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Irrigation unintentionally delivers reactive nitrogen to croplands via
nitrate-rich water, yet this input is rarely quantified and remains largely
absent from nitrogen budgets and fertilization policies. Here we compile
over 1,300 field observations and upscale them using machine learning to
quantify the nitrogen delivered throughiirrigation and map its contribution
acrossirrigated croplands for 2010-2019. While the median input was

19 kgN ha'yr?,10% of observations exceeded 100 kg N ha™ yr™’. Globally,
we estimate thatirrigation supplied 14 TgN yr™, equivalent to 13% of
synthetic fertilizers used on croplands. Important clusters appear in regions
withintensiveirrigation and high nitrogeninputs, indicating that irrigation
represents asubstantial but underused nitrogen source. Our findings
expose anoverlooked component of agricultural nitrogen budgets that
canreduce fertilizer overuse, improve nitrogen-use efficiency and promote
nitrogen circularity inirrigated croplands.

Inirrigated agriculture, water is applied intentionally, but nitrogen (N)
isdelivered unintentionally along withit. Irrigation water drawn from
groundwater and surface water sources often carries nitrate originat-
ing from leaching, runoff and other sources'. As a result, irrigation
delivers not only water but also reactive N, primarily as nitrate and
dissolved organic N (ref. 3). This ‘pump and fertilize* effect recycles
legacy nitrate accumulated over decades of inorganic and organic
fertilizer use back into cropland. Unlike fertigation, where fertilizers
aredeliberatelyinjectedintoirrigation systems, N fromirrigation water
(Nyig) Originates from pre-existing contamination in water sources,
making it a hidden but potentially considerable input.

Asirrigation volumes>® and N pollution to water bodies’ increase
to meet rising food demands, there is an ongoing increase in the

unintentional supply of N via irrigation water. The simultaneous
increase in irrigation and N pollution is especially pronounced in
intensively cultivated regions®, such as the Indo-Gangetic basin, US
High Plains or Southeast Asia, where N,;, plays animportant role in
how water and nutrients are co-managed.

Farmers who include N,,,;, in their management can better opti-
mize N inputs, saving fertilizers and improving both productivity and
profitability’. This practice also provides environmental benefits by
preventing the overapplication of synthetic fertilizers or manure'.
However, ifunmanaged, this may deplete aquifers" orincrease nitrate
leaching to groundwater®.

Despiteitsagriculturaland environmental relevance, N, remains
inconsistently considered in farm management. Some regional and
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Fig. 1| Field observations and spatial distribution of nitrogen inputs from
irrigation water. a, Field experiment observations for the Ninput fromirrigation
water (logarithmicscaled). b, N,,; dependency (ratio of the Ninput from
irrigation water to cropland Ninputs). Inaand b, boxplots show the distribution
of field observationsin each crop category. The centre line indicates the median,
thelower and upper bounds of the box indicate the 25th and 75th percentiles,
respectively, and the whiskers extend to the smallest and largest values no
further than1.5x IQR from the box bounds. Values beyond the whiskers are shown
asindividual points. If no values lie beyond 1.5x IQR, the whiskers correspond

to the minimum and maximum values. For each crop category, n denotes

the number of field observations, with each observation corresponding toa
reported crop-specific N, estimate from the compiled literature. Grey shades
ontheright side of the different facets represent the distribution of all data.
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Point size represents the respective values. ¢, Spatial variation of the averaged
Ninput fromirrigation water available in the dataset disaggregated by crops.
Inset maps correspond to the four countries according to their ISO3 code with
the highest number of observations, showing intracountry variability. Scale for
yaxes of insets indicates the observed N, ;, (kg N ha™ yr™). Other cropsinclude
permanent (grass, apples, olive and citrus) and temporary (barley, sugarcane,
sugar beet, wheat and tomato) crops. Tomato (n =45), apple orchards (n =17) and
sugar beet (n =12) were the most frequent crops in the ‘Others’ category. Country
ISO3 codes are: BFA, Burkina Faso; BGR, Bulgaria; CHN, China; ESP, Spain; IND,
India; ISR, Israel; JPN; Japan; PHL, Philippines; PRT, Portugal; USA, USA; UZB,
Uzbekistan; and VNM, Vietnam. Basemap data in ¢ from Natural Earth. Basemaps
were transformed to Eckert IV projection and are shown without Antarctica.

local advisory systems have long urged farmers to reduce fertilizer
rates in regions where irrigation nitrate concentrations are high> ™,
Yet, these recommendations are not widespread, and many farmers
remainunaware of N, as areadily available, low-cost and underused
Nsourceinirrigated croplands™.

Although some national”*%, regional'*"® and global*** estimates of
Ninig €Xist, their reliability is limited because they are not comprehen-
sivein coverage, outdated or not systematically validated against field
observations. We address this gap by using a multiscale, data-driven
approach to quantify N;,;; and assess its implications for manage-
ment and policy. We compiled 1,325 field observations of N,,,;; across

104 studies and trained arandom forests model to predict crop-specific
N, globally at 100 km? resolution for the period 2010-2019. Our
predictions are used to update cropland N budgets, identify clusters
where Ny, canstrongly reduce farmers’ fertilizer demand and support
integration into agri-environmental frameworks.

Global variation in nitrogeninputs fromirrigation
water

Inour global dataset, N, had a median of 19 kg N ha™ yr™ (interquar-
tile range (IQR) 7-47, with IQR being between 25% and 75%), with 32%
of observations below 10 and 10% exceeding 100 kg N ha™ yr™. N,
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contributed a median of 14% of total N inputs (IQR 5-33). Variation
was driven by differences in irrigation rates (median of 607 mm yr™;
IQR267-1000) and nitrate concentrations inirrigation water (median
of 17 mg NO;™ I} IQR 3-45). These patterns were consistent across
crops, with both variables showing similarly skewed distributions
(Extended Data Fig. 1).

There were also marked crop and regional differences in Ny,
(Fig. 1) Rice from South and Southeast Asia, China (primarily), India
and Vietnam had the most observations, with highirrigation volumes
but modest N,;; (Extended DataFig.1and Supplementary Figs.1and 2).
Despite this, several regions showed much higher N, suchas Japan,
where nearly 60% of the observations exceeded 100 kg N ha™ yr™. High
values also occurred in South Korea, Indonesia and Bangladesh, where
Ninig contributed up to 64% of total N inputs.

Among crops with more than 50 observations, vegetables
had both the broadest spatial coverage and the highest N,,;, val-
ues (Extended Data Fig. 1). The median N,;, was 38 kg Nha™yr™,
with 22% of the observations exceeding 100 kg N ha yr and occa-
sional values above 500 kg N ha™ yr™'. However, N,;, accounted for
asmaller fraction of total N inputs, as vegetable systems rely heavily
on synthetic fertilizers. The highest N,,;, values occurred in Central
Asia, Sub-Saharan Africa and Southeast Asia. China (n = 83) and the
USA (n=48) had the largest coverage, with 14% and 31% surpassing
100 kg N hayr, respectively.

Maize showed moderate N,,;, values, with fewer extremes thanrice
or vegetables, but higher Ny, shares in total N inputs. Observations
were mostly from the USA (n = 62), Spain and China. The US median
Nirig Was 19 kgN ha™ yr™, roughly half the median reported for Spain.

Wheat and potatoes showed similar N, patterns to maize, with
observations concentrated in Spain, the USA and China. Among
less-represented crops, sugarcane and tomatoes had particularly
highN,;, values in Latin America and China, respectively.

Fromfield observations to global implications
Ourgridded predictions of total N, ;,showed amedian of 46 kgN ha™ yr™
(IQR35-71) acrossirrigated land, with16% of the area exceeding 100 kg
N hayr? (Fig. 2a). Although arbitrary, we use 100 kgN ha™yr'asa
threshold to define potential management hotspots where irrigation
may be agronomically substantial. We identify four multicrop clusters
of hotspots (Fig. 2b) as regions of particular interest.

The most widespread cluster spanned from North Africato South
Asia (Fig.2b), coveringirrigated areas from the Nile Deltathrough West-
ern and Central Asia to India (Extended Data Fig. 2). A second cluster
wasidentified in rice paddies across most of Southeastern Asia. A third
cluster covered Eastern Chinaand Japan for rice, maize and vegetables.
Thefourth clusterincludedirrigated areas inthe central and eastern US
Great Plainsregion, primarily for crops such as maize, vegetables and
wheat. Smaller clusters were also identified in Southern Europe (veg-
etables, maize and wheat), Southeast Brazil and Uruguay (sugarcane,
maize and vegetables) and in parts of the Northern Andes (sugarcane
in Colombia and Ecuador). Other crops, such as soybeans, cotton and
potatoes, showed asimilar spatial variation (Supplementary Figs. 3-7).
Thearea of applicability, based on our training data, covered 95 + 1% of
irrigated crop areas (Extended Data Fig. 3).

We next assessed the global implications and regional impor-
tance by estimating the total N,,,;, for each crop as the product of
irrigated areas in hectares and the N,,;, per hectare (Fig. 3a). Glob-
ally, N, amounted to 13.8 Tg N yr™ over 260 million ha of irrigated
land. Together, rice (36%), wheat (23%) and maize (11%) accounted for
70% of the total contribution, each receiving about 50 kg N ha™ yr™.
Other crops had a much lower contribution, but with strong
regional variations.

Regional totals varied markedly, with Eastern Asia (32%), South-
ern Asia (30%) and Southeastern Asia (10%) accounting for more than
three-quarters of the global N, ;.. Central Asia contributed 0.8 TgN yr™,

whichiscomparable to North Americaand Latin America and slightly
more than North Africa (0.5 TgN yr™). All remaining regions amounted
to less than 8% of the global total.

Regional differences also extended to crop-specific N, patterns
(Extended Data Fig. 4). Rice had the largest share of N,,;; in South-
eastern Asia (84% of N,;,) and the highest contribution of any crop
in Eastern Asia (1.8 Tg N yr™). It also accounted for 28-55% of regional
Ni.rig in Sub-Saharan Africa, Southern Asia and Latin America. Wheat
contributed the most in Southern Asia (1.5 TgN yr™) and had the high-
estrelative contributionin Central and Western Asiaand North Africa.
Maize was the main contributor in North America (35%) andin Southern
and Western Europe. Other crops, such as sugarcane and cotton, were
alsoimportantin Oceania and Africa and Central Asia, respectively.

At the national level (Fig. 3b), China totalled the highest N,
supplying twice as much as India and four times more than Pakistan
(4.2TgNyr'versus 2.2 TgNyr'and 1.1 Tg N yr™, respectively). Aside
from the USA (0.8 Tg N yr?), substantial contributions were mainly
Egypt,Iran, Indonesiaand Vietnam. Sub-Saharan Africanand European
countries had very low total N, (0.004 + 0.008 Tg N yr™), driven
by smaller irrigated areas rather than low N,;; intensity (Fig. 3 and
Supplementary Fig. 8). Countries in both regions had a median Ny,
around47kgNha™yr™.

Importance of irrigationin cropland nitrogen
inputs

We estimate that irrigation water contributes nearly 14 Tg N yr™to
global croplands, equivalent to13% of global synthetic fertilizer usage
(Fig.4).This considerable amount of N must not be neglected inglobal
representations of N flows at the agrofood system scale. Thisamountis
similar to the total ammonia volatilized®” and deposited onto cropland®
andtheNembodied ininternational trade*. Including N, in fertilizer
recommendations would lower synthetic fertilizer requirements in
many irrigated systems, improving N-use efficiency. The magnitude
of the associated benefits would, however, differ regionally since this
depends on local water quality, existing recommendation practices
and the extent to which Ny, is already included.

We further assessed how N, affects the dependency on syn-
thetic fertilizers using fertilizer dependency (FD), an indicator that
measures the reliance on external N applied by farmers®. At the global
scale, FD is presently estimated at 75%. When N,,;, is considered a
recovered N source and an equivalent portion of synthetic fertilizers
is adjusted, global FD decreases to 67%. Reduction of fertilizers can
represent less Ny, in the medium term and optimal fertilization will
require re-estimation.

Our results confirm that this ‘hidden’ input is not only agricultur-
ally relevant but also capable of reshaping N budgets. This directly
affectsfertilization strategies and agri-environmental policies because
Niiig influences total N inputs, the risk of environmental losses and
cycling processes’.

When considered in the calculations of total N inputs to crops
inirrigated systems (Fig. 1), N, exceeded synthetic fertilizers con-
tributions in almost a quarter of all observations. Its magnitude var-
ied by crops, reflecting differences in irrigation and N management.
Although N, rises with both irrigation N inputs, it increases sharply
onceNinputs exceed around 250 kg N ha yr'andirrigation surpasses
1,000 mm yr (Supplementary Fig. 8). Total N inputs consistently had
astronger effect on N, than irrigation across all crops, particularly
inrice and vegetables (Supplementary Figs. 9 and 10). Differences in
irrigation technology may also influence irrigation volumes® and there-
fore N, although these effects were not included in our approach.
Niiigis highestin high-inputirrigated systems, afield-level pattern that
alsoemerges in the global predictions.

Our predictions show that N, clusters coincide with major
agricultural production zones (Fig. 3) already recognized for high N
surpluses”. However, the dominant drivers of N, vary regionally.
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Fig. 2| Nitrogen inputs fromirrigation water are concentrated in global
hotspots. a, Spatial variation of the total N, for the period 2010-2019 at

100 km?resolution, although the predictions shown were averaged to 400 km?
for clearer visualization. Clusters marked 1-4 are shown inb. b, Zoomed regional
clusters (regions of interest, where N, ;, consistently exceeds 100 kg N ha™ yr™)

for the mainirrigated crops at 100 km? resolution. All panels share the same
colourscale. Grey areas indicate non-irrigated land in each geographical extent.
Individual crop-specific N, are available in Supplementary Figs. 3-7. Basemap
datainbfrom Natural Earth. Basemaps were transformed to Eckert IV projection
and are shown without Antarctica.

In drier regions, such as Southern Europe and California, high N,
contributions are primarily driven by irrigation rates. In temperate
regions such as Western Europe, N,,,;; is more strongly influenced by
N inputs. In other regions, such as the Nile delta and Pakistan, both
highirrigationdemandand Ninputs drive N,;, (Extended DataFig. 5).

These clusters do not automatically translate into large national
contributions. This is because total N,;, is driven more by irrigated
areathanby per hectare N,  intensity (Supplementary Figs. 11and 12).
This creates a scale discrepancy, where N,,;, can be agronomically
importantinirrigated areas but remain negligible in national Nbudgets
when irrigation covers only a small share of cropland. For example,
in Sub-Saharan Africa, N,;, contributes little to national N budgets
because only 5% of croplands are irrigated, while still showing local
areas with high N,,;; contributions (Fig. 2). This illustrates that small
irrigated areas canstill serve as meaningful management hotspots even
iftheir national influence is small. Omitting N, can also bias national
Nindicators, leading to overestimation of cropland N-use efficiencyin
countries with high N,.;, dependency (Extended Data Fig. 6).

Despite this spatial heterogeneity, our national-scale pre-
dictions of N, show strong agreement with external datasets'**’

(Supplementary Figs.13 and 14 and Supplementary Table 1). To support
theintegration of N, into Nbudgets at different scales, we propose a
tiered estimation flowchart (Extended Data Fig. 7). This offers a practi-
calmethodology for estimating N,;,;inboth data-poor areasand areas
with high-resolution monitoring. Our estimations offer a reasonable
starting point for national to global N budgets.

Ourfindingsimply that N,,, needs to beintegrated N,;,into plan-
etary boundary frameworks®, thereby refining regional thresholds of
critical Ninputs. Where N,,;, contributes substantially to total Nsupply,
the critical thresholds for those inputs may be lower than previously
estimated”. Irrigation also affects the risk of exceeding the acceptable
N limits for ground and surface waters, particularly where runoff and
leaching are amplified by inefficient irrigation practices and legacy
nitrate. Addressing these challenges requires agronomic know-how with
coordinated policy efforts that bridge nutrient and water governance.

Policy and managementimplications

Translating evidence on N,,,;, into practice remains challenging,
even if its relevance is recognized. Some countries, such as Spain
and Portugal”, already include N, in fertilization guidelines, but
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Fig. 3| Nitrogen inputs from irrigation water strongly vary amongregions and
countries. a, Global and regional contributions of N,,,;, for all crops.

b, Total N, contribution at the national level for the average conditions during
2010-2019. Global and regional totals include both cells inside and outside the
area of applicability. Other crops refer to beans, soybeans, chickpeas, cotton,
groundnuts, rapeseed, sugar beet and sunflower. In this group, cotton s the
largest contributor globally (1.1 Tg N yr™), mainly from Eastern Asia (0.4), Central
Asia (0.3), Southern Asia (0.3) and Northern America (0.10). Other regionally

important contributions included soybeans in Northern America (0.2) and
Eastern Asia (0.1), rapeseed in Southern Asia (0.1), groundnuts in Eastern

Asia (0.1) and Northern Africa (0.03) and sugar beet in Northern Africa (0.02)
and Western Europe (0.01). Regional aggregations follow the United Nations
subregion classification, with Latin America including Central/South America
and the Caribbean. Basemap data inb from Natural Earth. Basemaps were
transformed to Eckert IV projection and are shown without Antarctica.

implementation remainsinconsistent elsewhere. InIndia, forexample,
policy-makers have identified the lack of N concentration measure-
ments®® as a barrier to including N, in fertilization guidelines. Simi-
lar data gaps contribute to N, being largely absent from global and
national N budgets, in which N,;, is often overshadowed by synthetic
fertilizers and manure inputs®.

Unlike synthetic fertilizers, which farmers apply in known
amounts, Ny, is highly variable and more difficult to quantify. This
variability makes it difficult to distinguish newly introduced N from
legacy nitrate recirculated through irrigation after decades of ferti-
lizer accumulation”. However, since current fertilization guidelines
already account for uncertain inputs (for example, soil N supply),

including N,,;, would represent a similar adjustment rather than a
fundamental change.

N,.1ig Fepresents anew opportunity forimproving N management
without creating new policy structures. It fits well with existing regula-
tions, such asthe EU Farmto Fork strategy, which aims toreduce FD and
promote nutrient circularity, and the US Clean Water Act, which pro-
motes the re-use of treated effluents for irrigation®’. N, ;, also comple-
ments policy instruments that use Nbudgeting by improving estimates
of total N inputs across scales®, preventing the underestimation of N
pollution and the overestimation of N-use efficiency'.

Operationalizing N,,;, in policy frameworks requires overcom-
ing technical, social and institutional barriers. A primary challenge
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(GRAFS) in 2013, expressed in N flows between main system compartments.
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is the limited awareness among farmers, particularly their risk per-
ception and willingness to adopt new practices. This also extends to
water managers and agricultural extension services, who may not
fully acknowledge the dual role of irrigation as both a water and N
input. The connection between N and water managementinirrigated
systems remains weak®*, even though irrigation can alter river flows
and groundwater levels, impacting nitrate transport and affecting
water quality®. Seasonal variation in nitrate concentrations further
complicates management’.

Socialand financial barriers also limitadoption, particularly where
irrigation infrastructure is underdeveloped and nitrate monitoring
toolsarelacking. Thisis of specialimportance not only to agriculture,
but also to public health, because nitrate concentration in drinking
water is linked to an increased cancer risk*. Investing in monitoring
technologies may require upfrontinvestment and regular maintenance
costs, butover time these tools can be more cost-effective thanrelying
on additional fertilizer inputs.

Addressing these barriers will require both incentives and regu-
latory mechanisms. Digital tools, such as satellite-based irrigation
monitoring and farmer self-reporting platforms, could support policy
compliance while minimizing administrative burdens. These platforms
can facilitate the use of simple, low-cost tools to monitor nitrate con-
centrationsinirrigation water. Their widespread adoption can gener-
ate valuable large-scale datasets, especially in regions with limited
monitoring infrastructure. Publicinstitutions could subsidize nitrate
measurements and Ny, estimates, providing the data required to
adjust fertilization rates (Supplementary Fig. 15). Funding of training
programmes through extension services can build farmer capacity to
measure, interpret and act according to nitrate data. Demonstration
projects havealready shownthat N,,;,, can be used as efficiently as syn-
thetic fertilizers”, helping to shift farmers’ perceptions and encourage
abroaderadoption.

Recognizingirrigation water asan N input reframes how water and
Nare co-managed in agriculture, supporting efforts toreduce FD and
enhance nitrogen circularity.

Methods

Data collection

We developed a global dataset of N,,;, by systematically reviewing
the existing scientific literature from the Web of Science database,
conforming to the PRISMA guidelines (Supplementary Fig. 16). Our
bibliometric query targeted studies focused on N balances from irri-
gated agricultural systems using the keywords ‘N’ and (‘balance’ or

‘budget’) and (‘irrigated’ or ‘irrigation’). We did not impose any time
or croprestrictionsto better assess the full extent of research focused
on Ny;.. Our requirements were that (1) Ny, irrigation rates and total
Ninputs (N,,,,s) had to be reported and (2) publications focused only
onfield experiments or at the farm level.

The initial dataset contained over 1,700 publications, but only
102 (n =802 observations) conformed to our requirements after man-
ual inspection. Three external datasets were added to the data pool
(n=523):thefirst contained observations of several crops across Spain
(n=167), the second reported maize in Nebraska (n =34) and the last
one (n =320) contained observations for rice across South Asia and
Southeastern Asia. This totalled 1,325 observations from 105 individual
sources. We populated the dataset with key information, such as coordi-
nates, country, year and crop. We prioritized crop-specific studies, but
wealso collated dataifthe values were aggregated at crop-rotationlevel.
Where available, we extracted data concerning nitrate concentrationin
irrigation water, irrigation water sources and irrigation systems. Those
datawere not used for the upscaling approach (see ‘Upscaling the nitro-
geninputsfromirrigation water’) since global gridded products are not
available. All data were aggregated to yearly values if provided at daily
ormonthly timesteps according to growing season or irrigation period.

Upscaling the nitrogen inputs from irrigation water

We spatially upscaled crop-specific N,;, from field experiments to
a gridded resolution of 100 km? for the average conditions during
2010-2019 using arandom forests model. The primary crops, chosen
according to their relevance in our dataset (Supplementary Fig. 1),
but also in global food production, were maize, rice, vegetables, sug-
arcane, potato, wheatand barley*. The secondary crops, less covered
in our dataset, were beans, chickpeas, cotton, groundnuts, rapeseed,
soybeans, sugar beet and sunflower.

We compiled a georeferenced dataset with predictors that may
drive N, from groundwater and surface waters (irrigation channels
and rivers). No global high-resolution map of nitrate concentration
in groundwater and surface water exists, so we used total cropland N
inputs® asa proxy for both the potential losses to these water sources
and management intensity. Note this concerns total cropland, and not
itsirrigated fraction, since those data are not available. We derived
average crop-specific irrigation rates for the period 2010-2019*,
estimated at 100 km?. Other covariates, such as population density
and pedoclimatic conditions, areidentified in Supplementary Table 2.
We extracted information fromthe spatial covariates by averaging the
values around a 5-kmbuffer within the coordinates of the observations.

The random forests model was trained and tuned on the basis of
N,igObservations and geospatial covariates. Because the observations
were highly clustered, we used different cross-validation strategies
(Supplementary Methods and Supplementary Figs.17-19) to balance
performance and the maximization of the predictive geographical
domain. The most pertinent strategy was the spatial stratification of
the observations according to experimental sites. The cross-validated
hyper-tuned model obtained a weighted performance with an R? of
0.38andaroot mean square error of 73 kgN ha yr™'. The performance
was slightly better than spatial cross-validation and about half and a
third of the performance achieved by random tenfold cross-validation
andthetypical partitioninto training (70%) and testing (30%) subsets,
respectively. We provide acomparison across sampling strategies con-
cerningthetotalarea of applicability and N,.;, (Supplementary Figs. 20
and 21), butalso with different crop maps (Supplementary Figs.22-26).

We addressed the constraints concerning spatial clusteringin our
dataset by using the concept of ‘area of applicability™*' (AOA). We calcu-
lated the AOA for each crop on the basis of the variable importance of
the hyper-tuned model, along with adissimilarity threshold defined by
the training data*’. The dissimilarity index, ameasure of the distances
to the training data in the multidimensional predictor variable space,
was also computed. To enhance the transparency of regions not well

Nature Sustainability


http://www.nature.com/natsustain

Article

https://doi.org/10.1038/s41893-026-01930-8

covered, we predicted the N,;; inside and outside the AOA. Predictions
and AOA were masked according to cropirrigated areas (=5 ha per grid
cell) from MapSPAM for 2020*.

Cropland nitrogen indicators

We contextualize theimportance of N, by including itin one impor-
tant performanceindicator, the N,,;,; dependency or FD, depending on
thefocus. N,;, dependency (%Ny,,,) was estimated as the ratio of Ny,
andtotal Ninputs,and FD (%N,,,,.) as theratio of syntheticand totalN
inputs. Apart from Ny, the included inputs are synthetic fertilizers,
manure application, biological N fixation from grain legumes and
atmospheric deposition.

We analysed the impact of N, in both field observations and
gridded predictions, butalso at the national levels*>. We independently
estimated gridded cropland N inputs (Supplementary Information),
whereas for regional scales we sourced those data from elsewhere®.
Forthefield observations, the Ninputs depended onthereported data
and therefore varied on a crop basis and study basis.

Limitations

Our predictions share common limitations from global data-driven
studies, affecting both model accuracy and generalizability. First, we
acknowledge the biases towards regions with a larger emphasis on
irrigation practices and environmental concern with N management
thatare sufficiently socioeconomically developed to enable the man-
agement of field trials. Regions such as Latin America, Sub-Saharan
Africa and Southeastern Asia are under-represented (Fig. 1b). Since
the predictions in these regions were performed beyond the training
data, the errors were amplified as the dissimilarity index increased
(Supplementary Fig.27). Furthermore, the lack of generalization from
the cross-validated dataset probably stems from not explicitly includ-
ingindividual crops in the model as a result of data limitations.

Second, our predictions are subject to both underestimations and
overestimations. Underestimations probably result from the exclu-
sion of irrigated permanent crops (for example, olives and citrus)
because of data limitations, as these commonly receive more than
100 kg N hayr ™ viairrigation'®. Overestimations may occur in the
absence of well-defined system boundaries, because nitrate can be
recirculated viairrigation, leading toadouble accountingin Nbudgets,
asis the case with atmospheric N deposition**.

Third, the magnitude of N,;; in our gridded predictions depends
on nitrate observations measured in the field experiments. We are
unable to provide quality checks of the mainirrigation source driving
Ny in the gridded maps because global maps of nitrate concentra-
tion in groundwater and surface water are not available. As a worka-
round, we used total Ninputsin cropland as a proxy for water-quality
contamination, but these are guesstimates. It is likely that the avail-
ability of spatially explicit nitrate concentrations in irrigation water
sources would greatly improve the accuracy and applicability of our
model. We nonetheless provide both acomparison with external data
sources and a plausibility assessment of our estimates, particularly
of the associated nitrate concentrations (Supplementary Results,
Supplementary Figs. 28 and 29 and Supplementary Table 1).

Finally, there are other uncertainties related to theirrigated crop
maps used to mask the predictions, because considerable differences
exist with other crop maps (Supplementary Figs. 22-26) and crop
irrigation water use. These uncertainties were propagated to the grid-
ded maps because cropland N inputs and irrigation were the most
important predictors (Supplementary Fig.18), trained with measured
datain the field experiments. Additionally, we also tested the effect
of adding crop-specific N fertilizer rates* as a predictor, but this did
not improve performance under the same site-level cross-validation
strategy (Supplementary Table 3). Our modelling approach will bring
benefit once new field measurement data are available, as well as more
accurate spatial predictors.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Theglobal gridded datasets of N,;, generated here, as well as national
aggregations, are available via figshare at https://doi.org/10.6084/
m9.figshare.29470148 (ref. 45). The underlying dataset, final machine
learning model and training data are also available in the same reposi-
tory. Source data are provided with this paper.

Code availability

ThemachinelearningR pipeline and the scripts used to create Figs.1-3
are available via figshare at https://doi.org/10.6084/m9.figshare.
29470148 (ref. 45).
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a Hotspots using 100 kg N ha 'yr™'

b
Cumulative hotspots per crops (n=7)
PN N B E
Extended Data Fig. 2| Identification of hotspots for the predicted sugarcane). Please note that the spatial distribution was aggregated to 50 km x
N,.ig for 2010-2019 above a threshold of (a) 100 kg Nha™yr™ (b) and 50 km, using the average, to enhance visualisation. Basemap data from Natural
50 kg Nha™yr™. Thelongitudinal and latitudinal variation is also displayed for Earth. Basemaps were transformed to Eckert IV projection and are shown
each cumulative hotspot count. Dark grey reflects non-hotspots cells. Only the without Antarctica.

main crops are here included (maize, rice, vegetables, wheat, barley, potato and
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Extended Data Fig. 3| Area of applicability of the gridded NIrrig predictions.  ofirrigated crop areas outside AOA. Only the main crops are here included
(a) Crop-specific area distinguished by area of applicability (maize, rice, vegetables, wheat, barley, sugarcane and potato). Basemap datain
(AOA) from the hyper-tuned random forest model: inside and outside AOA. afrom Natural Earth. Basemaps were transformed to Eckert IV projection and
Crop maps here were aggregated to 50 km x 50 km by summing all the areas at are shown without Antarctica.

10 km x 10 km, to enhance visibility. (b) Regional variation of the fraction
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predictions of NIrrig across grid cells within each region. The centre line indicates  values. For each boxplot, n denotes the number of crop-specific100 km2 grid
the median, the lower and upper bounds of the box indicate the 25th and cellswithirrigated harvested area used to derive the distribution. Regions follow

75th percentiles, respectively, and the whiskers extend to the smallest and largest ~ the United Nations sub-region classification.
values no further than 1.5 x the interquartile range from the box bounds. Values
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a Total nitrogen inputs to cropland

kg N ha_1yr_1

300
167
94

Irrigation (%)

<50 250
N inputs (%)

Extended Data Fig. 5| Regional drivers of the predicted NIrrig. Spatial quantile
maps for (a) total Ninputs in cropland, (b) total irrigation rates for the averaged
conditions during the period 2010-2019 at 100 km2. (c) Spatial variation of
regions where both irrigation and N inputs are relative to their median (50th).
Total inputs to cropland concern manure, synthetic fertilisers, biological fixation

and atmospheric deposition. Total irrigation amounts were calculated by
multiplying cropirrigation rates with irrigated areas for each crop, and their sum.
Spatial maps resolution was aggregated from 100 km2 to 400 km2 to enhance
visibility. Basemap data from Natural Earth. Basemaps were transformed to
Eckert IV projection and are shown without Antarctica.
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Extended Data Fig. 6 | Effects of NIrrig on national indicators. (a) NIrrig the difference of NUE with and without Nirrig. Both indicators were defined at the
dependency for cropland, defined as the ratio of NIrrig and total cropland N national level. Basemap datain cfrom Natural Earth. Basemaps were transformed
inputs. (b) Impact ofincluding Nirrig on the cropland N Use Efficiency (NUE) as to Eckert IV projection and are shown without Antarctica.
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Extended Data Fig. 7| Decision tree to estimate the nitrogen input viairrigation water using a tiered approach. Additional information for the estimations of

Tier1and 2 (for example, data sources) are provided in Data Availability.
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