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Abstract. Crop-specific dataset on nitrogen (N) inputs from synthetic fertilizer and manure are critical for
assessing crop productivity, nutrient use efficiency, and environmental impacts, as crops differ substantially in
their N demands and utilization. However, existing datasets remain limited in their simultaneous coverage of crop-
group specificity, spatial resolution, long-term temporal coverage, and fertilizer-form differentiation. These
limitations have constrained comprehensive global and regional assessments of crop-specific greenhouse gas
emissions, N use efficiency, N budgets, and agrifood-system resilience. Based upon the History of Anthropogenic
Nitrogen Inputs (HaNi) data infrastructure (Tian et al., 2022), we present HaNi-Crop, a harmonized global dataset
of crop-specific N inputs from synthetic fertilizer and manure for 21 major crop groups at a spatial resolution of
0.1° x 0.1°, spanning the period of 1961-2023. This dataset integrates national and sub-national fertilizer and
manure statistics, crop harvested-area maps, fertilizer product information, and spatial allocation procedures to
generate annual gridded estimates of crop-specific N application rates differentiated by NH4"*-N and NO3-N
forms. Globally, synthetic fertilizer N inputs to cropland increased sharply from 11 Tg N yr! in the early 1960s
to more than 100 Tg N yr'! by 2023, while manure N inputs increased from 14 to 23 Tg N yr''. Throughout 1961-
2023, three major cereal crops—wheat, maize, and rice, consistently accounted for approximately half of global
synthetic fertilizer N inputs. Among N fertilizer forms, NH4"-N inputs increased from 8 to nearly 90 Tg N yr™!,
while the inputs for NO5-N fertilizers only increased from 3 to about 12 Tg N yr'!. Overall, the HaNi-Crop dataset
provides a critical foundation for crop-specific greenhouse gas accounting, Earth system and agroecosystem
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modeling, and N budget analyses to enhance food security, environmental sustainability, and climate mitigation.
The dataset is publicly available at https://doi.org/10.5281/zenodo.21364978 (Hao et al., 2026).

1 Introduction

Nitrogen (N) is an essential nutrient for crop growth, and large-scale use of synthetic N fertilizers following the
development of the Haber-Bosch process has fundamentally transformed global crop production (Erisman et al.,
2008; Foley et al., 2011; Galloway & Cowling, 2021). Over the past six decades, global agricultural N inputs from
synthetic fertilizers and manure have increased dramatically, contributing substantially to global food security for
a growing world population (Frink et al., 1999; Bouwman et al., 2013; Tian et al., 2022; FAO, 2025d). However,
the overuse of N fertilizer also intensifies perturbations to the global N cycle and generates widespread
environmental impacts, such as greenhouse gas emissions, water and air pollution, soil acidification, and
biodiversity loss (Matson et al., 1997; Tian et al., 2016; de Vries, 2021; FAO, 2025¢). Because different crop

species have distinct N demands and utilization characteristics, the application rate and form of N inputs vary

substantially among crops, production regions, and management practices (Shcherbak et al., 2014; Xu et al., 2024).

These differences in fertilizer N management lead to large spatial and temporal heterogeneity in agricultural N
cycling and N losses (Wang et al., 2024). For example, crop-specific N management substantially influences crop
yield and N use efficiency (NUE), as well as N losses of nitrous oxide (N>O), ammonia (NH3), and nitrous acid
(HONO) losses to the environment (Uwizeye et al., 2020; Gong et al., 2024; FAO, 2025b). Therefore, there is an
urgent need to develop a spatially explicit, global crop-specific N inputs dataset that accounts for both synthetic
fertilizer and manure application, to support more robust crop-specific assessments of crop yield, N budgets, and
greenhouse gas emissions at regional and global scales (Galloway et al., 2008; L. Liu et al., 2022). Long-term
crop-specific N datasets are also increasingly needed by Earth system models and agroecosystem models to
support historical greenhouse gas inventories and nutrient interaction assessments at the global scale (Gu et al.,
2023).

The Food and Agriculture Organization of the United Nations (FAO) and the International Fertilizer Association
(IFA) have regularly compiled national fertilizer statistics and cropland nutrient budgets since 1961 (FAO, 2025a;
Ludemann et al., 2022, 2024). Several studies have attempted to spatially allocate these national statistics using
crop distribution maps and empirical allocation approaches. Tian et al. (2022) developed gridded estimates of
historical anthropogenic N inputs to cropland, while Mueller et al. (2012) and West et al. (2014) produced crop-

specific fertilizer and manure datasets for circa 2000. Nishina et al. (2017) further distinguished fertilizer N into
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71 NH4" and NOj™ forms at the global scale, with Adalibieke et al. (2023) extending the specific N inputs to include
72 fertilization placement and type. More recently, CROPGRIDS (Tang et al., 2024) and NPKGRIDS (Nguyen et
73 al., 2024) have updated high-resolution global datasets of crop harvested area and crop-specific fertilizer
74 application rates to circa 2020. Despite these advances, important data gaps remain, including: short temporal
75 coverage, coarse crop-specific harvest distribution, incomplete representation of manure applications, and lack of
76 harmonization across data sources with fertilizer chemical forms (Thomas et al., 2015). Furthermore, few datasets
77 provide annually resolved, harmonized global maps of crop-specific N inputs spanning the post-1960 period of

78 rapid agricultural intensification.

79 To address these limitations, we developed HaNi-Crop, a harmonized and gridded global dataset of crop-specific
80 N inputs from synthetic fertilizer and manure for 21 major crop groups at 0.1° x 0.1° spatial resolution, spanning
81 1961-2023. Building upon the History of Anthropogenic Nitrogen Inputs (HaNi) framework (Tian et al., 2022),
82 this crop-specific N inputs dataset integrates national and sub-national fertilizer and manure statistics, crop
83 harvested-area maps, fertilizer product information, and spatial allocation procedures to produce annual gridded
84 estimates of N application amounts and rates. In addition, synthetic fertilizer N is partitioned into NH4" and NOs
85 forms to better support assessments of crop-specific N cycling and associated environmental impacts (Houlton et
86 al., 2007). The HaNi-Crop dataset is primarily intended to support regional and global applications, including
87 Earth system modeling, agricultural N budgeting, N use efficiency assessments, and greenhouse gas emission
88 analyses (Erisman et al., 2008; Friedlingstein et al., 2025). By providing long-term, spatially explicit, and crop-
89 resolved representations of agricultural N inputs, this dataset can improve understanding of the evolution and
90 spatial heterogeneity of cropland N management and its implications for food production, environmental quality,

91 and climate change mitigation (Jigermeyr et al., 2021; Tian et al., 2024).

92 2 Materials and methods

93 Our workflow follows the overall data processing framework, which integrates multiple datasets and analytical
94 steps to generate consistent, long-term, and spatially explicit estimates of crop-specific N inputs (Fig. 1). The
95 framework encompasses data harmonization, temporal interpolation, spatial allocation, and consistency

96 adjustment with national statistics. The synthetic fertilizer inputs were further classified into NH4*-N and NO5™-N
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97 forms to support subsequent analysis of form-specific N inputs. The following sections describe in detail the
98 procedures for constructing annual gridded maps of crop-specific N inputs from synthetic fertilizer and manure.
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99 Figure 1. Workflow of the development of crop-specific N and manure dataset.
100 2.1 Data Sources
101 The crop-specific N dataset was reconstructed by integrating multiple global and regional data sources, and the
102 key datasets are summarized in Table 1, including country-level fertilizer use statistics, crop distribution maps,
103 and regional grid boundary data for synthetic fertilizer and manure application rates. To ensure consistency with
104 FAO-reported national N fertilizer statistics, FAO crop items were harmonized into 21 representative crop groups
105 throughout this study: barley, cassava, cotton, groundnuts, maize, millet, oil palm fruit, potatoes, pulses, rapeseed,
106 rice, rye, sorghum, soybean, sugarbeets, sugarcane, sunflower, wheat, fruits, vegetables, and others in Table 2.
107
108
109
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;. Spatial
Data Description Resolution Reference
Country-level cropland N fertilizer by product and manure
inputs from 1961 to 2023 Country Level FAOSTAT (2025a)
Specific-crop harvest area from 1961 to 2023 Country Level FAOSTAT (2024)

The Global Administrative Unit Layers (GAUL)

Prefectural Level

Franceschini et al. (2025)

NPKGRIDS crop-specific N application rates at circa 2020 0.05 degree Nguyen et al. (2024)
CROPGRIDS crop-specific harvest area at circa 2020 0.05 degree Tang et al. (2024)
HYDES3 .4 historical cropland area from 1961 to 2023 S-arc-min Klein Goldewijk et al. (2017)

HYDE3 .4 historical population from 1961 to 2023 S-arc-min Klein Goldewijk et al. (2017)
Global cropping intensity dataset from 2001 to 2019 250m Liu et al. (2021)
Sub-national N application amount from 1961 to 2020 S-arc-min Adalibieke et al. (2023)
MREF global gridded crop harvested area at circa 2000 5-arc-min Monfreda et al. (2008)
FUBC N fertilizer application rates from 1978 to 2019 Country Level Ludemann et al. (2022)
SPAM crop-specific harvest area and yield 2000, 2005, 2010, S_arc-min Yu et al. (2020)
and 2020
NH4" and NOs™ application rates from 1961 to 2010 Country Level Nishina et al. (2017)
Crop-specific N fertilizer application rates at circa 2000 S-arc-min Mueller et al. (2012)
Crop-specific manure application rates at circa 2000 S-arc-min West et al. (2014)
The Gridded Livestock of the World (GLW) for 2010, 2015, S_are-min Gilbert et al. (2018)
and 2020
Rates of N application to cropland from 1961 to 2009 Country Level Lassaletta et al. (2014)
Global area equipped for irrigation from 1961 to 2023 S-arc-min Mehta et al. (2024)
Gridded global dataset for GDP from 1990 to 2022 30 arc-sec Kummu et al. (2025)
Country-level GDP from 1961 to 2023 Country Level World Bank Open Data
DEFRA; EUROSTAT,
National N budget from 2000 to 2020 Country Level USDA; SIDRA; Australian

Bureau of Statistics; NBS of

China

111
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112 These 21 crop groups were selected to balance crop-level specificity with data availability and to remain consistent
113 with the FAO crop classifications used in national harvested-area and fertilizer-use statistics by FAOSTAT for
114 1961-2023 (FAO, 2025a). Because national fertilizer and manure input statistics are not always reported
115 separately for cropland and pasture, we partitioned national total N inputs using cropland-pasture allocation rates
116 from previous studies and updated FAOSTAT cropland nutrient balance data. Specifically, we first adopted the
117 cropland-pasture allocation ratios reported in Lassaletta et al. (2014) and then updated these ratios where country-
118 specific information was available from Ludemann et al. (2024). For countries lacking updated cropland-pasture
119 partitioning information after 2009, we retained the 2009 relative application intensity between cropland and
120 pasture and recalculated annual allocation fractions using annual cropland and pasture areas. This approach allows
121 post-2009 changes in cropland and pasture areas to influence the allocation ratios of national N inputs, while
122 preserving the relative application intensity between cropland and pasture inferred from the most recent available
123 partitioning data. Corresponding crop harvest area basemaps were derived from the Crop Atlas of Agricultural
124 Map (CropAtlas) to align fertilizer inputs and crop distributions at the same spatial resolution. These harmonized
125 datasets together formed the foundational data sources for downscaling N inputs to specific crop types and gridded
126 spatial units. To validate the crop-specific fertilizer application rates, we compared them with national survey data

127 from the fertilizer use by crop database (FUBC), covering more than 60 countries (Ludemann et al., 2022).
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128 2.2 The construction of the Crop Specific Harvest Area

129 Table 2. Crop types considered for N fertilizer and manure use rate in this study

Crop class Classification Item Code (FAO)
Wheat Cereals Wheat (15)
Maize Cereals Maize, corn (56)
Soybean Legume Soya beans (236)
Rice Cereals Rice (27)
Cotton Cash crops Seed cotton, unginned (328)
Barley Cereals Barley (44)
Millet Cereals Millet (79)
Rye Cereals Rye (71)
Sorghum Cereals Sorghum (83)
Rapeseed Oil crops Rapeseed (270)
Oil Palm Fruit Oil crops Oil palm fruit (254)
Cassava Root & Tuber Cassava, fresh (125)
Potatoes Root & Tuber Potatoes (116)
Sugar Beets Root & Tuber Sugar beet (157)
Sugarcane Cash crops Sugar cane (156)
Groundnuts Legume Groundnuts, excluding shelled (242)
Sunflower Oil crops Sunflower seed (267)
Beans, dry (176), Broad beans and horse beans, dry (181), Peas, dry (187), Chick peas, dry
Pulses Legume (191), Cow peas, dry (195), Pigeon peas, dry (197), Lentils, dry (201), Bambara beans, dry

(203), Vetches (205), Lupins (210), Other pulses n.e.c. (211)

Cabbages (358), Artichokes (366), Asparagus (367), Lettuce and chicory (372), Spinach
(373), Cassava leaves (378), Tomatoes (388), Cauliflowers and broccoli (393), Pumpkins,
squash and gourds (394), Cucumber and gherkins (397), Eggplants (399), Chillies and
Vegetables Horticultural peppers, green (401), Onion and shallots, green (402), Onion and shallot, dry (403), Green
garlic (406), Leeks and alliaceous (407), Other beans, green (414), Peas, green (417), Broad
beans and horse beans, green (420), String beans (423), Carrots and turnips (426), Okra

(430), Green corn (446), Other vegetables fresh n.e.c. (463)

Locust beans, carobs (461), Bananas (486), Plantains (489), Oranges (490), Tangerines,
mandarins, clementines (495), Lemons and limes (497), Pomelos and grapefruits (507), Other

Fruits Horticultural

citrus n.e.c. (512), Apples (515), Pears (521), Quinces (523), Apricots (526), Sour cherries

(530), Cherries (531), Peaches and nectarines (534), Plums and sloes (536), Other stone fruits

n.e.c. (541), Other pome fruits n.e.c. (542), Strawberries (544), Raspberries (547),

Gooseberries (549), Currants (550), Blueberries (552), Cranberries (554), Other berries and
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fruits of the genus vaccinium n.e.c. (558), Grapes (560), Watermelons (567), Cantaloupes

and other melons (568), Figs (569), Mangoes, guavas and mangosteens (571), Avocados

(572), Pineapples (574), Dates (577), Persimmons (587), Cashewapple (591), Kiwi fruits
(592), Papayas (600), Other tropical fruits n.e.c. (603), Other fruits n.e.c. (619)

Oats (75), Buckwheat (89), Quinoa (92), Fonio (94), Triticale (97), Canary seed (101), Mixed
grain (103), Cereals n.e.c. (108), Sweet potatoes (122), Yautia (135), Taro (136), Yams
(137), Edible roots and tubers with high starch or inulin content, n.e.c., fresh (149), Other
sugar crops n.e.c. (161), Cashew nuts, in shell (217), Chestnuts, in shell (220), Almonds, in
shell (221), Walnuts, in shell (222), Pistachios, in shell (223), Kola nuts (224), Hazelnuts, in
shell (225), Areca nuts (226), Other nuts (excluding wild edible nuts and groundnuts), in
shell, n.e.c. (234), Coconuts, in shell (249), Olives (260), Karite nuts (sheanuts) (263), Castor
oil seeds (265), Rape or colza seed (270), Tung nuts (275), Jojoba seeds (277), Safflower
seed (280), Sesame seed (289), Mustard seed (292), Poppy seed (296), Melonseed (299),
Tallowtree seeds (305), Kapok fruit (310), Seed cotton, unginned (328), Linseed (333),

Others Others Hempseed (336), Other oil seeds, n.e.c. (339), Chicory roots (459), Coffee, green (656),
Cocoa beans (661), Tea leaves (667), Maté leaves (671), Hop cones (677), Pepper (Piper
spp.), raw (687), Chillies and peppers, dry (Capsicum spp., Pimenta spp.), raw (689), Vanilla,
raw (692), Cinnamon and cinnamon-tree flowers, raw (693), Cloves (whole stems), raw
(698), Nutmeg, mace, cardamoms, raw (702), Anise, badian, coriander, cumin, caraway,
fennel and juniper berries, raw (711), Ginger, raw (720), Other stimulant, spice and aromatic
crops, n.e.c. (723), Peppermint, spearmint (748), Pyrethrum, dried flowers (754), Flax, raw or
retted (771), True hemp, raw or retted (777), Jute, raw or retted (780), Kenaf, and other
textile bast fibres, raw or retted (782), Ramie, raw or retted (788), Sisal, raw (789), Agave
fibres, raw, n.e.c. (800), Abaca, manila hemp, raw (809), Other fibre crops, raw, n.e.c. (821),
Unmanufactured tobacco (826)

130 N application for fertilizer and manure is more directly associated with planted or sown area than with harvested
131 area, because harvested area excludes crop areas that were planted but not successfully harvested. However, the
132 globally consistent long-term crop-specific planting data are not available for all crops and years. We therefore
133 used reconstructed harvested area as a proxy for fertilized crop area, consistent with the crop-area variable reported
134 in FAOSTAT and widely used global crop mapping datasets. We first constrained annual cropland distribution
135 maps from 1961 to 2023 by integrating LUH2 (Hurtt et al., 2020) and HYDE 3.4 datasets (Klein Goldewijk et al.,
136 2017) following an approach of the HaNi dataset (Tian et al., 2022) to reduce unrealistic spatial allocation. In this
137 reconstruction, the HYDE 3.4 dataset (Klein Goldewijk et al., 2017) was used to preserve fine-scale spatial
138 heterogeneity in cropland distribution, whereas LUH2 was used to provide temporally continuous annual
139 cropland-area constraints. Because the spatial resolutions of the datasets are not consistent, all cropland constraints
140 were generated on the 0.1° x 0.1° target grid. HYDE 3.4 cropland area was first conservatively remapped from

141 its native 5-arcmin resolution to the 0.1° x 0.1° target grid and used as the spatial allocation weight:
142 AYPE = Z AYPEOTE w5 (1)
h

143 where AJH;,’ DEjis the HYDE-derived cropland area in 0.1° x 0.1° target grid cell jand year y, AI,{X,D Eorijs the original

144 HYDE cropland area in 5-arcmin grid cells h, and wy, ;is the fraction of HYDE grid cell hoverlapping target grid
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145 cell j. This conservative remapping preserved the total HYDE cropland area while converting the fine-scale
146 HYDE pattern to the target resolution. Because the original LUH2 variable is reported as cropland fraction, the
147 LUH2 cropland area in each coarse grid cell was calculated as the product of the LUH2 cropland fraction and the
148 corresponding grid-cell land area:

149 ALUHZ — LUH2 Aland )

150 where A;Y/?is the LUH2-derived cropland area in coarse grid cell kand year y, Fi)"?is the LUH2 cropland

151 fraction, and AL™%is the land area for the same resolution in LUH2 in grid cell k. The LUH2 annual cropland area
152 was then redistributed to 0.1° x 0.1° target grid cells according to their cropland shares derived from the HYDE
153 dataset. We next redistributed the LUH2-derived annual cropland area from the native 0.25° x 0.25° grid to the
154 0.1° x 0.1° target grid. This redistribution was performed using area-weighted conservative remapping, in which

155 HYDE-derived cropland area on the 0.1° grid was used as the spatial allocation weight.

. HYDE ¢; .
156 crop an Z [ALUHZ (3)
AHYDE i

157  where Acmpl“ndls the reconstructed cropland area in 0.1° x 0.1° target grid cell j and year y, A;5/%is the LUH2
158 cropland area in 0.25° x 0.25° grid cell k, and ¢; ;. is the fraction of 0.1° x 0.1° grid cell j overlapping LUH2 grid
159 cropland area in 0.25° x 0.25° grid cell k, and ¢; ;is the fraction of 0.1° x 0.1° grid cell k. The denominator
160 represents the total HYDE-derived cropland allocation weight within the LUH2 grid cell k. This procedure
161 redistributes the LUH2 annual cropland area to the target grid while preserving the fine-scale cropland spatial
162 pattern from HYDE. If a LUH2 grid cell contained positive cropland area but no corresponding HYDE cropland
163 weight, the LUH2 cropland area was distributed according to the land-area overlap among target grid cells within
164 that LUH2 cell. This fallback procedure prevented the loss of LUH2 cropland area in regions where HYDE and
165 LUH2 cropland extents were spatially inconsistent. The final annual cropland maps preserve the fine-scale spatial
166  heterogeneity of HYDE while remaining consistent with LUH2 annual cropland totals. These maps were then
167 used as spatial constraints for crop-specific harvested-area allocation, ensuring that reconstructed crop harvested
168 areas.

init

169 Gridded crop-specific harvested areas Ay,

for 17 crops except pulses, fruits, and vegetables from 1961 to 2023
170 in this study were derived from the CropAtlas dataset, which integrates 0.1° x 0.1° distribution maps with national
171 and sub-national harvest area statistics. The CropAtlas dataset consists of four core modules and one optional
172 module: a cropland distribution module, a crop suitability module, a spatial disaggregation module, and a

173 spatiotemporal fusion module. The cropland distribution module estimates time-varying cropland area
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174 distributions by integrating multiple cropland observation and cropland map products to avoid spatial estimation
175 biases resulting from the use of a single model across large spatial scales. In CropAtlas, this cropland layer is used
176 as a physical constraint for crop allocation, limiting the total crop area assigned to each grid cell and reducing
177 dependence on any single cropland product. The module further uses an adaptive rotated quadtree strategy to
178 divide the land surface according to cropland density, allowing cropland-area estimation to be conducted within
179 spatially adaptive regions rather than under a single global model structure. This design is intended to reduce
180 spatial bias associated with applying one uniform model across highly heterogeneous cropland systems
181 (Koldasbayeva et al., 2024). The crop suitability module estimates the plausible spatial distribution of individual
182 crops using crop occurrence samples and the MaxEnt species distribution model (Yu et al., 2022). Both presence
183 and absence information are considered to reduce overestimation of crop suitability, and model performance is
184 evaluated using metrics such as Kappa and True Skill Statistic (Yoon & Lee, 2023). In this study, crop suitability
185 was used only as one component of the spatial allocation framework to indicate where each crop was more likely
186 to occur under soil and climate conditions. These allow us to reconstruct historical crop-specific harvested-area
187 distributions that remain consistent with reported crop statistics. The spatial disaggregation module allocates crop
188 statistics reported at national, provincial, or county levels to grid cells. CropAtlas uses the dissever algorithm
189 (Malone et al., 2012), which includes an initialization step and an iterative correction step. In the initialization
190 step, administrative polygons containing crop statistics are rasterized, and grid-cell crop areas are fitted within
191 each polygon using weighted generalized additive models or machine-learning models with environmental
192 predictors. The difference between fitted grid-cell values and reported statistics is evaluated using a penalized
193 residual sum of squares. In the iterative step, fitted values are corrected according to the statistical residuals, and
194 the model is repeatedly refitted until convergence. The spatiotemporal fusion module, which employs the
195 Spatiotemporal Discrete Cosine Transform method, further refines the initial crop distributions by integrating
196 existing crop-specific maps derived from remote-sensing products, geospatial statistical datasets, or agricultural
197 survey-based maps. CropAtlas therefore uses the output of the spatial disaggregation module as the baseline
198 distribution and applies pixel-level fusion to incorporate available crop-specific maps where they provide
199 additional spatial detail. In this study, the CropAtlas-derived products were used as spatial allocation priors rather
200 than as error-free observations of crop harvested area. Specifically, they provided crop-specific harvested-area
201 proportion maps P; ;,, at 0.1° x 0.1° resolution for 17 crop groups, which did not include crop groups including
202 vegetables, fruits, pulses, and others. Compared with single-year datasets such as EARTHSTAT and
203 CROPGRIDS, CropAtlas provides temporally continuous and spatially detailed allocation weights from 1961

204  onward. By integrating crop statistics, cropland-area constraints, crop suitability, and multi-source spatial data
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205 fusion, this approach provides a more constrained and internally consistent basis for reconstructing historical crop-
206 specific harvested-area distributions, which is important for dynamically allocating crop-specific synthetic
207 fertilizer and manure N inputs over time. Considering the used P; ;,, maps remain spatial allocation uncertainty
208 from cropland mapping, crop suitability modelling, statistical downscaling, and the fusion of heterogeneous crop
209 maps, we therefore included an uncertainty analysis accounting for alternative spatial allocation assumptions and
210 cropland-constraint sensitivity.
211 Next, we generated continuous annual gridded harvested-area maps for vegetables, fruits, pulses, and other crop
212 groups from 1961 to 2023, using SPAM reference maps for 2000, 2005, 2010, and 2020 (Yu et al., 2020). These
213 SPAM maps provide spatially explicit harvested-area distributions for each crop group and were used as within-
214 country spatial allocation templates for different time periods. For each country, crop group, and year, the annual
215 FAO-reported national harvested area was distributed to grid cells according to the relative harvested-area
216 distribution in the corresponding SPAM reference map. Specifically, the SPAM maps for 2000, 2005, 2010, and
217 2020 were used as spatial allocation templates for 1961-2003, 2004-2007, 2008-2015, and 2016-2023,
218 respectively. This procedure preserved annual changes in national harvested area reported by FAO with the
219 assumption that the relative spatial distribution of each crop group within a country remained unchanged within
220 each reference period. The initial gridded harvested area was calculated as:

spam 2000, 1961 <y <2003
A5l =A% Sk J€C ¥ =10000 008 <y = 2018 @

2020, 2016 <y <2023

222
223 where AJ'}',is the initially allocated harvested area of crop group gin grid cell jand year y. A3/ is the SPAM
224 harvested area of crop group g in grid cell j for reference year y*. Agﬂg,is the national harvested area of crop
225 group g in country cand year y based on FAOSTAT. The notation j € c indicates all grid cells j located within
226 country ¢, and the Y jeCA;%,Af represents the total SPAM harvested area of crop group gwithin country c,
227  ensuring that the allocated gridded harvested area sums to the FAO national total. For countries in which the
228 selected SPAM reference map contained no harvested area for a given crop group, but positive harvested area
229 reported by FAO, we used the nearest alternative SPAM reference year with non-zero harvested area. To further
230 constrain the gridded harvested-area allocation process, we incorporated cropping-intensity information to
231 account for multiple cropping systems. Because harvested areas can exceed physical cropland areas where
232 multiple cropping occurs, the upper bound for each grid cell was not defined as cropland area alone. Instead, we
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233 used the annual global cropping intensity dataset GCI (Liu et al., 2021) to derive an effective harvested-area
234 capacity for each 0.1° x 0.1° grid cell. The original cropping intensity maps at 250 m resolution classify each pixel
235 as non-cropping, single cropping, double cropping, or triple cropping. For each 0.1° x 0.1° grid cell, we calculated
236 the areas of 250 m pixels classified as single, double, and triple cropping. Non-cropping pixels were excluded
237 from the calculation of the cropping-intensity multiplier. The effective cropping intensity of grid cell j in year y
238 was calculated as:

1-A5%  +2-A5  +3-4Y

1)y 2,y 3.y
239 Cl,, = (5)
jy I (] [
Al_]-,y + Az,j,y + A3_]-,y

240 where CI; is the effective cropping-intensity multiplier, and A’ ,, A3, and A are the areas of 250 m pixels
241 classified as single, double, and triple cropping within 0.1° grid cell j, respectively. If a reconstructed cropland
242 grid cell had no valid cropping-intensity pixels, we assigned a conservative value of Cl; ,, = 1, representing single
243 cropping. For years outside the temporal coverage used in this study, the nearest available cropping-intensity map
244 was used as the spatial template. Specifically, the 2001 cropping-intensity pattern was used for years before 2001,
245 and the 2019 pattern was used for 2020-2023. The harvested area capacity of each 0.1° grid cell was then defined
246  as the reconstructed annual cropland area multiplied by the effective cropping-intensity multiplier:
2002, 1961 <y <2002

247 Uy = AT CL ooyl =4y, 2002 <y <2019 (6)
2019, 2020 <y <2023
248 where U; ,is the maximum allowable total harvested area in grid cell jand year y, A;_;omandis the reconstructed

249 physical cropland area, and CI; ,cris the effective cropping-intensity multiplier from the selected cropping-

250  intensity reference year. This constraint allows total harvested area to exceed physical cropland area in multi-
251 cropping regions, while preventing unrealistic expansion of harvested area in individual grid cells. The initial

init

252 harvested-area maps A},

from CropAtlas and SPAM were then adjusted simultaneously for all 21 crop
253 categories under the grid-cell harvested-area capacity constraint. The capacity constraint was applied to the
254 summed harvested area across all crop categories rather than to each crop separately, because the physical
255 constraint applies to the total harvested area that can be supported by local cropland area and cropping intensity.

256 At each iteration, the total harvested area in grid cell jwas calculated as:

21
) _ )
257 s =D A%, @
m=1
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258 where Sj(’;)is the summed harvested area across all 21 crop categories in grid cell jand year yat iteration r, and

259 AD

iy all crop categories in that grid

is the harvested area of crop category mat iteration r. If Sj(’;)exceeded Ujy»

260 cell were proportionally reduced using:

(r

261 AD = 4D, min (1, Z{g) 8)
7y

262 where Ag?j'y

is the capacity-corrected harvested area after proportional reduction. This step preserved the crop
263 composition within each over-capacity grid cell while ensuring that the summed harvested area did not exceed

264 U; 5. The removed harvested area for each crop category was then redistributed within the same country to grid

265 cells with remaining capacity. The remaining capacity in each grid cell was calculated as:

21
@ _ el
266 R(") = max (0, Uy — Z A w) 9)

m=1
267 where Rj(;)is the remaining harvested-area capacity in grid cell j. For each crop category, country, and year, the

268 residual area to be redistributed was calculated as:

269 Epry = Aoy = Z A7), (10)

jec
270 where E,(,f )C’yis the remaining harvested area of crop category min country cthat needs to be redistributed to
271 preserve the FAO national total. This reduction-and-redistribution procedure was repeated until two convergence
272 criteria were satisfied: (1) the summed harvested area across all 21 crop categories in each grid cell did not exceed

273 the harvested-area capacity U;

;y» and (2) the country-level harvested area of each crop category matched the

274 FAOSTAT national harvested area. The final allocation was therefore consistent with FAOSTAT national
275 statistics while being constrained by reconstructed annual cropland extent and maximum allowable total harvested

276 area.

277 2.2 The Construction of the Crop-Specific N Fertilizer Application Rate

278 We first adopted the global sub-national N fertilizer application amounts by administrative units from Adalibicke
279 et al. (2021, 2023) during 1961-2020. For 2021-2023, these ratios were updated where newly available country-
280 specific or sub-national fertilizer statistics were available from multiple sources such as DEFRA (Department for
281 Environment Food and Rural Affairs) (DEFRA, 2026), EUROSTAT (Statistical office of the European Union)
282 (DEFRA, 2026), USDA (United States Department of Agriculture) (USDA, 2026), SIDRA (Brazilian Institute of
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283 Geography and Statistics) (SIDRA, 2026), the Australian Bureau of Statistics (Australian Bureau of Statistics,
284 2026), National Bureau of Statistics of China (NVBSC, 2026) and other national reports, as summarized in Table 1.
285 For countries without updated sub-national information after 2020, the 2020 allocation ratios were retained for
286 2021-2023. The resulting allocation ratios were used to disaggregate national total N fertilizer use to province-,
287 district-, or county-level fertilizer application amounts, ensuring consistency with national fertilizer consumption
288 statistics while incorporating updated administrative-level information where available. For each administrative

289 unit p within country c, the sub-national fertilizer amount was calculated as:

Namount
o N3 = (5 ) - e, v € [1961,2023] (1)

291 where N,ftc‘l}f is the estimated N fertilizer input for administrative unit p in country c and year y is the
292 administrative-level fertilizer use reported by Adalibieke et al. (2023) and updated country-level sources, used to

293 calculate the sub-national allocation share. and N5 is the national total N fertilizer use for country cin year y.

294  The denominator ), bec Ngmountrepresents the sum of fertilizer use across all administrative units within country

295 ¢, ensuring that the disaggregated sub-national estimates sum to the national total. To construct crop-specific N
296 fertilizer input baseline maps, we disaggregated total administrative-unit N inputs among the 21 crop groups using
297 validated crop-specific fertilizer allocation products for 2000 and 2020 that demonstrated spatial consistency and
298 temporal compatibility (Mueller et al., 2012; Nguyen et al., 2024). Details of the crop groups are provided in
299 Table 2. The baseline maps were used to assign administrative-level total N inputs to individual crop groups.
300 These two baseline years therefore served as spatiotemporally consistent baseline anchors for reconstructing crop-
301 specific N fertilizer inputs over the full study period. For each baseline year, crop-specific fertilizer amounts at
302 the administrative-unit level were first derived from the corresponding harvested areas. These crop-specific
303 administrative fertilizer amounts were then spatially distributed to grid cells using the crop-specific harvested-
304 area maps A; j,, as spatial allocation weights, where i denotes the crop group, j denotes the grid cell, and y
305 represents the benchmark year. In cases where N fertilizer data for the target county and their neighbors were
306 missing, but complete data were available at the higher administrative level (e.g., provincial or subnational regions
307 like state), we estimated the total N fertilizer application for the target provincial- or prefectural-level data using
308 a weighted average of neighboring administrative. Conceptually, this crop-specific fertilizer allocation framework
309 s like the scenario-based spatial disaggregation approaches described in Yu et al. (2022) and Nguyen et al. (2024)

310 shown in Table 3, in which administrative-level fertilizer totals are redistributed to crop-specific grid cells using
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311
312
313
314
315

316
317
318
319
320
321
322
323
324

325
326

327

328

spatial allocation weights derived from crop distribution datasets. This approach accounts for potential differences
in cropping systems and socioeconomic conditions between provincial or subnational regions and considers the
assumption that changes in crop N fertilizer application rates are proportional to changes in the provincial or
subnational regions level total N fertilizer.

Table 3. Scenarios considered for constructing N application rates use in this study.

Starting Level Condition Action Priority
Data available County/Prefectural actual data 1
Data missing, but neighboring County/Prefectural data Neighboring )
County/Prefectural available County/Prefectural average
No neighboring County/Prefectural data available State/Provincial average 3
State/Provincial data unavailable Country average 4
Data available State/Provincial actual data 1
Data missing, but neighboring State/Provincial data Neighboring State/Provincial )
State/Provincial available average
No neighboring State/Provincial data available Country average 3
Country data unavailable Regional average 4
Data available Country actual data 1
Country — -
Data missing Regional average 2

To reconstruct annual crop-specific N fertilizer amounts for each administrative unit, we developed an ordinary
least squares regression model using the 2000 and 2020 crop-specific fertilizer baseline maps as training
observations. The model relates baseline regional N fertilizer amounts to crop harvested areas, crop-specific yield
(Institute (IFPRI), 2019, 2025; Institute (IFPRI) & Analysis (ITASA), 2025; Institute (IFPRI), 2026) area equipped
for irrigation (Mehta et al., 2024), cropland area, population (Klein Goldewijk et al., 2017), agricultural GDP, and
a normalized temporal term. A log-transformed response variable was used to reduce the influence of
unreasonable fertilizer amount distributions and to ensure positive predicted values after back-transformation. The

estimation model is expressed as follows:

2 2
InNZES. ., =Bo+BiInHA,, +B(INnHA, ) + BslnYe,y + B(InYe,y) + Bsinlrn,
+ Beln P op,, + B;lnA griGDPE, , + Bgln CropLand,., + BoT, + &, (12)

—_— —_— — 2 — — 2 —
Nt ery = exp (Bo+ BilnH Agyy + Bo(InH Acy ) + Ban Yy, + Ba(InYe,y)” + BsIni vy

+ B InPop,, + B, InA griGDP,,, + Bz InCropLand,,, + B;Ty) (13)
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329  where Nf’ebrs_crr_yand Nfe:rt_crr_yare the observed and estimated crop-specific N fertilizer application amounts for crop
330 group cin administrative region rand year y, respectively. HA., , represents crop-specific harvested area,
331 Y,y denotes crop-specific yield, 77, is the area equipped for irrigation, Pop,, represents population,
332 AgriGDP, ydenotes agricultural gross domestic product, and CropLand,. ,represents cropland area. f, — fy are
333 regression coefficients, and &, is the residual error term. The model coefficients were estimated using ordinary
334 least squares (OLS) regression based on administrative regions with available crop-specific fertilizer baseline data
335 in 2000 and 2020. The fitted model was subsequently applied to reconstruct annual crop-specific fertilizer
336 application amounts for 1961-2023. Predicted regional fertilizer amounts were then spatially allocated to grid cells
337 according to the proportional distribution of crop harvested area within each administrative region, ensuring
338 consistency between regional fertilizer totals and subregional crop spatial patterns. As the input datasets for crop-
339 specific yield contain only a few baseline years, we generated a continuous time series yield from 1961 to 2023
340  using FAOSTAT national statistics with the assumption that all administrative units within a given country follow
341 similar temporal trajectories of yield growth with the following function:
2000, 1961 <y <2003

FAO
i i 2005, 2004 <y <2007
adj _ ySPAM  _Lcy _ , Sy=s
342 Yi,]';y = iy ysPAM Yo(¥) = 2010, 2008 <y < 2015 (14)

i,c,y0(¥) 2020, 2016 <y <2023

343 where Yl‘zd; is the adjusted gridded yield for crop i in grid cell j year y after temporal extension. Ylsjp ﬁ;‘gy) is the

344 SPAM gridded baseline yield map for crop i in reference year y,. Y;>X AM

icye(y) 18 the national yield for crop i in

345 country c in the SPAM reference year y,. Y749 is the FAOSTAT national yield statistics (FAO, 2024) for crop i

LCcy
346 in country ¢ and year y. We harmonized the SPAM gridded yield maps (Yu et al., 2020) and harvest-area data to
347 the same spatial resolution using the same processing framework as that used for reconstructing the SPAM
348 vegetable and fruit harvested area.

Nfert,est

349 After estimating the initial crop-specific N fertilizer input N; ),

for each crop group within each administrative

350 unit, we adjusted these estimates to match the reported total N fertilizer use N5 for all crops in the same

351 administrative unit. The adjusted crop-specific fertilizer amount was calculated as:
f ai f Nstat
ertaadj __ ertest b.cy
352 Ni,p,c,y - Ni,p,c,y 21 Nfert,est (15)
i=1"Vip,cy
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353 where N/¢"*Uis the adjusted fertilizer input for crop group iin administrative unit p, country ¢, and year y;

ip.cy
354 Nl.’;i Zg’,e“ is the initially estimated crop-specific fertilizer input; N3%% is the reported total fertilizer input for all
21 tost
355 crops in administrative unit p; and Z Nif: Z )',es is the total initially estimated fertilizer input across all 21 crop
i=1

356 groups in that administrative unit. The scaling factor aligns crop-specific estimates with the administrative

357 fertilizer statistics. The crop-specific N fertilizer application rate was then calculated as:
fert,adj

358 RIS = T f’""CZ' —, jEp pec(16)
JEP FTL)Y

359 where R{ ]e;t is the N fertilizer application rate for crop group i in grid cell j and year y. Ni{‘;, Zg,adj is the adjusted

360 N fertilizer input for crop group i in administrative unit p, country ¢, and year y. 4, ;, is the harvested area of

361 crop group i in grid cell j and year y. The denominator ZjepAi: jy represents the total harvested area of crop

362 group i across all grid cells within administrative unit p. The notation j € p and p € c indicates that grid cell j
363 belongs to administrative unit p, and administrative unit p belongs to country c. This calculation assumes a

364 uniform fertilizer application rate for each crop group within the same administrative unit.

365 2.3 The Construction of the Crop Specific Manure Application Rate Maps

366 Previous manure application data generally available only as national totals, with limited crop-specific and sub-
367 national information. Most studies estimated manure application by using the same ratio of N fertilizer to manure
368 at a certain scale. But the ratio of manure utilization for legumes (like soybeans) is far lower than that for cereal
369 crops. To account for local manure availability, we used gridded livestock distributions from Gridded Livestock
370 of the World (GLW4) (Gilbert et al., 2018) together with FAOSTAT livestock population data (FAO, 2025d) and
371 Intergovernmental Panel on Climate Change (IPCC) Tier 1 methodology for manure N excretion factors (Allan
372 et al., 2021) to estimate the manure N produced by livestock in each grid cell or administrative unit. The resulting
373 livestock manure availability was used as an upper constraint on local manure application and avoids unrealistic
374 long-distance manure redistribution.

375 Following the HaNi (Tian et al., 2022) framework, grid-level livestock manure N production M }"; °d \yas estimated

376 using the GLW basemap, FAOSTAT national livestock population data (FAO, 2025¢c), and IPCC Tier 1 N
377 excretion factors. The calculation included eight livestock categories: buffaloes, cattle, chickens, ducks, goats,

378 horses, pigs, and sheep. For each category, national FAOSTAT populations were downscaled to grid cells based
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379 on the relative GLW4 livestock density within each country and multiplied by the corresponding N excretion
380 factor. The resulting manure production map was used as a local manure availability constraint. We then
381 spatialized the FAOSTAT national total manure N applied to cropland (FAO, 2025a) using cropland area and
382 baseline manure application intensity (West et al., 2014). Where the initially allocated manure application
383 exceeded local manure availability, the excess manure was redistributed within the same country to grid cells with
384 remaining manure availability. Our crop-specific allocation scheme allows manure inputs to vary among crop
385 types, thereby capturing differences in application intensity, such as the lower manure use associated with legumes
386 relative to cereal crops. We first derived a crop-specific baseline manure allocation weight from the crop-specific
387 manure application rates of West et al. (2014) and harvested-area maps around 2000 from EARTHSTAT
388 (Monfreda et al., 2008). For each administrative unit p, the baseline manure amount for crop group iwas
389 calculated as:

390 Nil,)z?,;%oo = Z A??,%oo ) Rm,ezséoo 17)

jep
391 where N/$5500is the baseline manure N applied to crop group iin administrative unit pin 2000, A?%’goois the

392 harvested area of crop group iin grid cell j, and R%fzsgoois the crop-specific manure N application rate from West

393 et al. (2014). In grid cells where manure application amounts could not be matched with reconstructed harvested
394 areas, we applied the same gap-filling procedure as described in Table 3, under the assumption that all cultivated
395 areas may receive both synthetic fertilizer and manure inputs. These baseline crop-specific manure amounts were

396 then converted into crop allocation shares within each administrative unit:

base
_ i,,2000
Lp — y21 N base (18)
i=14Vip,2000

397 B

398 where B; prepresents the baseline manure allocation share of crop group iin administrative unit p. This term
399 captures crop-specific differences in manure application preference and is used as a fixed crop preference weight
400 in the subsequent dynamic allocation.

401 Next, we spatialized the FAOSTAT national total manure N applied to cropland to grid cells using a baseline
402 manure allocation weight derived from cropland area and baseline manure application intensity. The baseline grid-

403 level manure application intensity and the grid-level manure N amount were calculated as:

manure 21 Aharv .RWest

= _ 4&i=14%,j,2000 i,7,2000

404 Rj2000 = 21 pharv (19)
i=141{,j,2000
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pmanure cropland
manure,ini _ yyFAO,manure j,2000 iy .
405 Nj,y - NC.J/ ’ —manure j €c(20)

cropland’
Zjec(Rj,ZOOO 'Aj,y )

406  where N Mg the initial total manure N applied to cropland in grid cell jand year y, NJ40manure

iy cy is the

407  FAOSTAT national total manure N applied to cropland in country cand year y, R 5000 “is the baseline manure

Acropland~

408 application intensity derived from West et al. (2014), and iy is the reconstructed cropland area in grid cell

409  j. The denominator normalizes the allocation weights within each country, ensuring that the gridded manure N

410 amounts to the FAOSTAT national total.

manure,total __ . manure,ini prod
411 Ny = mm(Nj,y M, ) 2D

412 When I\Ijga"ure'oexceeded Mﬁ;(’d, the excess manure was distributed within the same country to grid cells with
413 remaining manure availability, while preserving the FAOSTAT national manure total. The grid-level total manure
414 N was then allocated among the 21 crop groups according to both baseline crop-specific manure preference and
415 annual harvested-area distribution. Specifically, the manure N amount allocated to crop group iin grid cell j and

416  year y was calculated as:

Bip( - ALSY
manure _ pymanure.total LpU L],y
7 Mo = My T Buay A

Ljy
418  where N5 ¢is the manure N amount allocated to crop group iin grid cell jand year y, I\Ij@anure‘wmlis the total

419 manure N applied to cropland in grid cell jand year y, B; ,(yis the baseline manure allocation share of crop group

harv

420 { in the administrative unit pcontaining grid cell j, and A/}

is the harvested area of crop group iin grid cell jand

421 year y. This allocation allows crop-specific manure inputs to vary with annual harvested-area changes while
422 retaining crop-specific manure application preferences derived from the baseline data. Finally, we aggregated
423 manure N applied to cropland within the same global administrative unit as those used in the fertilizer dataset.

424 The crop-specific manure application rate was then calculated as:

manure

425 RIS = i (23)
Ly

426 where R;";J"™"is the manure N application rate for crop group iin grid cell jand year y. Grid cells with zero
427 harvested area for a given crop group were assigned no manure application for that crop. This procedure generated
428 annual crop-specific manure application amount and rate maps for 21 crop groups from 1961 to 2023, while

429 maintaining consistency with FAOSTAT national manure totals and crop-specific harvested-area distributions.
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430 2.4 Characterizing NH4" and NO3™ Application Rates in N Fertilizer

431 Nishina et al. (2017) provides country-level estimates of NH4" and NOs based on N fertilizer consumption from
432 1961 to 2010. We extended these estimates to 2023 following the same method, using country-level fertilizer
433 product consumption data from FAOSTAT (FAO, 2025a). Due to the lack of statistical data for sub-national area,
434 we collected national consumption data for 15 types of synthetic N fertilizers including Ammonia anhydrous,
435 Ammonium nitrate, Ammonium sulphate, Calcium ammonium nitrate (CAN), Diammonium phosphate (DAP),
436 Fertilizers n.e.c., Monoammonium phosphate (MAP), NPK fertilizers, Other Nous fertilizers, Other NK
437 compounds, Other NP compounds, Potassium nitrate, Sodium nitrate, Urea and Urea ammonium nitrate solute.
438 Based on the product-specific fractions listed in Table 4, total synthetic N fertilizer consumption for each country
439 was partitioned into NH4'-N and NO3-N components. Since the FAOSTAT fertilizer product statistics before
440 2002 are provided through the Fertilizer Archive, whose product categories are not fully consistent with those
441 used in Table 4. Therefore, we used Nishina et al. (2017) as the primary source for 1961-2001 and FAOSTAT
442 fertilizer product data as the primary source for 2011-2023. The overlapping period 2002—-2010 was used to
443 harmonize the two data sources as calculated with a country-specific scaling factor for fertilizer N form within

444 each country c using the 2010 values:

FAOSTAT
c,2010

445 R 2010 = 7FNishma (24)
¢,2010

446 where R 5010is the scaling factor for fertilizer NH4*-N form in country ¢, Ff5¢1,is the fraction derived from

447  FAOSTAT fertilizer product data in 2010, and FC’YZ"(S)%”“is the corresponding fraction from Nishina et al. (2017).

448 We then defined a linear transition weight for the overlapping period 2002-2010:

_ y—12002
2010 — 2002’

450 where ay increases linearly from 0 in 2002 to 1 in 2010, the adjusted Nishina-based fraction was then calculated

449 a, y = 2002,2003, ...,2010 (25)

451 as:

452 Fauusted = plishana . [(1 — @, ) + .y Raor0y ], ¥ = 2002,2003,...,2010 (26)

453 where Fca; Justedis the adjusted fraction of fertilizer NH4*-N form in country c in year y. This approach retains the
454 temporal pattern of the Nishina et al. (2017) dataset during the transition period while gradually scaling it to match
455 the FAOSTAT-derived estimate in 2010. For the countries including Céte d'Ivoire, Dominica, and other 12
456 countries lacking post-2002 FAOSTAT fertilizer product consumption data, missing NH4*-N and NOs™-N

457 fractions were filled using continent averages. Specifically, countries were grouped into eight agricultural regions:
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458 Africa, East Asia, Eastern Europe, Latin America, North America, South Asia, the rest of Europe and Oceania,
459 and Western Asia. The mean NH4"-N and NOs-N fractions within each region were used to fill missing national
460 values. Subsequently, we applied a third-order polynomial function to the full time-series data of each country ¢
461 to ensure temporal smoothness and to minimize abrupt or random fluctuations. Due to the lack of detailed
462 information on fertilizer application types for individual crops, we assumed that all crops within a country received

463 fertilizers in the same proportion as NH4" and NOs™. The final N fertilizer application rate for each crop was then

464 calculated based on the ch,dju“ed after spline smoothing. For countries lacking reported data after 2010 in

465 FAOSTAT, which accounted for approximately 11% of country-year records, such as the Bahamas, Cape Verde,
466 and French Guiana. We divided the globe into eight representative agricultural regions, namely Africa, East Asia,
467 Eastern Europe, Latin America, North America, South Asia, the rest of Europe and Oceania, and Western Asia.
468 The mean NH4" and NO;™ N fertilizer application rate within each region was used to replace missing national
469 values.

470 Table 4. N contained fertilizer application types and ratios used in this study

Name Ratio (NH4":NO3") Name Ratio (NH4":NO3")
Ammonia anhydrous 0 Other nitrogenous fertilizers 1
Ammonium nitrate 0.5 Other NK compounds 1
Ammonium sulphate 1 Other NP compounds 1
Calcium ammonium nitrate (CAN) 0.5 Potassium nitrate 0
Diammonium phosphate (DAP) 1 Sodium nitrate 0
Fertilizers n.e.c. 1 Urea 1
Monoammonium phosphate (MAP) 1 NPK fertilizers 1
Urea and ammonium nitrate solute 0.75

471 2.5 Uncertainty analysis

472 We considered three uncertainty components in the reconstructed crop-specific N fertilizer dataset. First, baseline
473 fertilizer allocation uncertainty was considered because the 2000 and 2020 crop-specific fertilizer baseline maps
474 provide the observational anchor for model calibration and temporal reconstruction. Uncertainty in these
475 benchmark products may arise from differences in source datasets like the category in fruits and vegetables in
476 SPAM, subnational statistical completeness, N allocation procedures by pasture and cropland, and spatial
477 disaggregation methods. Because the regression framework was calibrated directly against these benchmark

478 fertilizer maps, uncertainties in the baseline allocation products can propagate into the estimated regression
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479  coefficients, reconstructed regional fertilizer amounts, and subsequent gridded fertilizer application rates
480 throughout the full 1961-2023 reconstruction period. Here, multiplicative perturbations were applied to the
481 baseline fertilizer allocation datasets during each Monte Carlo realization. Perturbation factors were sampled from
482 log-normal distributions centered at unity to preserve positive fertilizer amounts and proportional spatial
483 relationships, with a coefficient of variation of 20% (CV = 0.20) applied to represent moderate uncertainty in the
484 benchmark allocation products. The perturbed baseline maps were subsequently used in the reconstruction
485 framework to propagate baseline allocation uncertainty into both regional and gridded uncertainty estimates.
486 Second, regression coefficient uncertainty was propagated by sampling alternative coefficient vectors from the
487 multivariate normal distribution defined by the fitted regression coefficients and their associated variance-
488 covariance matrix. This procedure accounts for parameter estimation uncertainty arising from limited observations,
489 spatial heterogeneity among administrative units, and correlations among predictor variables within the regression
490 framework. Third, residual predictive uncertainty was incorporated into the Monte Carlo ensemble to represent
491 unexplained regional variability, local management heterogeneity, and model structural error not explicitly
492 captured by the selected predictors. For each Monte Carlo realization, an additive residual term was randomly
493 sampled from a normal distribution with zero mean and standard deviation equal to the residual standard error of
494 the fitted crop-specific regression model. This residual perturbation is associated with unrepresented management
495 practices, local socioeconomic conditions, and incomplete explanatory variables. For each crop group, the Monte
496  Carlo ensemble consisted of n = 800 realizations. Each realization included baseline fertilizer allocation
497 perturbation, regression coefficient sampling, residual perturbation, crop-specific rate reconstruction, and
498 aggregation to regional and global uncertainty statistics. Predicted regional fertilizer amounts were converted to
499 fertilizer application rates using crop-specific harvested area. To avoid physically unrealistic fertilizer intensities
500  caused by extremely small, harvested areas or local allocation artifacts, a maximum fertilizer application threshold
501 of 700 kg N ha'! was applied during the uncertainty propagation procedure (Cui et al., 2021).

502  To evaluate the robustness of the reconstruction model, we performed a spatial masking validation experiment.
503 We divided the world into eight representative agricultural regions: Africa, East Asia, Eastern Europe, Latin
504 America, North America, South Asia, Rest Europe & Oceania, and West Asia. For each crop group and baseline
505  year, we selected a fixed proportion to mask our administrative units (p = 20%) and randomly withheld and
506 treated them as missing. The reconstruction model was fitted using the remaining 80% of observations and then
507 used to predict fertilizer amounts for the withheld regions. This procedure was repeated 100 times for each crop.
508 Model performance was evaluated using RMSE and R? in log space. Uncertainty estimates were summarized at

509 multiple scales. At the administrative-region level, the Monte Carlo ensemble was summarized using the ensemble
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510 mean, standard deviation, coefficient of variation, median, and 95% uncertainty interval. For global uncertainty,
511 fertilizer amounts were first summed across all regions within each Monte Carlo realization, and global
512 uncertainty statistics were then calculated from the resulting ensemble distribution. Spatial uncertainty maps were
513 generated by converting regional uncertainty estimates to gridded fertilizer application rates using crop-specific
514 harvested area. The resulting uncertainty products for both N fertilizer and manure application in this study were
515 subsequently used to characterize crop-specific, regional, and temporal uncertainty patterns with three significant
516 digits in the discussion section, including regional 95% uncertainty intervals, global coefficient-of-variation

517 trajectories, and uncertainty interval widths.

518 3 Results
519 3.1 Temporal trends in total N fertilizer and manure application

520 The global N inputs from synthetic fertilizers and manure increased substantially between 1961 and 2023,
521 although their magnitudes and temporal trajectories differed markedly (Fig. 2). Synthetic N fertilizer input
522 increased by nearly an order of magnitude, from approximately 12 Tg N yr! in 1961 to about 100 Tg N yr! in
523 2023. The most rapid increases occurred from the 1960s to the 1980s, followed by slower growth and a tendency
524 toward stabilization at high levels after 2000. In contrast, manure N input increased more gradually, from
525 approximately 13 Tg N yr'! in the 1960s to about 22 Tg N yr! in the recent decade. Thus, the long-term increase
526 in total cropland N input was driven primarily by synthetic N fertilizer, while manure represented a smaller but
527 persistent component of total N inputs. Over the 1961-2023 period, the global average synthetic fertilizer N
528 application rate per unit harvested area increased steadily from approximately 12 kg N ha™! to over 67 kg N ha™!,

529 whereas the corresponding manure N application rate remained relatively stable at around 15 kg N ha™'.
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530
531 Figure 2. Total N inputs from synthetic fertilizer (A) and manure (B) on cropland from 1961 to 2023. The

532 black line shows the global average application rate across all crop groups.

533 The crop composition of global N inputs from fertilizer and manure changed markedly between 1961 and 2023
534 (Fig. 3 and Table S1). Cereal crops remained the dominant recipients of both N sources, although the magnitudes
535 and compositional trajectories differed. Mean decade synthetic fertilizer N input to cereals increased from about
536 12 Tg N yr'! in the 1960s to about 63 Tg N yr'! in the recent decade, while their share of global fertilizer N input
537 remained relatively stable at around 60%. Maize, wheat, and rice together accounted for about 58% of global
538 fertilizer N input in the most recent decade. In contrast, manure N input to cereals increased more modestly, from
539 approximately 8 to 11 Tg N yr'!, while their share of global manure N input remained half of the total manure N
540 input. Non-cereal crops became increasingly important, particularly in synthetic N fertilizer use. Fertilizer N
541 inputs to fruits and vegetables increased from 1 Tg N yr'! during to over 12 Tg N yr'! in the recent decade, raising
542 their combined share of global fertilizer N input from 6% to 12%. In the most recent decade, vegetables and fruits
543 received approximately 7 and 5 Tg N yr'!, respectively. Synthetic fertilizer N inputs to oil crops and legumes-
544 including rapeseed, sunflower, oil palm fruit, groundnuts, and pulses increased from approximately 1 to 11 Tg N
545 yr!, with their combined share rising from 6% to nearly 11%. These crop groups were even more prominent in
546 manure allocation, accounting for 25% of global manure N input in the most recent decade, compared with about
547 16% during the 1960s. Overall, synthetic fertilizer N input was more concentrated in maize, wheat, rice, and
548 horticultural crops, whereas manure N was distributed more broadly across crop groups. In the most recent decade,
549 maize, wheat, and rice together accounted for about 44% of global manure N input, substantially lower than their
550 58% share of synthetic fertilizer N input. Pulses alone accounted for approximately 19% of manure N input but

551 only about 3% of synthetic fertilizer N input, highlighting the distinct crop allocation patterns of the two N sources.
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552
553 Figure 3. Changes in the percentage contribution of N fertilizer and manure to total N inputs by crop group

554 from the 1960s to the recent decade. Panels (a)-(d) show synthetic fertilizer N shares for the 1960s, 1980s,
555 2000s, and recent decade, respectively; panels (e)-(h) show the corresponding manure N shares.

556 Synthetic fertilizer N was dominated by NH4"-N throughout the study period (Fig. 4). Annual NH4"-N input
557 increased from approximately 8 Tg N yr'! in 1961 to 90 Tg N yr'!' in 2023, whereas NO3-N input increased from
558 approximately 3 to 12 Tg N yr'. Consequently, the contribution of NH4"-N to total fertilizer N increased from
559  approximately 76% in 1961 to 88% in 2023, with the NO3™-N share declining to only12% in recent years. The
560 crop distributions of the two fertilizer N forms were broadly similar but differed in magnitude. Mean annual NH4*-
561 N inputs to maize, wheat, and rice increased from approximately 7 Tg N yr! during the 1960s to almost 52 Tg N
562 yr'! in the recent decade, accounting for about 45% and 59% of global NH4*-N input, respectively. Over the same
563 periods, NO5-N inputs to these three crops increased from about 1.6 to 7 Tg N yr!' and their combined share rose
564 from 37% to 57%.
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565 Non-cereal crops also accounted for increasing proportions of both fertilizer N forms. The combined share of
566 fruits and vegetables increased from nearly 7% to 12% for NH4*-N and from 6% to 11% for NO3™-N in the past
567 63 years. Similarly, the combined contribution of oil crops and legumes increased from approximately 6% to 11%
568 for both N forms. In the most recent decade, cotton and sugarcane together accounted for 6% of NH4"-N and 5%
569 of NOs™-N inputs, whereas roots and tubers accounted for only 4% together. Overall, the increasing dominance of
570 NH4"-N was accompanied by a growing concentration of both fertilizer N forms in the three major cereals,

571 together with moderate increases in their allocation to horticultural crops, oil crops, and legumes.
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572 Figure 4. Changes in NH4" and NOs™ N fertilizer use inputs from 1961 to 2023. Crop groups are defined as
573 follows: cereals, including barley, maize, millet, rice, rye, sorghum, and wheat; legumes, including pulses,
574 soybean, and groundnuts; roots and tubers, including cassava, potatoes, and sugar beets; oil crops,
575 including rapeseed, sunflower, and oil palm fruit; cash crops, including cotton and sugarcane; horticultural
576 crops, including vegetables and fruits; and others, including all remaining crop types.

577 3.2 Global patterns and temporal dynamics of crop-specific fertilizer and manure application

578 Globally, about 50% of crop-growing areas experienced increases in both fertilizer and manure application rates
579 from the 1960s to the past decade across the 21 crop types. The largest increases were concentrated in major
580 agricultural regions of the Northern Hemisphere, particularly East and South Asia, Western Europe, and the
581 United States (Fig. 5). In these regions, N fertilizer application rates increased substantially relative to the 1960s,
582 often exceeding 100 kg N ha! yr'! in major grain-producing areas. Manure application rates also increased,

583 although the magnitude of change was smaller. For maize, strong increases in synthetic fertilizer inputs were
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observed across the U.S. Corn Belt, central and eastern China, and parts of southern Brazil. Manure inputs also
increased in several maize-growing regions, particularly North America, Europe, and parts of East Asia, where
both N fertilizer and manure rose by over 75% relative to the 1961 baseline. For example, in the U.S. Midwest,
N inputs increased by approximately 80 kg N ha! yr! to over 125 kg N ha! yr!. Across the Southern Hemisphere,
Brazil, Argentina, and Australia show consistent positive changes of over 20% in N fertilizer applications, whereas
large areas of Sub-Saharan Africa and Central Asia remain comparatively stable, with changes below 150 kg N
ha! yr!. In Africa, fertilizer input rates for major cereals remained broadly stable at less than 35 kg N ha'! yr'!
over the study period, but manure application increased significantly in East African countries. For wheat,
application rates of both synthetic fertilizer and manure increased by over 40% in northern China, India, and
western Europe; North America and the Middle East show about 20% to 30% growth, while eastern Europe and
parts of Australia exhibit only slight increases. For maize, both N fertilizer and manure application rates showed

widespread increases of more than 30% across the U.S. Corn Belt, central and eastern China, and southern Brazil.
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Figure 5. Mean manure and N fertilizer application rates for maize, rice, and wheat in the 1960s and their
changes in the past decade
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599 By comparison, eastern Europe and southern Africa record modest fertilizer increases of about 10%, paired with
600 a more pronounced rise in manure use of around 32%, suggesting a relative shift toward organic N sources in
601 those systems. For rice, strong positive changes of about 42% for both synthetic and manure N dominate South
602 and Southeast Asia, particularly India, Bangladesh, Vietnam, and southern China. Overall, East Asia, especially
603 the North China Plain and Yangtze River Basin, shows the largest global increases in N inputs to major cereals,
604 with both fertilizer and manure contributions rising by nearly 48% over the study period, while regions with
605 smaller percentage changes often compensate through rising manure contributions even where synthetic fertilizer
606 growth is limited.
607 3.3 National and temporal N fertilizer and manure use application for specific crops
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608 Figure 6. Comparison of crop-specific N fertilizer application rates estimated in this study with independent
609 survey datasets for wheat, maize, rice, and cotton at the country level.
610 Between 1961 and 2023, crop-specific N fertilizer application rates increased in many major producing countries,
611 although the magnitude and timing of these changes varied strongly by crop and region (Fig. 6). The comparison
612 with independent survey datasets showed good agreement for the four major crops. These comparisons indicate
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613 that the reconstructed dataset captures the broad spatial and temporal variability in national crop-specific fertilizer
614 N application rates, although uncertainty is greater for cotton. In China, both the reconstructed and survey data
615 showed substantial increases in fertilizer N application to major cereals. In the matched survey records, wheat
616  increased from about 70 kg N ha™! yr'! in the 1980s to around 130-150 kg N ha™!' yr'! after 2010. Rice showed a
617  similar increase, from roughly 100 kg N ha! yr! in the early records to about 150-170 kg N ha™! yr'! during the
618 2000s and 2010s. Cotton in China was represented by fewer survey records, but available values were generally
619 around 130 kg N ha'! yr'!. India exhibited a later and generally more gradual increase. By 2018, reconstructed
620 application rates reached approximately 114 kg N ha™! yr! for wheat and maize and 127 kg N ha™! yr! for rice,
621 closely corresponding to survey estimates. In contrast, the reconstructed cotton rate for India remained lower than
622 the survey estimate, indicating greater uncertainty for this crop. Long-term agreement was particularly evident for
623 maize in the United States, where reconstructed application rates increased from approximately 65 kg N ha'! yr!
624 in 1964 to 190 kg N ha! yr'! in 2018, compared with corresponding survey values of 67 and 186 kg N ha™' yr.
625 In South Asia, Pakistan also showed relatively high fertilizer rates for wheat, rice, maize, and cotton in recent
626  observations, particularly for cotton and maize. Overall, the validation results demonstrate that the dataset
627 reproduces major national trajectories in crop-specific fertilizer N use, while discrepancies for particular crops
628 and countries highlight the remaining uncertainty associated with limited survey coverage and heterogenecous

629 fertilizer-management practices.

29

suoIssnoasiq



https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Earth System
Science

Data

Open Access

630

631
632
633
634
635
636
637
638

This study This study

Manure application rate (kg N ha™")

Manure

W

1970 1980 1990 2000 2010 2020 1970 1980 1990 2000 2010 2020
Ye: Year

This study This study

Manure application rate (kg N ha™")

N

1970 1980 1990 2000 2010 2020 1970 1980 1990 2000 2010 2020
Year Year

Figure 7. Country-level manure N application rates for wheat, maize, rice, and cotton from 1961 to 2023.

Manure N application rates exhibited temporal trajectories distinct from those of synthetic fertilizer N (Fig. 7) and
were typically lower and changed more gradually, although substantial differences occurred among crops and
countries. In China, mean manure N application rates increased between the 1960s and the most recent decade
from approximately 8 to 22 kg N ha™! yr'! for wheat, maize, rice, and cotton in recent years. Pakistan also showed
marked increases for wheat and cotton, with application rates rising from approximately 10 to 2 kg N ha! yr'!. In
contrast, maize manure application N rates in the United States and Brazil declined from the 1960s to the recent
decade. Cotton showed particularly divergent trajectories, increasing from approximately 20 to 50 kg N ha'! yr!

in Brazil but declining from about 10 to less than 1 kg N ha™! yr'!' in Argentina.
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3.4 Validation and comparison with other crop-specific datasets
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Figure 8. Crop-specific validation of N fertilizer application rate across eight regions using national and
subnational survey data. Each point represents a paired observation between survey and N fertilizer
application rates in this study. Colored regression lines represent crop-specific linear fits between survey
and N fertilizer application rates in this study within each region; the black diagonal line indicates the 1:1
reference line.

To evaluate the robustness and credibility of crop-specific N fertilizer application estimations, we compared our
results with independent survey data from national and subnational sources across eight representative agricultural
regions: Africa, East Asia, East Europe, Latin America, North America, South Asia, Rest Europe & Oceania and
West Asia (Fig. 8). The validation datasets included records from the USDA, the Cost-Benefit Report published
by the National Development and Reform Commission of China (NDRC), and reports from FUBC fertilizer use
by crop. For each region, we calculated the coefficient of determination (R?) from regressions between our
estimates and survey observations across matched crop-specific records. In Africa, East Asia, and North America,
our estimates showed strong agreement with survey data, with regression slopes close to unity and R%values
exceeding 0.85, indicating a good consistency between our gridded estimates and independent survey-based
records. West Asia showed the weakest agreement with survey data, as well as large uncertainty in the
reconstructed crop-specific N input estimates for this region. Typically, major cereals such as maize, wheat, and
rice demonstrate the most robust validation performance across all regions, with our modelled fertilizer

application rates closely matching reported values, reflecting the reliability of our estimates for these crop groups.
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Compared with four previously published datasets, our estimates show more explicit temporal and spatial patterns

of crop-specific N fertilizer application reported in earlier studies, particularly in terms of long-term performance

(Fig
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Figure 9. Spatial comparison of N fertilizer application rates for rice, maize, and wheat between our study
and previously published datasets. Panel A shows the estimate from this study. Panel B shows the crop-
specific estimates from Yu et al. (2022) for rice, Xia et al. (2021) for maize, Nguyen et al. (2024) for wheat;
Panel C presents the dataset from Coello et al. (2025); and Panel D presents estimates from Adalibieke et
al. (2023).

In this study, more explicit temporal and spatial patterns of crop-specific N fertilizer application are partly

attributable to the use of CropAtlas crop-specific harvested-area maps as spatial allocation constraints (Fig. S9).
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668 Our reconstructed harvested area maps are highly consistent with remote-sensing crop products, which provide
669 reasonable constraints for long-term N input reconstruction. For example, the comparison with independent high-
670 resolution remote-sensing crop products demonstrates that our reconstructed harvested-area maps reliably capture
671 the major crop-specific production zones and spatial gradients. For rice, our maps reproduce the major rice-
672 growing regions in central, eastern, southern, and northeastern China, and further reflect spatial differences
673 associated with single- and double-rice systems shown by the CCD-Rice product at 30m resolution (Shen et al.,
674 2025). For maize, the reconstructed harvested area captures the dominant concentration of maize cultivation in
675 the U.S. Corn Belt, particularly across the central Midwest, and shows strong spatial agreement with the 10 m
676 maize distribution from Li et al. (2026). For wheat, our estimates identify the major wheat-growing areas across
677 northern India and the Indo-Gangetic Plain, consistent with the 30 m wheat map of Fu et al. (2025). These
678 agreements suggest that the CropAtlas-based harvested-area constraints provide reliable spatial information for
679 crop-specific allocation and help reduce the misallocation of fertilizer inputs to areas where the target crop is
680 unlikely to be grown, thereby improving the spatial realism of reconstructed crop-specific N fertilizer application
681 maps.

682
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685 Figure 10. Increasing trends of total N fertilizer and manure application inputs by crop groups
686 The marked improvement of this dataset is to provide a spatially explicit, crop-specific, and temporally continuous
687 reconstruction of N inputs from 1961 to 2023 due to the use of intensive, spatialized sub-national crop-specific
688 fertilizer and manure N inputs data (Fig. 10). Our dataset is not only consistent with the original fertilizer and
689 manure statistics but also provides details on where, for which crops, and at what rates N inputs were allocated
690 over the past 63 years. Our crop-specific N dataset is expected to support crop models and biogeochemical models
691 for more precise assessments of terrestrial C-N interaction simulations such as crop yields, N losses, or greenhouse
692  gas emissions, capturing historical trends. Integrating intensive sub-national statistical data and our reconstructed
693 crop-specific harvested areas, we employed multiple ordinary least squares (OLS) regression models to
694 reconstruct historical N input datasets and found that our crop-specific N input dataset successfully captured the
695 interannual variations in both fertilizer and manure inputs across different crop groups and nations. This
696

conclusion was supported by significant correlations between baseline and predicted In(N) amounts for several

34

suoIssnosIq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

697 globally important or spatially concentrated crop groups, including vegetables, fruits, rice, rapeseed, and wheat,
698 although weaker fits were observed for oil palm fruit and sunflower. (Fig. S1).

699 However, our results also showed that roots and tuber crop groups in this study pose challenges for model fitting
700 due to small variations and low fertilizer N inputs. These crops often grow in regions with limited N application
701 and water resources, which may limit our model to predicting N inputs mainly based on irrigation and economic
702 factors (Piao et al., 2010). Because errors in high-input regions have a disproportionate effect on national and
703 global N budgets, we specifically evaluated whether the reconstruction preserved the spatial structure of high N
704 input hotspots in the baseline maps. For each crop group, we selected grid cells in the upper 20% of baseline N
705 input amounts and their reconstructed values to compare with the baseline values using Spearman rank correlation.
706 Across the 21 crop groups, the median Spearman rank correlation was about 0.76, with 16 crop groups showing
707 correlation values greater than 0.70 (Fig. S2). Notably, higher consistency was found not only for major crops
708 with sufficient data in baseline maps but also for millet, pulses, vegetables, groundnuts, oil palm fruit, and fruits.
709 In this study, the 2000 and 2020 baseline products were developed using partially different input datasets and
710 allocation procedures. Overall, they exhibit consistent large-scale spatial patterns of fertilizer intensity, country-
711 level gradients, and hotspot distributions, supporting their joint use as temporal anchors for historical
712 reconstruction. The country-level distribution of N application rates also suggests that global fertilization did not
713 simply converge toward a uniform rate.

714 To validate our model performance during a long-term period, we evaluate the temporal changes of national N
715 application rates across countries. We found a higher CV for fertilizer N inputs in earlier 2000 and indicated an
716 accuracy decrease in this period. This might be explained by limited statistics and a lack of remote-sensing
717 products for accurate crop harvest area (Fig.S3). The crop-specific spread cross-country pattern indicates an
718 uneven change pattern in fertilizer and manure N inputs for different crop groups and countries (Fig. S4 and S5),
719 highlighting the importance of adopting more fine-scale sub-national statistics and crop-specific data to reveal the
720 fine spatiotemporal variations in N inputs (Kallenberg et al., 2026). Globally, cross-country variation in N inputs
721 to cereal crops has gradually narrowed over time, indicating more uniform fertilizer N inputs, which has the
722 potential to increase crop yields in low-N input countries and improve NUE in countries with high N inputs (Zhang
723 et al., 2015). However, the rapid increase in N inputs in some regions also implies potential environmental risks
724 (Harris et al., 2022). In comparison, cross-country variation in manure N inputs for major crops remained
725  relatively stable, suggesting that manure N use efficiency needs to be further improved (Steinfeld & Gerber, 2010).
726 Together, these results highlight the importance of our crop-specific N fertilizer dataset in distinguishing fertilizer

727 types, crop types, and long-term temporal changes.
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728 4.2 N fertilizer and manure use by different crop types

729 Our crop-specific N input dataset highlights that N input data should not be treated as a single cropland-wide
730 variable without crop-specific categories (Cao et al., 2026). Although the national totals of N fertilizer and manure
731 use are constrained by statistical data, this study reconstructs the global N use in cropland among crops and across
732 space and time. The results indicate that global N intensification has been highly crop-selective: much of the
733 increase in N fertilizer use was allocated to a small number of major cereal crops, especially maize, rice, and
734 wheat, whereas manure inputs were distributed more broadly across crop groups and remained closely linked to
735 livestock manure excretion availability (Mueller et al., 2017). This crop selectivity has important implications for
736 global N-cycle modelling. Many terrestrial biogeochemical and crop models represent N inputs at the grid-cell
737 level but often lack crop-specific information (Kaltenegger & Winiwarter, 2020). If a common N application rate
738 is applied uniformly across all croplands within a grid cell, N inputs may be over-allocated to low-input crops and
739 under-allocated to high-input crops. This is particularly important for cereals and horticultural crops, which
740 receive high fertilizer N inputs in many intensively managed systems, and for legumes or root and tuber crops,
741 which often have lower fertilizer N demand or different nutrient management practices (Fan et al., 2012). The
742 distinction between fertilizer and manure N input is important because they reflect different production systems
743 and management constraints. Synthetic fertilizer N is more closely associated with commercial and high-yield
744 cropping systems, and its expansion reflects the increasing dependence of many cereal and horticultural systems
745 on N inputs (Raun & Johnson, 1999). In contrast, manure N input is constrained by livestock distribution, manure
746 production, transport limitations, and the spatial coupling between crop and livestock systems (Hilimire, 2011).
747  As a result, manure allocation reflects not only crop nutrient demand but also local crop—livestock production
748 structures. Some crop systems may have high manure shares because they are embedded in mixed crop-livestock
749 systems, whereas other high-input crop systems rely mainly on synthetic fertilizer because manure supply is
750 spatially disconnected from crop production (Wang et al., 2026). This spatial mismatch is particularly relevant for
751 evaluating manure recycling, nutrient circularity, and mitigation options, because increasing manure use is not
752 simply a matter of replacing N fertilizer globally; it depends on whether manure production is spatially close to
753 cropland, whether crops can efficiently use manure nutrients, and whether transport and nutrient-management
754  constraints can be overcome (Li et al., 2012). Therefore, this dataset can help identify regions where manure
755 recycling is limited by spatial mismatch between livestock and crop production.

756 The increasing contribution of horticultural crops, oil crops, and some legumes also demonstrates the need to
757 move beyond a cereal-only view of global N management (Zhao et al., 2022). Although maize, rice, and wheat

758 remain dominant in total N use, non-cereal crops have become increasingly important in the global N budget; for
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759 example, vegetables and fruits may contribute disproportionately to local N surplus and water-quality risks
760 (Goulding, 2000; Zhang et al., 2021). These crop-specific shifts would be difficult to diagnose from national
761 fertilizer statistics alone. The crop-specific separation of NH4*-N and NOs™-N further strengthens the relevance of
762 the dataset for process-based modelling. Different fertilizer N forms enter soil N transformations through different
763 pathways and can influence nitrification, denitrification, nitrate leaching, and N>O emissions (Zhu et al., 2025).
764 The dataset shows that NH,"-based fertilizer dominates global fertilizer N inputs, especially in major cereal
765 systems, but NOs"-based fertilizers remain important in specific regions and crops. This distinction is useful for
766 models that explicitly simulate soil mineral N pools. However, this component also has uncertainty because
767 fertilizer product information is available mainly at the country level. In this study, country-level fertilizer-form
768 proportions were applied across crops within each country, which is necessary given current data limitations but
769 may not fully capture crop-specific product choices by farmers. Overall, this dataset converts national and sub-
770 national N statistics into a long-term, crop-specific, and spatially explicit representation of N inputs. This makes
771 it possible to assess N use efficiency and environmental losses relative to N management (Cassman et al., 2002).
772 At the same time, the crop-specific estimates should be interpreted in light of uncertainties in the underlying
773 harvested-area maps, fertilizer allocation procedures, fertilizer-form assumptions, and manure availability
774 constraints. Despite these limitations, its primary utility lies in serving as optimized input for global
775 biogeochemical modeling and large-scale N budget assessments, rather than as a product for field-scale fertilizer

776 recommendations.

777 4.3 Uncertainty and limitations in crop-specific N input reconstruction

778 Several sources of uncertainty remain in the reconstruction of the crop-specific N input dataset (Figs. S6-S9).
779  These uncertainties arise from both the statistical datasets used as constraints and the spatial allocation
780 assumptions to transform national and sub-national totals into gridded crop-specific time series. Our dataset
781 should be interpreted as a spatially explicit reconstruction that integrates available statistical data on crop-specific
782 fertilizer inputs, manure inputs, and crop area, rather than as a direct survey of field-scale N management. The
783 first source of uncertainty is associated with the crop-specific allocation of synthetic N fertilizer. Long-term crop-
784 specific fertilizer N statistics are not available for some countries, and sub-national statistics are also spatially and
785 temporally incomplete. We therefore relied on a combination of national fertilizer totals, sub-national allocation
786  ratios, harvested-area maps, and regression-based estimates to reconstruct crop-specific fertilizer inputs. In
787 regions lacking observed fertilizer rates, missing values were inferred using neighboring administrative units by

788 assuming that they are in the same situation. This approach allows the construction of a complete global time
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789 series, but it also assumes that nearby administrative units with similar crops and socioeconomic conditions have
790 comparable fertilizer management. Such assumptions may underrepresent fine-scale variability caused by local
791 fertilizer access, farm size, irrigation, soil fertility, extension services, and farmer management decisions (Liu et
792 al., 2022). A second limitation relates to the use of harvested areas as the spatial basis for fertilizer and manure
793 rate calculation, which might slightly overestimate application rates per cropland area because harvested areas
794 exclude crop failure and abandoned fields. Because consistent, long-term, crop-specific planted-area datasets are
795 not available at global scale, the use of harvested area in this study is consistent with the crop-area statistics
796 available from FAO and most global crop mapping products. Future datasets would benefit from incorporating
797 planted or sown areas where available, particularly in regions with crop failure risks. A third source of uncertainty
798 is associated with the spatial reconstruction of manure inputs. Manure application is more difficult to map than
799 synthetic fertilizer because it depends on livestock distribution, manure production, collection, storage, transport,
800 and crop-livestock integration (Potter et al., 2010). We spatialized national manure totals using livestock-based
801 manure availability, cropland distribution, and baseline manure application patterns for a single reference year.
802 This constrained manure allocation by local availability and reduced unrealistic long-distance redistribution but
803 could not fully capture management differences such as storage losses, grazing systems, and crop preferences
804 (Godde et al., 2021). Therefore, uncertainties are likely larger in mixed crop-livestock regions and where manure
805 markets or long-distance transport are important but poorly documented. In addition, N forms including NH4*-N
806 and NOs™-N fractions were derived from country-level statistics and then applied to all crops within each country
807 because crop-specific fertilizer product data are generally unavailable. This assumption may obscure differences
808 in fertilizer form among crops, regions, and production systems (Davidson, 2012). Future improvements will
809  accordingly require crop- and region-specific fertilizer product surveys on fertilizer types, timing, and splitting of
810 fertilizer applications (Cui et al., 2021).

811 Uncertainty also arises from the crop distribution maps used to allocate N inputs. CropAtlas, SPAM, and other
812 crop-area products provide essential spatial allocation weights, but they are themselves affected by uncertainties
813 in cropland mapping, crop classification, statistical downscaling, and temporal interpolation or extrapolation
814 (Kallenberg et al., 2026). These uncertainties propagate directly into crop-specific N input maps because fertilizer
815 and manure amounts are distributed according to crop harvested areas. This is particularly important for crops
816 with fragmented spatial distributions, multiple cropping systems, or limited remote-sensing reference data. Future
817 work should incorporate more independent crop maps, explicitly distinguish crop ecotypes such as winter and
818 spring wheat or single- and double-rice systems, and improve representation of cropping intensity and planted-

819 area distributions. Despite these limitations, our reconstruction preserves the major large-scale patterns needed
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820 for global modelling applications. These diagnostics help identify where the dataset is more reliable and where
821 caution is needed, especially for regional interpretation or crop groups with sparse observations. Future
822 improvements should prioritize the collection and harmonization of field-level and sub-national fertilizer survey
823 data, especially in regions with limited data. In addition, incorporating distinctions among crop types such as
824 winter and spring wheat, spring and winter maize, or single-, double-, and triple-cropping rice systems with
825 explicit accounting for their spatially heterogeneous planting area distributions would substantially enhance the
826 accuracy of N allocation. Moreover, integrating socio-economic factors such as fertilizer prices, policy incentives,
827 and access to extension services could help better capture drivers of fertilizer use and identify leverage points for
828 sustainable intensification. Better spatial data on livestock systems, manure transport, and manure application
829 destinations would also reduce uncertainty in organic N allocation. As more high-resolution crop maps, planted-
830 area datasets, and management surveys become available, future versions of the dataset could provide more

831 accurate crop-specific N inputs to support sustainable N management at regional and global scales.

832 5 Data availability

833 The crop-specific N fertilizer and manure application rate datasets in this study are available at

834 https://doi.org/10.5281/zenodo.21364978 (Hao et al., 2026).

835 6 Summary

836 This study presents a global, annual, crop-specific dataset of N inputs from synthetic fertilizer and manure at 0.1°
837 x (.1° resolution for 1961-2023 and further distinguishes N fertilizer into NH4"-N and NO3-N components based
838 on fertilizer product information. By integrating national and sub-national statistics, the dataset reconstructs long-
839 term crop-specific N input patterns across global croplands in the past six decades. Compared with existing global
840 datasets, this product improves temporal continuity, crop specificity, and spatial details. Independent comparisons
841 with survey-based datasets indicate that the reconstructed N application rates generally agree with observed crop-
842 specific fertilizer use at national and sub-national scales. Nevertheless, uncertainties remain due to incomplete
843 sub-national statistics, assumptions in spatial allocation, and limited crop-specific fertilizer product information
844 and should be considered when applying the dataset to regional analyses. The dataset is primarily intended to
845 support global and regional modelling applications, including crop-specific N budgeting, N use efficiency
846  assessment, nutrient surplus and deficit analysis, soil N dynamics, and greenhouse gas emission modelling,
847 particularly for N>O. It can provide improved N input data for process-based agroecosystem and terrestrial

848  biosphere models, such as DLEM (You et al., 2022), ORCHIDEE-CNP (Sun et al., 2021), BRTSim (Pasut et al.,
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849 2021) and modelling frameworks used in the Global Carbon Budget (Friedlingstein et al., 2025) or Global N>O
850 Budget (Tian et al., 2024), and Nitrogen Model Intercomparison Project (NMIP) (Tian et al., 2018). Overall, this
851 dataset provides a consistent and spatially explicit foundation for studying long-term cropland N dynamics and

852 evaluating N management strategies globally.

853 Author contributions

854 HT conceived and designed this work. WH performed the study and developed the dataset. HS, XY, NP, and SP
855 contributed to data curation and methodology. FNT, WA, MB, PC, FM, KN, AU, and FZ contributed data

856 resources, domain expertise, and interpretation of the results. All authors contributed to writing the paper.

857 Competing interests

858 Some authors are members of the editorial board of the journal Earth System Science Data.

859 Disclaimer

860 The views expressed in this publication are those of the author(s) and do not necessarily reflect the views or

861 policies of FAO.

862 Acknowledgements

863 We acknowledge computational and facility support from Boston College. This work is a contribution to the
864 Resilience Agrifood System Initiative (RASI), supported by the GCP Boston Office and the Center for Earth
865 System Science and Global Sustainability (CES3) at Boston College.

866 Financial support

867 This work was partially supported by the US National Science Foundation (1903722), the US Department of
868 Agriculture (2022-38821-37341), The Engineer Research and Development Center of US Army Corps of
869 Engineers (W912HZ-25-2-0020), and the project “Food Security Model: Prediction of Food Crisis Risks” under
870  the CGIAR Accelerator on Digital Transformation through IFPRI. H.S. is funded by the National Natural Science
871 Foundation of China (No. 42561144300). FAOSTAT is funded by FAO regular budget. The opinions expressed
872 in this manuscript are the authors’ only and cannot be taken to represent FAO’s views or positions on the subject
873 matter. H.T. also acknowledges financial support from Andrew Carnegie Fellowship and Humboldt Research

874 Award.

40

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

875 References

876 Adalibieke, W., Cui, X., Cai, H., You, L., & Zhou, F. (2023). Global crop-specific nitrogen fertilization dataset
877  in 1961-2020. Scientific Data, 10(1), 617. https://doi.org/10.1038/s41597-023-02526-z

878 Adalibieke, W., Zhan, X., Cui, X., Reis, S., Winiwarter, W., & Zhou, F. (2021). Decoupling between ammonia
879 emission and crop production in China due to policy interventions. Global Change Biology, 27(22), 5877-5888.
880 https://doi.org/10.1111/gcb.15847

881 Allan, R. P., Paola A., A., Bellouin, N., Coppola, E., Jones, R., Krinner, G., Marotzke, J., Naik, V., Palmer, M.,
882 Plattner, G.-K., Rogelj, J., Rojas, M., Sillmann, J., Storelvmo, T., Thorne, P., Trewin, B., Achutarao, K., Adhikary,
883 B., Allan, R., ... Zickfeld, K. (2021). Climate change 2021: The physical science basis. Contribution of working
884  group I to the sixth assessment report of the intergovernmental panel on climate change; technical summary
885 [Collection]. https://www.ipcc.ch/report/ar6/wgl/

886 Australian Bureau of Statistics. (2026). [Land Management and Farming in Australia. ABS.].
887 https://www.abs.gov.au/statistics/industry/agriculture/land-management-and-farming-australia/latest-release.
888 Bouwman, L., Goldewijk, K. K., Van Der Hoek, K. W., Beusen, A. H. W., Van Vuuren, D. P., Willems, J., Rufino,
889 M. C., & Stehfest, E. (2013). Exploring global changes in nitrogen and phosphorus cycles in agriculture induced
890 by livestock production over the 1900-2050 period. Proceedings of the National Academy of Sciences, 110(52),
891 20882-20887. https://doi.org/10.1073/pnas. 1012878108

892 Cao, P., Bilotto, F., Gonzalez Fischer, C., Mueller, N. D., Carlson, K. M., Driscoll, A. W., Gerber, J. S., Smith,
893 P., Tubiello, F. N., West, P. C., You, L., & Herrero, M. (2026). Spatially explicit global assessment of cropland
894 greenhouse gas emissions circa 2020. Nature Climate Change, 16(3), 354-363. https://doi.org/10.1038/s41558-
895 026-02558-4

896 Cassman, K. G., Dobermann, A., & Walters, D. T. (2002). Agroecosystems, nitrogen-use efficiency, and nitrogen
897 management. AMBIO: A Journal of the Human Environment, 31(2), 132—140. https://doi.org/10.1579/0044-7447-
898 31.2.132

899 Coello, F., Decorte, T., Janssens, 1., Mortier, S., Sardans, J., Pefiuelas, J., & Verdonck, T. (2025). Global crop-
900 specific fertilization dataset from 1961-2019. Scientific Data, 12(1), 40. https://doi.org/10.1038/s41597-024-
901 04215-x

902 Cui, X., Zhou, F., Ciais, P., Davidson, E. A., Tubiello, F. N., Niu, X., Ju, X., Canadell, J. G., Bouwman, A. F.,
903 Jackson, R. B., Mueller, N. D., Zheng, X., Kanter, D. R., Tian, H., Adalibicke, W., Bo, Y., Wang, Q., Zhan, X.,
904 & Zhu, D. (2021). Global mapping of crop-specific emission factors highlights hotspots of nitrous oxide
905 mitigation. Nature Food, 2(11), 886—893. https://doi.org/10.1038/s43016-021-00384-9

41

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

906 Davidson, E. A. (2012). Representative concentration pathways and mitigation scenarios for nitrous oxide.
907  Environmental Research Letters, 7(2), 024005. https://doi.org/10.1088/1748-9326/7/2/024005

908 de Vries, W. (2021). Impacts of nitrogen emissions on ecosystems and human health: A mini review. Current
909 Opinion in Environmental Science & Health, 21, 100249. https://doi.org/10.1016/j.coesh.2021.100249

910 DEFRA. (2026). [Dataset]. https://www.gov.uk/government/statistics/fertiliser-usage-on-farm-england

911 Erisman, J. W., Sutton, M. A., Galloway, J., Klimont, Z., & Winiwarter, W. (2008). How a century of ammonia
912 synthesis changed the world. Nature Geoscience, 1(10), 636—639. https://doi.org/10.1038/ngeo325

913 Fan, M., Shen, J., Yuan, L., Jiang, R., Chen, X., Davies, W. J., & Zhang, F. (2012). Improving crop productivity
914 and resource use efficiency to ensure food security and environmental quality in China. Journal of Experimental
915 Botany, 63(1), 13-24. https://doi.org/10.1093/jxb/err248

916 FAO. (2024). Agricultural production statistics 2010-2023. FAO.
917 https://openknowledge.fao.org/handle/20.500.14283/cd3755en

918 FAO. (2025a). Cropland nutrient balance. Global, regional and country trends 1961-2023. FAO.
919 https://doi.org/10.4060/cd7827en

920 FAO. (2025b). Greenhouse gas emissions from agrifood systems. Global, regional and country trends, 2001—
921 2023. FAO. https://doi.org/10.4060/cd7300en

922 FAO. (2025c¢). Grodded Livestock of the World version 4 (GLW4). FAO. https://doi.org/10.4060/cd5938en

923 FAO. (2025d). Sustainable nitrogen management in agrifood systems. FAO. https://doi.org/10.4060/cd3388en
924 FAO. (2025¢). Sustainable nitrogen management in agrifood systems. FAO. https://doi.org/10.4060/cd3388en
925 Foley, J. A., Ramankutty, N., Brauman, K. A., Cassidy, E. S., Gerber, J. S., Johnston, M., Mueller, N. D.,
926 O’Connell, C., Ray, D. K., West, P. C., Balzer, C., Bennett, E. M., Carpenter, S. R., Hill, J., Monfreda, C., Polasky,
927 S., Rockstrom, J., Sheehan, J., Siebert, S., ... Zaks, D. P. M. (2011). Solutions for a cultivated planet. Nature,
928 478(7369), 337-342. https://doi.org/10.1038/nature10452

929 Franceschini, G., Khan, A., Moretti, L., Nyabuti, K., Asif, M., Bezuidenhoudt, E., & Morteo, K. (2025). The
930  global administrative unit layers (GAUL) 2024. Technical guidelines. FAO. https://doi.org/10.4060/cd4262en
931 Friedlingstein, P., O’Sullivan, M., Jones, M. W., Andrew, R. M., Hauck, J., Landschiitzer, P., Le Quér¢, C., Li,
932 H., Luijkx, I. T., Olsen, A., Peters, G. P., Peters, W., Pongratz, J., Schwingshackl, C., Sitch, S., Canadell, J. G.,
933 Ciais, P., Jackson, R. B., Alin, S. R,, ... Zeng, J. (2025). Global carbon budget 2024. Earth System Science Data,
934 17(3), 965-1039. https://doi.org/10.5194/essd-17-965-2025

42

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

935 Frink, C. R., Waggoner, P. E., & Ausubel, J. H. (1999). Nitrogen fertilizer: Retrospect and prospect. Proceedings
936 of the National Academy of Sciences of the United States of America, 96(4), 1175-1180.
937 https://doi.org/10.1073/pnas.96.4.1175

938 Fu, Y., Chen, X., Song, C., Huang, X., Dong, J., Peng, Q., & Yuan, W. (2025). High-resolution mapping of global
939 winter-triticeae crops using a sample-free identification method. Earth System Science Data, 17(1), 95-115.
940 https://doi.org/10.5194/essd-17-95-2025

941 Galloway, J. N., & Cowling, E. B. (2021). Reflections on 200 years of nitrogen, 20 years later. Ambio, 50(4), 745—
942 749. https://doi.org/10.1007/s13280-020-01464-z

943 Galloway, J. N., Townsend, A. R., Erisman, J. W., Bekunda, M., Cai, Z., Freney, J. R., Martinelli, L. A., Seitzinger,
944 S. P., & Sutton, M. A. (2008). Transformation of the nitrogen cycle: Recent trends, questions, and potential
945 solutions. Science, 320(5878), 889-892. https://doi.org/10.1126/science.1136674

946 Gilbert, M., Nicolas, G., Cinardi, G., Van Boeckel, T. P., Vanwambeke, S. O., Wint, G. R. W., & Robinson, T. P.
947 (2018). Global distribution data for cattle, buffaloes, horses, sheep, goats, pigs, chickens and ducks in 2010.
948 Scientific Data, 5(1), 180227. https://doi.org/10.1038/sdata.2018.227

949 Godde, C. M., Mason-D’Croz, D., Mayberry, D. E., Thornton, P. K., & Herrero, M. (2021). Impacts of climate
950 change on the livestock food supply chain; a review of the evidence. Global Food Security, 28, 100488.
951 https://doi.org/10.1016/j.gf5.2020.100488

952 Gong, C., Tian, H., Liao, H., Pan, N., Pan, S., Ito, A., Jain, A. K., Kou-Giesbrecht, S., Joos, F., Sun, Q., Shi, H.,
953 Vuichard, N., Zhu, Q., Peng, C., Maggi, F., Tang, F. H. M., & Zaehle, S. (2024). Global net climate effects of
954 anthropogenic reactive nitrogen. Nature, 632(8025), 557-563. https://doi.org/10.1038/s41586-024-07714-4

955 Goulding, K. (2000). Nitrate leaching from arable and horticultural land. Soil Use and Management, 16(s1), 145—
956 151. https://doi.org/10.1111/j.1475-2743.2000.tb00218.x

957 Gu, B., Zhang, X., Lam, S. K., Yu, Y., van Grinsven, H. J. M., Zhang, S., Wang, X., Bodirsky, B. L., Wang, S.,
958 Duan, J., Ren, C., Bouwman, L., de Vries, W., Xu, J., Sutton, M. A., & Chen, D. (2023). Cost-effective mitigation
959 of nitrogen pollution from global croplands. Nature, 613(7942), 77-84. https://doi.org/10.1038/s41586-022-
960 05481-8

961 Hao, W., Tian, H., Shi, H., Yu, X., Pan, N., Pan, S., Tubiello, F. N., Adalibiecke, W., Bernoux, M., Ciais, P., Maggi,
962 F., Nishina, K., Uwizeye, A., & Zhou, F. (2026). HaNi-crop: A harmonized and gridded global dataset of crop-
963 specific nitrogen inputs from nitrogen fertilizer and manure. https://doi.org/10.5281/zenodo.21364978

964 Harris, E., Yu, L., Wang, Y.-P., Mohn, J., Henne, S., Bai, E., Barthel, M., Bauters, M., Boeckx, P., Dorich, C.,
965 Farrell, M., Krummel, P. B., Loh, Z. M., Reichstein, M., Six, J., Steinbacher, M., Wells, N. S., Bahn, M., & Rayner,

43

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

966 P. (2022). Warming and redistribution of nitrogen inputs drive an increase in terrestrial nitrous oxide emission
967 factor. Nature Communications, 13(1), 4310. https://doi.org/10.1038/s41467-022-32001-z

968 Hilimire, K. (2011). Integrated crop/livestock agriculture in the united states: A review. Journal of Sustainable
969  Agriculture, 35(4), 376-393. https://doi.org/10.1080/10440046.2011.562042

970 Houlton, B. Z., Sigman, D. M., Schuur, E. A. G., & Hedin, L. O. (2007). A climate-driven switch in plant nitrogen
971 acquisition within tropical forest communities. Proceedings of the National Academy of Sciences, 104(21), 8902—
972 8906. https://doi.org/10.1073/pnas.0609935104

973 Hurtt, G. C., Chini, L., Sahajpal, R., Frolking, S., Bodirsky, B. L., Calvin, K., Doelman, J. C., Fisk, J., Fujimori,
974 S., Klein Goldewijk, K., Hasegawa, T., Havlik, P., Heinimann, A., Humpendder, F., Jungclaus, J., Kaplan, J. O.,
975 Kennedy, J., Krisztin, T., Lawrence, D., ... Zhang, X. (2020). Harmonization of global land use change and
976 management for the period 850-2100 (LUH2) for CMIP6. Geoscientific Model Development, 13(11), 5425-5464.
977 https://doi.org/10.5194/gmd-13-5425-2020

978 Institute (IFPRI), 1. F. P. R. (2019). Global spatially-disaggregated crop production statistics data for 2000
979 version 3.0.7 (Version 2.2) [Dataset]. Harvard Dataverse. https://doi.org/10.7910/DVN/AS0I12T

980 Institute (IFPRI), I. F. P. R. (2025). Global spatially-disaggregated crop production statistics data for 2010
981 version 2.0 (Version 4.2) [Dataset]. Harvard Dataverse. https://doi.org/10.7910/DVN/PRFF8V

982 Institute (IFPRI), I. F. P. R. (2026). Global spatially-disaggregated crop production statistics data for 2020
983 version 2.0 release 2 (Version 6.0) [Dataset]. Harvard Dataverse. https://doi.org/10.7910/DVN/SWPENT

984 Institute (IFPRI), I. F. P. R., & Analysis (ITASA), I. I. for A. S. (2025). Global spatially-disaggregated crop
985  production statistics data for 2005 version 3.2 (Version 9.4) [Dataset]. Harvard Dataverse.
986 https://doi.org/10.7910/DVN/DHXBIJX

987 Jagermeyr, J., Miiller, C., Ruane, A. C., Elliott, J., Balkovic, J., Castillo, O., Faye, B., Foster, 1., Folberth, C.,
988 Franke, J. A., Fuchs, K., Guarin, J. R., Heinke, J., Hoogenboom, G., lizumi, T., Jain, A. K., Kelly, D., Khabarov,
989 N, Lange, S., ... Rosenzweig, C. (2021). Climate impacts on global agriculture emerge earlier in new generation
990 of climate and crop models. Nature Food, 2(11), Article 11. https://doi.org/10.1038/s43016-021-00400-y

991 Kallenberg, M., Paudel, D., Ofori-Ampofo, S., Baja, H., van Bree, R., Potze, A., Poudel, P., Saleh, A., Anderson,
992 W., von Bloh, M., Castellano, A., Ennaji, O., Hamed, R., Laudien, R., Lee, D., Luna, 1., Masilitinas, D., Meroni,
993 M., Mutuku, J. M., ... Athanasiadis, I. N. (2026). CY-bench: A comprehensive benchmark dataset for sub-national
994 crop yield forecasting. Earth System Science Data, 18(6), 3997—4018. https://doi.org/10.5194/essd-18-3997-2026
995 Kaltenegger, K., & Winiwarter, W. (2020). Global gridded nitrogen indicators: Influence of crop maps. Global
996  Biogeochemical Cycles, 34(12), €2020GB006634. https://doi.org/10.1029/2020GB006634

44

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

997 Klein Goldewijk, K., Beusen, A., Doelman, J., & Stehfest, E. (2017). Anthropogenic land use estimates for the

998 holocene — HYDE 3.2. Earth System Science Data, 9(2), 927-953. https://doi.org/10.5194/essd-9-927-2017

999 Koldasbayeva, D., Tregubova, P., Gasanov, M., Zaytsev, A., Petrovskaia, A., & Burnaev, E. (2024). Challenges
1000 in data-driven geospatial modeling for environmental research and practice. Nature Communications, 15(1),
1001 10700. https://doi.org/10.1038/s41467-024-55240-8
1002 Kummu, M., Kosonen, M., & Masoumzadeh Sayyar, S. (2025). Downscaled gridded global dataset for gross
1003 domestic product (GDP) per capita PPP over 1990-2022. Scientific Data, 12(1), 178.
1004  https://doi.org/10.1038/541597-025-04487-x
1005 Lassaletta, L., Billen, G., Grizzetti, B., Anglade, J., & Garnier, J. (2014). 50 year trends in nitrogen use efficiency
1006 of world cropping systems: The relationship between yield and nitrogen input to cropland. Environmental
1007  Research Letters, 9(10), 105011. https://doi.org/10.1088/1748-9326/9/10/105011
1008 Li, C., Salas, W., Zhang, R., Krauter, C., Rotz, A., & Mitloehner, F. (2012). Manure-DNDC: A biogeochemical
1009 process model for quantifying greenhouse gas and ammonia emissions from livestock manure systems. Nutrient
1010 Cycling in Agroecosystems, 93(2), 163-200. https://doi.org/10.1007/s10705-012-9507-z
1011 Li, H., Song, X.-P., Adusei, B., Pickering, J., Lima, A., Poulson, A., Baggett, A., Potapov, P., Khan, A., Zalles,
1012 V., Hernandez-Serna, A., Jantz, S. M., Pickens, A. H., Ortiz-Dominguez, C., Li, X., Kerr, T., Song, Z.,
1013 Turubanova, S., Bongwele, E., ... Hansen, M. C. (2026). An accurate 10-m annual crop map product of maize
1014 and soybean across the united states. Earth System Science Data, 18(3), 2227-2249. https://doi.org/10.5194/essd-
1015 18-2227-2026
1016 Liu, L., Xu, W., Lu, X., Zhong, B., Guo, Y., Lu, X., Zhao, Y., He, W., Wang, S., Zhang, X., Liu, X., & Vitousek,
1017 P. (2022). Exploring global changes in agricultural ammonia emissions and their contribution to nitrogen
1018 deposition since 1980. Proceedings of the National Academy of Sciences, 119(14), €2121998119.
1019 https://doi.org/10.1073/pnas.2121998119
1020 Liu, X., Zheng, J., Yu, L., Hao, P., Chen, B., Xin, Q., Fu, H., & Gong, P. (2021). Annual dynamic dataset of
1021 global cropping intensity from 2001 to 2019. Scientific Data, 8(1), 283. https://doi.org/10.1038/s41597-021-
1022 01065-9
1023 Ludemann, C. I., Gruere, A., Heffer, P., & Dobermann, A. (2022). Global data on fertilizer use by crop and by
1024 country. Scientific Data, 9(1), 501. https://doi.org/10.1038/s41597-022-01592-z
1025 Ludemann, C. 1., Wanner, N., Chivenge, P., Dobermann, A., Einarsson, R., Grassini, P., Gruere, A., Jackson, K.,
1026 Lassaletta, L., Maggi, F., Obli-Laryea, G., van Ittersum, M. K., Vishwakarma, S., Zhang, X., & Tubiello, F. N.
1027 (2024). A global FAOSTAT reference database of cropland nutrient budgets and nutrient use efficiency (1961—

45

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

1028 2020): Nitrogen, phosphorus and potassium. Earth System Science Data, 16(1), 525-541.
1029 https://doi.org/10.5194/essd-16-525-2024

1030 Malone, B. P., McBratney, A. B., Minasny, B., & Wheeler, 1. (2012). A general method for downscaling earth
1031 resource information. Computers & Geosciences, 41, 119—125. https://doi.org/10.1016/j.cageo.2011.08.021
1032 Matson, P. A., Parton, W. J., Power, A. G., & Swift, M. J. (1997). Agricultural intensification and ecosystem
1033 properties. Science, 277(5325), 504-509. https://doi.org/10.1126/science.277.5325.504

1034 Mehta, P., Siebert, S., Kummu, M., Deng, Q., Ali, T., Marston, L., Xie, W., & Davis, K. F. (2024). Half of twenty-
1035 first century global irrigation expansion has been in water-stressed regions. Nature Water, 2(3), 254-261.
1036  https://doi.org/10.1038/s44221-024-00206-9

1037 Monfreda, C., Ramankutty, N., & Foley, J. A. (2008). Farming the planet: 2. Geographic distribution of crop areas,
1038 yields, physiological types, and net primary production in the year 2000. Global Biogeochemical Cycles, 22(1).
1039 https://doi.org/10.1029/2007GB002947

1040 Mueller, N. D., Gerber, J. S., Johnston, M., Ray, D. K., Ramankutty, N., & Foley, J. A. (2012). Closing yield gaps
1041 through nutrient and water management. Nature, 490(7419), 254-257. https://doi.org/10.1038/nature1 1420

1042 Mueller, N. D., Lassaletta, L., Runck, B. C., Billen, G., Garnier, J., & Gerber, J. S. (2017). Declining spatial
1043 efficiency of global cropland nitrogen allocation. Global Biogeochemical Cycles, 31(2), 245-257.
1044 https://doi.org/10.1002/2016GB005515

1045 NBSC. (2026). [Dataset]. https://www.stats.gov.cn/english/

1046 Nguyen, T. H., Tang, F. H. M., Conchedda, G., Casse, L., Obli-Laryea, G., Tubiello, F. N., & Maggi, F. (2024).
1047 NPKGRIDS: A global georeferenced dataset of N, P205, and K20 fertilizer application rates for 173 crops.
1048 Scientific Data, 11(1), 1179. https://doi.org/10.1038/s41597-024-04030-4

1049  Nishina, K., Ito, A., Hanasaki, N., & Hayashi, S. (2017). Reconstruction of spatially detailed global map of NH4*
1050 and NOs;~ application in synthetic nitrogen fertilizer. Earth System Science Data, 9(1), 149-162.
1051 https://doi.org/10.5194/essd-9-149-2017

1052 Pasut, C., Tang, F. H. M., Hamilton, D., Riley, W. J., & Maggi, F. (2021). Spatiotemporal assessment of GHG
1053 emissions and nutrient  sequestration linked to  agronutrient runoff in global wetlands.
1054 https://doi.org/10.1029/2020GB006816

1055 Piao, S., Ciais, P., Huang, Y., Shen, Z., Peng, S., Li, J., Zhou, L., Liu, H., Ma, Y., Ding, Y., Friedlingstein, P.,
1056 Liu, C., Tan, K., Yu, Y., Zhang, T., & Fang, J. (2010). The impacts of climate change on water resources and
1057 agriculture in China. Nature, 467(7311), 43-51. https://doi.org/10.1038/nature09364

46

suoIssnoasiq



Earth System
Science

iData

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

en Access

1058 Potter, P., Ramankutty, N., Bennett, E. M., & Donner, S. D. (2010). Characterizing the spatial patterns of global
1059 fertilizer application and manure production. https://doi.org/10.1175/2009E1288.1

1060 Raun, W. R., & Johnson, G. V. (1999). Improving nitrogen use efficiency for cereal production. 4gronomy
1061 Journal, 91(3), 357-363. https://doi.org/10.2134/agronj1999.00021962009100030001x

1062 Shcherbak, 1., Millar, N., & Robertson, G. P. (2014). Global metaanalysis of the nonlinear response of soil nitrous
1063 oxide (N20) emissions to fertilizer nitrogen. Proceedings of the National Academy of Sciences, 111(25), 9199—
1064 9204. https://doi.org/10.1073/pnas.1322434111

1065 Shen, R., Peng, Q., Li, X., Chen, X., & Yuan, W. (2025). CCD-rice: A long-term paddy rice distribution dataset
1066 in China at 30-m resolution. Earth System Science Data, 17(5), 2193-2216. https://doi.org/10.5194/essd-17-2193-
1067 2025

1068 SIDRA. (2026). [Dataset]. https://doi.org/https://sidra.ibge.gov.br/home/pimpfbr/brasil

1069 Steinfeld, H., & Gerber, P. (2010). Livestock production and the global environment: Consume less or produce
1070 better?  Proceedings  of the  National  Academy  of  Sciences, 107(43), 18237-18238.
1071 https://doi.org/10.1073/pnas.1012541107

1072 Sun, Y., Goll, D. S., Chang, J., Ciais, P., Guenet, B., Helfenstein, J., Huang, Y., Lauerwald, R., Maignan, F.,
1073 Naipal, V., Wang, Y., Yang, H., & Zhang, H. (2021). Global evaluation of the nutrient-enabled version of the
1074 land surface model ORCHIDEE-CNP v1.2 (r5986). Geoscientific Model Development, 14(4), 1987-2010.
1075 https://doi.org/10.5194/gmd-14-1987-2021

1076 Tang, F. H. M., Nguyen, T. H., Conchedda, G., Casse, L., Tubiello, F. N., & Maggi, F. (2024). CROPGRIDS: A
1077 global geo-referenced dataset of 173 crops. Scientific Data, 11(1), 413. https://doi.org/10.1038/s41597-024-
1078 03247-7

1079 Thomas, R. Q., Brookshire, E. N. J., & Gerber, S. (2015). Nitrogen limitation on land: How can it occur in earth
1080 system models? Global Change Biology, 21(5), 1777-1793. https://doi.org/10.1111/gcb.12813

1081 Tian, H., Bian, Z., Shi, H., Qin, X., Pan, N., Lu, C., Pan, S., Tubiello, F. N., Chang, J., Conchedda, G., Liu, J.,
1082 Mueller, N., Nishina, K., Xu, R., Yang, J., You, L., & Zhang, B. (2022). History of anthropogenic nitrogen inputs
1083 (HaNi) to the terrestrial biosphere: A 5 arcmin resolution annual dataset from 1860 to 2019. Earth System Science
1084  Data, 14(10), 4551-4568. https://doi.org/10.5194/essd-14-4551-2022

1085 Tian, H., Lu, C., Ciais, P., Michalak, A. M., Canadell, J. G., Saikawa, E., Huntzinger, D. N., Gurney, K. R., Sitch,
1086 S., Zhang, B., Yang, J., Bousquet, P., Bruhwiler, L., Chen, G., Dlugokencky, E., Friedlingstein, P., Melillo, J.,
1087 Pan, S., Poulter, B., ... Wofsy, S. C. (2016). The terrestrial biosphere as a net source of greenhouse gases to the
1088 atmosphere. Nature, 531(7593), 225-228. https://doi.org/10.1038/nature16946

47

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

1089 Tian, H., Pan, N., Thompson, R. L., Canadell, J. G., Suntharalingam, P., Regnier, P., Davidson, E. A., Prather,
1090 M., Ciais, P., Muntean, M., Pan, S., Winiwarter, W., Zachle, S., Zhou, F., Jackson, R. B., Bange, H. W., Berthet,
1091 S., Bian, Z., Bianchi, D., ... Zhu, Q. (2024). Global nitrous oxide budget (1980-2020). Earth System Science Data,
1092 16(6), 2543-2604. https://doi.org/10.5194/essd-16-2543-2024

1093 Tian, H., Yang, J., Lu, C., Xu, R., Canadell, J. G., Jackson, R. B., Arneth, A., Chang, J., Chen, G., Ciais, P.,
1094 Gerber, S., Ito, A., Huang, Y., Joos, F., Lienert, S., Messina, P., Olin, S., Pan, S., Peng, C., ... Zhu, Q. (2018).
1095 The global N20O model intercomparison project. https://doi.org/10.1175/BAMS-D-17-0212.1

1096 USDA. (2026). [Dataset]. https://doi.org/https://fdc.nal.usda.gov/

1097 Uwizeye, A., de Boer, 1. J. M., Opio, C. L., Schulte, R. P. O., Falcucci, A., Tempio, G., Teillard, F., Casu, F., Rulli,
1098 M., Galloway, J. N., Leip, A., Erisman, J. W., Robinson, T. P., Steinfeld, H., & Gerber, P. J. (2020). Nitrogen
1099 emissions along global livestock supply chains. Nature Food, 1(7),437-446. https://doi.org/10.1038/s43016-020-
1100  0113-y

1101 Wang, C., Shen, Y., Fang, X., Xiao, S., Liu, G., Wang, L., Gu, B., Zhou, F., Chen, D., Tian, H., Ciais, P., Zou, J.,
1102 & Liu, S. (2024). Reducing soil nitrogen losses from fertilizer use in global maize and wheat production. Nature
1103 Geoscience, 17(10), 1008—1015. https://doi.org/10.1038/s41561-024-01542-x

1104 Wang, Y., Zhang, X., Spiegal, S., & Davidson, E. A. (2026). A framework for estimating manure nitrogen balance
1105 and recycling potential for current and future conditions in the USA. Nature Food, 7(3), 260-271.
1106  https://doi.org/10.1038/s43016-026-01312-5

1107 West, P. C., Gerber, J. S., Engstrom, P. M., Mueller, N. D., Brauman, K. A., Carlson, K. M., Cassidy, E. S.,
1108 Johnston, M., MacDonald, G. K., Ray, D. K., & Siebert, S. (2014). Leverage points for improving global food
1109 security and the environment. Science, 345(6194), 325-328. https://doi.org/10.1126/science.1246067

1110 Xia, Y., Kwon, H., & Wander, M. (2021). Developing county-level data of nitrogen fertilizer and manure inputs
1111 for corn production in the wunited states. Journal of Cleaner Production, 309, 126957.
1112 https://doi.org/10.1016/j.jclepro.2021.126957

1113 Xu, P, Li, G., Zheng, Y., Fung, J. C. H., Chen, A., Zeng, Z., Shen, H., Hu, M., Mao, J., Zheng, Y., Cui, X., Guo,
1114 Z.,Chen, Y., Feng, L., He, S., Zhang, X., Lau, A. K. H., Tao, S., & Houlton, B. Z. (2024). Fertilizer management
1115 for global ammonia emission reduction. Nature, 626(8000), 792—798. https://doi.org/10.1038/s41586-024-07020-
1116 z

1117 Yoon, S., & Lee, W.-H. (2023). Application of true skill statistics as a practical method for quantitatively assessing
1118 CLIMEX performance. Ecological Indicators, 146, 109830. https://doi.org/10.1016/j.ecolind.2022.109830

48

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-595
Preprint. Discussion started: 13 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

1119 You, Y., Tian, H., Pan, S., Shi, H., Bian, Z., Gurgel, A., Huang, Y., Kicklighter, D., Liang, X.-Z., Lu, C., Melillo,
1120 J., Miao, R., Pan, N., Reilly, J., Ren, W., Xu, R., Yang, J., Yu, Q., & Zhang, J. (2022). Incorporating dynamic
1121 crop growth processes and management practices into a terrestrial biosphere model for simulating crop production
1122 in the united states: Toward a unified modeling framework. Agricultural and Forest Meteorology, 325, 109144.
1123 https://doi.org/10.1016/j.agrformet.2022.109144

1124 Yu, Q., You, L., Wood-Sichra, U., Ru, Y., Joglekar, A. K. B., Fritz, S., Xiong, W., Lu, M., Wu, W., & Yang, P.
1125 (2020). A cultivated planet in 2010 — part 2: The global gridded agricultural-production maps. Earth System
1126 Science Data, 12(4), 3545-3572. https://doi.org/10.5194/essd-12-3545-2020

1127 Yu, X., Tao, X., Liao, J., Liu, S., Xu, L., Yuan, S., Zhang, Z., Wang, F., Deng, N., Huang, J., & Peng, S. (2022).
1128 Predicting potential cultivation region and paddy area for ratoon rice production in China using maxent model.
1129  Field Crops Research, 275, 108372. https://doi.org/10.1016/.fcr.2021.108372

1130 Yu, Z., Liu, J., & Kattel, G. (2022). Historical nitrogen fertilizer use in China from 1952 to 2018. Earth System
1131 Science Data, 14(11), 5179-5194. https://doi.org/10.5194/essd-14-5179-2022

1132 Zhang, X., Davidson, E. A., Mauzerall, D. L., Searchinger, T. D., Dumas, P., & Shen, Y. (2015). Managing
1133 nitrogen for sustainable development. Nature, 528(7580), 51-59. https://doi.org/10.1038/nature15743

1134 Zhang, X., Zou, T., Lassaletta, L., Mueller, N. D., Tubiello, F. N., Lisk, M. D., Lu, C., Conant, R. T., Dorich, C.
1135 D., Gerber, J., Tian, H., Bruulsema, T., Maaz, T. M., Nishina, K., Bodirsky, B. L., Popp, A., Bouwman, L., Beusen,
1136 A., Chang, J., ... Davidson, E. A. (2021). Quantification of global and national nitrogen budgets for crop
1137 production. Nature Food, 2(7), 529-540. https://doi.org/10.1038/s43016-021-00318-5

1138 Zhao, J., Chen, J., Beillouin, D., Lambers, H., Yang, Y., Smith, P., Zeng, Z., Olesen, J. E., & Zang, H. (2022).
1139 Global systematic review with meta-analysis reveals yield advantage of legume-based rotations and its drivers.
1140  Nature Communications, 13(1), 4926. https://doi.org/10.1038/s41467-022-32464-0

1141 Zhu, G., Shi, H., Zhong, L., He, G., Wang, B., Shan, J., Han, P, Liu, T., Wang, S., Liu, C., Zhang, N., Jiang, L.,
1142 Yu, L., Zhan, C., Tang, Z., Wen, T., Ma, B., Su, X., Zhang, S., ... Zhu, Y.-G. (2025). Nitrous oxide sources,
1143 mechanisms  and  mitigation.  Nature  Reviews  Earth &  Environment, 6(9), 574-592.
1144 https://doi.org/10.1038/s43017-025-00707-5

1145

49

suoIssnoasiq



