the shared logarithmic-
mean weight, never through their ratios, which come entirely from NASS area and production

(Methods). The crop-mix effect is the one materially exposed, because that weight carries the
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sign of B;;. A bounding sensitivity that floors the small-grain balances at zero confirms this:
the yield and NBI effects are essentially unchanged, and the whole shift lands on crop mix,

concentrated in wheat.

Second, the weight in the NBI effect is the magnitude of each cell’s balance, and it sits over-
whelmingly in the cleanest crops. Corn, 3.9% of whose area is negative, and soybean, which
is never negative, together carry about 72% of the aggregate balance. The crops with elevated
negative rates carry only about 15%, most of it wheat, with the high-rate specialty crops below
half a percent each. Cells near the break-even point, where the sign of B is least certain, carry

small weight by construction, so the noise falls where it counts least.

Third, the period comparison examines the change in B between two averaged states, not its
level in either, so a time-stable under-recording offset partially cancels. Averaging also sup-
presses the sign changes that would otherwise trigger the analytical-limit rule, for the reasons
set out under the period-averaged estimator above. The effect is large: wheat’s NBI contribu-
tion falls from about +0.57 Tg N in the chained run to about +0.02 Tg N in the period-averaged

headline, leaving the headline NBI effect corn-dominated.

Fourth, an unknown share of the negatives is not error but the balance correctly registering

mineralization and rotational nitrogen the inventory does not carry.

Two residual risks are tested rather than assumed. The under-recording is mildly yield-
correlated, so the offset does not cancel perfectly. And the 2017 switch from NRI to CDL
crop identities in the inventory is a potential confound; the terminal window spans both sides
of it, diluting any level shift into the five-year average, but it remains a tested sensitivity for
the chained trajectory. The headline effects are therefore assessed against a robustness suite,
reported with the results, that drops the elevated-negative crops, substitutes each of the six

nitrogen imputations, and varies the fixation and deposition specifications.
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Two of those variants answer different questions, and conflating them would overstate what
either shows. Dropping the elevated-negative crops tests the crop-structure narrative, not data
quality. Because LMDI-I is consistent in aggregation, removing a crop simply subtracts its own
NBI contribution and leaves every other crop’s untouched, so the shift in NBI is a mechanical
identity — expected for any large crop whatever its data quality, and largest for wheat because
wheat is large. What that variant does inform is the share factors, where removing a crop
reshuffles the area denominators and shows whether the crop-mix story depends on it. Data
quality is instead answered by the six imputations, which vary only NV, ; while retaining every

app

crop and cell, so their spread bounds the imputation uncertainty directly.

For the chained trajectory, where wheat’s NBI is large, we additionally split wheat’s contri-
bution by computational route. Year-pairs in which B keeps its sign flow through the smooth
logarithmic-mean formula and carry a genuine intensity signal; pairs that cross zero or are born
or die take the mechanical % attribution. About 30% of wheat’s harvested-area pairs take the
mechanical route, and they carry roughly 35% of its chained NBI contribution — proportional
to their share of pair area, not less. That component nets a large positive value rather than can-
celling along the chain. The chained wheat signal is therefore about two-thirds genuine and
one-third mechanically attributed, which is why the chained NBI is read for its sign alone. It
also explains the collapse to +0.02 Tg N under the period-averaged headline, where the accu-

mulation cannot occur.

Table S9 reports the imputation robustness of the canonical decomposition directly. Recomput-
ing the period-averaged factor effects under each of the six nitrogen imputations moves every
effect by roughly 1% of its value or less. The NASS-driven scale and yield effects are essen-
tially fixed, and even the input-built crop-mix and NBI effects vary by at most about 1%. This
is the input-uncertainty band summarised in the caption of the headline decomposition figure

(Figure 2).
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Table S9: Sensitivity of the period-averaged factor effects to nitrogen-input imputation. Each
effect is recomputed under the six multiply-imputed realizations of the applied-
nitrogen inventory, holding all else at the headline specification. ‘Headline’ is the
effect under the imputation-averaged input used throughout; ‘Min’ and ‘Max’ bound
it across the six imputations; ‘Spread’ is the half-range as a percentage of the headline
magnitude. Base 19901994, terminal 2018-2022; values in Tg N.

Factor Headline Min Max Spread (%)
Harvested area (H) -0.112 -0.112  -0.112 0.0
Geographic distribution (S;) -0.154 -0.154  -0.151 1.1
Crop mix (5;;) +0.504  +0.499 +0.511 1.2
Yield (Y;;) +1.987  +1.985 +1.987 0.1
Balance intensity (NBI,) -1.397 -1.406  -1.391 0.5
Net change (AB) +0.827  +0.825 +0.829 0.2

5.3 Attribution tables

Factor contributions from the period-averaged single-step decomposition (base 1990—-1994, ter-
minal 2018-2022) broken down by Land Resource Region and by crop. Units are Tg N; positive
values increase the aggregate nitrogen balance and negative values reduce it. The H factor is
omitted from both tables. Its log-change is the same scalar in every cell, so breaking its effect
out by region or crop would only redistribute the national scale effect in proportion to each
group’s share of the log-mean weight. The crop table additionally omits .S;, which carries no

crop index. Both effects enter the national totals reported with the results.

5.3.1 Geographic attribution by Land Resource Region

County-level factor contributions are apportioned to Land Resource Regions (LRRs) using syn-
thetic fertilizer N-application weights from the nitrogen application inventory: for counties that
span multiple LRRs, each LRR receives the fraction of the county’s contribution proportional
to its share of that county’s total nitrogen application across all years and crops. Ten of the
2,783 counties in the decomposition straddle two LRRs and receive split weights; the rest are

assigned entirely to one LRR.
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Table S10: Factor contributions to the change in aggregate N balance (Tg N) by Land Resource
Region, period-averaged single-step decomposition. LRR codes and names follow
the NRCS MLRA 52 (2022) delineation. The Total row reproduces the national
factor totals.

LRR Region name ABg, ABS” ABYU ABNBIij Total

A Northwestern Forest, -0.003 -0.003  0.000 0.000 -0.006
Forage, and Specialty
Crop Region

B Northwestern Wheat -0.016  0.020 0.019 -0.026 -0.003
and Range Region

C California Subtropical ~ -0.091 -0.023  0.006 0.050 -0.057
Fruit, Truck, and
Specialty Crop Region

D Western Range and -0.057 -0.001  0.008 0.006 -0.043
Irrigated Region

E Rocky Mountain -0.003  0.005  0.003 0.007 0.012
Range and Forest
Region

F Northern Great Plains 0.012  0.218 0.083 0.060 0.372
Spring Wheat Region

G Western Great Plains -0.017  0.037 0.014 0.044 0.078
Range and Irrigated
Region

H Central Great Plains -0.117  0.125 0.124 0.025 0.157
Winter Wheat and
Range Region

I Southwest Plateaus and -0.034 -0.012  0.005 0.005 -0.035
Plains Range and
Cotton Region

J Southwestern Prairies ~ -0.038 -0.013  0.004 -0.008 -0.054
Cotton and Forage
Region

K Northern Lake States 0.041 -0.015 0.056 -0.052  0.030
Forest and Forage
Region

L Lake States Fruit, 0.022 -0.016 0.140 -0.099  0.047
Truck Crop, and Dairy
Region

M Central Feed Grains 0.186  0.133  1.019 -0.845  0.492
and Livestock Region
East and Central 0.046  0.003  0.096 -0.133  0.012
Farming and Forest
Region
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(continued)

LRR Region name

AB,

ABg.

2

Total

O Mississippi Delta
Cotton and Feed Grains
Region

P South Atlantic and
Gulf Slope Cash Crops,
Forest, and Livestock
Region

R Northeastern Forage
and Forest Region

S Northern Atlantic
Slope Diversified
Farming Region

T Atlantic and Gulf Coast
Lowland Forest and
Crop Region

U Florida Subtropical
Fruit, Truck Crop, and
Range Region

-0.036

-0.028

0.015

-0.003

-0.035

0.002

0.024

0.021

-0.002

0.000

-0.001

0.003

0.122

0.165

0.030

0.032

0.055

0.004

-0.082

-0.249

-0.023

-0.006

-0.074

0.003

0.029

-0.091

0.020

0.022

-0.055

0.013

Total

-0.154

0.504

1.987

-1.397

0.939

5.3.2 Crop attribution

Table S11: Factor contributions to the change in aggregate N balance (Tg N) by crop, period-
averaged single-step decomposition. Wheat is retained as separate winter and
spring classes; all other crops are aggregated to a single class. Crops sorted by
absolute yield contribution. The S; and H factors are omitted, for the reasons
given at the start of this section. The Total row reproduces the national factor totals

for the three factors shown.

Crop AB S, ABy. ; ABNBIU Total
Corn 0.284  1.137 -1.249  0.172
Soybean 0.538 0.638 0.017 1.193
Cotton -0.046  0.104 0.011  0.069
Rice 0.015 0.042 -0.052  0.006
Winter wheat -0.092  0.032 -0.106 -0.167
Peanut -0.004  0.019 -0.012  0.003
Pea 0.007  0.007 0.007 0.021
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(continued)

Crop AB s, ABy. ; ABNBIM Total
Sorghum -0.105 -0.006 -0.048 -0.159
Potato -0.002  0.006 -0.011 -0.007
Tomato 0.008  0.004 -0.010  0.002
Sugar beet -0.002  0.004 -0.026 -0.025
Lentil 0.002  0.002 0.002  0.007
Oats -0.078 -0.001 -0.007 -0.087
Spring wheat -0.009  0.001 0.104 0.096
Sweet potato 0.000  0.000 -0.001 -0.001
Tobacco 0.000  0.000 0.000  0.000
Sunflower -0.001  0.000 -0.012 -0.013
Barley -0.011  0.000 -0.003 -0.015
Total 0.504 1.987 -1.397 1.093

5.4 Conventional NUE versus within-field efficiency

The main text reports that the apparent change in aggregate nitrogen-use efticiency (NUE) over
the study period overstates the genuine field-level efficiency gain, because a substantial part of
it is compositional rather than a change in field management. This section gives the method

and the full result.

For one crop in one county, NBI and NUE are the same measurement on different scales:
NBL;; = nj(l /NUEij — 1), one-to-one and strictly decreasing in NUE,; (Methods). The
scaling n; is what separates them once cells are combined, and it varies widely across the
panel (Table S4): more than fivefold among the grains and oilseeds, and over thirtyfold once
the high-moisture crops, reported on a fresh-weight basis, are included. Two cells at the same
NUE therefore do not leave the same surplus. At any common NUE, a kilogram of soybeans
(n; = 0.095) leaves 4.6 times the surplus of a kilogram of corn (n; = 0.012), because pro-
ducing it runs 4.6 times as much nitrogen through the field. NUE reports the conversion rate
and is silent on the throughput.
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Aggregate NUE is the harvest nitrogen removed per unit of nitrogen applied, summed over all
Cells, NUE — Z’L] NOUI,ZJ/ Z’Lj Nln,lj ertlng ¢Z] — m,z_y/ Z’Lj Nln,lj fOI‘ a Cell’s Share
of total input and nue,;; = N ;. / Ny, ;; for its own efficiency, aggregate NUE is exactly an

[y

input-weighted mean of cell efficiencies,

NUE = Z ¢, nue; ;,
j

structurally identical to the B = Zij P;;NBI,; form that underlies the balance decomposi-
tion. The same additive LMDI-I then splits the change ANUE into an intensity effect — the
composition-free change in within-cell efficiency — and a structural effect carrying only the

shift in input weights ¢, ; across crops and counties:

T T
nue’,; >
7 K3
S 4 g L(wE, %) In—2,
nue?. R 0.
1] 1] )

ANUE = > " L(vF, %) In

ij> Vij
]

intensity (within-cell) structural (composition)

with v;; = ¢,;nue,; and L(-, ) the logarithmic mean used throughout. The structural effect
is the composition the main text refers to: the part of an apparent aggregate-NUE change that
a naive analyst would book as efficiency but that reflects only which crops and regions grew.
The endpoints and cell universe are identical to the canonical period-averaged single-step de-
composition (base 1990-1994, terminal 2018-2022; finite balance, positive area). The exact
split is computed on cells present and strictly positive in both windows; the small uncovered
remainder (births, deaths, zero-output cells) is itself compositional, so the matched split is a

conservative estimate of the structural share.

Table S12 reports the result for two input definitions and, for symmetry, the same split applied

to aggregate NBI. Under the study’s full nitrogen budget (the definition used for the balance,

matching X. Zhang et al. (2015)), aggregate NUE rises over the period, but roughly a third of
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that rise is structural — composition inflates the genuine within-field gain by nearly half. The
composition effect is larger, not smaller, under the conventional farm-gate definition (synthetic
plus manure nitrogen only). There the within-cell efficiency change is actually negative, and the
entire apparent improvement is manufactured by the system’s shift toward biologically-fixing
legumes, whose near-zero applied-nitrogen denominator gives them very high farm-gate NUE.
That figure is partly artefactual, since fixation is excluded from the denominator. Applied-
only NUE is in this sense mis-specified for a legume-bearing system, and is undefined for the
legume cells that receive no synthetic or manure nitrogen (hence the slightly lower coverage).
The symmetric NBI row is shown only to make the contrast explicit and should be read with
care: treating aggregate NBI as a single output-weighted ratio forces the exclusion of all sign-
changing and net-deficit cells (the lower coverage), so it is not the composition-free NBI effect
of the decomposition. That effect — which handles signed and zero cells exactly through the
analytical-limit rule and is the paper’s actual efficiency measure — is the —1.40 Tg N reported
in the main text, compositional by construction in none of its parts.

Table S12: Decomposition of the change in aggregate efficiency into within-cell (intensity) and
compositional (structural) effects, period-averaged single-step (base 1990-1994,
terminal 2018-2022). NUE is reported for the study’s full nitrogen budget and for
the conventional farm-gate definition (synthetic + manure only). The NBI row ap-
plies the same output-weighted ratio split for symmetry; it excludes sign-changing
and net-deficit cells (note the lower coverage) and is therefore not the composition-
free NBI effect of the main decomposition. ‘Comp.’ is the structural (composi-
tional) effect and ‘Comp. %’ is that effect as a share of the within-cell + structural
total; ‘Cov.’ is the share of the base-period denominator on matched cells. Within-
cell and composition sum to the change over matched cells, which differs from the
naive A only by the contribution of births and deaths (themselves compositional).

Metric Base Term. A (naive) Within Comp. Comp.% Cells Cov.

NUE, full N budget  0.5673 0.6418 0.0745  0.0505 0.0225 31 8,425 100%
NUE, applied N only  0.8664 1.1771 0.3107 -0.1157  0.4130 139 6,244 96.8%
NBI, balance/output  0.0144  0.0114 -0.0030  -0.0027 -0.0002 6 5339 82.3%
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