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Abstract. The lack of knowledge on how nitrogen cycles respond to environmental changes globally is a critical 29 

gap in assessing the sustainability of current terrestrial ecosystem services and projecting future carbon sink. 30 

The absence of spatiotemporal continuity in current nitrogen-cycle observations limits our understanding of how 31 

nitrogen cycles respond climate change. Plant nitrogen stable isotope (δ15N) serves as an integrator of nitrogen 32 

cycles, allowing quantification of how nitrogen cycles change. Existing on-ground data allow for estimation of 33 

δ15N based on the established relationship between δ15N and plant reflectance, providing the basis for large-scale 34 

long-term monitoring of δ15N with satellite-based surface spectra.  35 

Here we describe a novel method that calculates the annual δ15N globally based on Landsat reflectance from 36 

1984 to 2023 with planned updates for coming years using Google Earth Engine. The resulting spatio-temporal 37 

data include four channels: (i) mean δ15N values; (ii) prediction uncertainty; (iii) the number of Landsat 38 

retrievals used; and (iv) a data quality assessment. We also demonstrate ways to access and visualise the maps 39 

and time series at various spatiotemporal scales with minimal requirements on programming skills and 40 
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computational capacity. Finally, we show applications of the δ15N maps for identifying drivers of δ15N variation. 41 

The framework is open access on the cloud, providing all users easy access to nitrogen cycle monitoring. The 42 

dataset is available at DOI: https://doi.org/10.25919/zxvv-bj04 (Yang et al., 2026). A web-based application 43 

provides code-free access and visualisation to the dataset: https://tern-landscapes.earthengine.app/view/nitrogen-44 

availability. 45 

Key words: Nitrogen cycles, remote sensing, Landsat, ecosystem monitoring, global change, 15N 46 

1 Introduction 47 

The terrestrial nitrogen cycle is strongly affected by anthropogenic environmental changes (Galloway et al., 48 

2008; Mason et al., 2022). Rising atmospheric carbon dioxide concentration can stimulate plant growth and thus 49 

increase nitrogen demand (Hungate et al., 2003; Walker et al., 2021; Ruehr et al., 2023). On the other hand, 50 

increasing temperature and altered rainfall patterns changes soil microbial activities (Jansson and Hofmockel, 51 

2022) and affects plant growth (Zhu et al., 2016). In addition, disturbance such as fire (Bowman et al., 2020), 52 

land use change (Jaureguiberry et al., 2022), and atmospheric nitrogen deposition (Tian et al., 2023) 53 

dramatically affect regional nitrogen cycles. A critical unresolved question in global change ecology is whether 54 

plants will have sufficient nitrogen to sustain growth under future environmental conditions (Luo et al., 2004; 55 

Reich et al., 2008).  56 

Foliar nitrogen stable isotope ratio (δ15N) is increasingly used to investigate the impacts of environmental 57 

change on the terrestrial nitrogen cycle. Over the past century, ground-based observations suggest that foliar 58 

δ15N has declined, often attributed to increased plant nitrogen demand under elevated CO2 (BassiriRad et al., 59 

2003; Garten et al., 2011; Polley et al., 2015; Kou et al., 2020). Consequently, researchers argue the observed 60 

global decline of δ15N indicating that nitrogen is becoming more limiting for plant growth globally (BassiriRad 61 

et al., 2003; Craine et al., 2009; Craine et al., 2018; Kou et al., 2020; Mason et al.,2022, Tang et al., 2022). 62 

However, δ15N is affected by multiple environmental drivers (Robinson et al., 2001; Craine, 2015). For example, 63 

anthropogenic nitrogen inputs into terrestrial ecosystems (Tian et al., 2022) could cause a similar decline of δ15N 64 

(Hiltbrunner et al., 2019). Thus, it remains unclear whether CO2 is the sole driver of the observed δ15N change, 65 

and if not, what are the contributions of other environmental drivers to this pattern.  66 

The confusion is rooted in the existing observations on foliar δ15N that are spatially sparse and temporally 67 

discontinuous. Global and regional synthesis of foliar δ15N provide data collected from fewer than 6,000 sites 68 

worldwide (Craine et al., 2018; Kou et al., 2020; Mason et al., 2022; Tang et al., 2022; Wang et al., 2022). More 69 

importantly, not all species/sites show consistent change over time (McLauchlan et al., 2010; Hietz et al., 2011; 70 
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Brookshire et al., 2020; Kou et al., 2020; Tang et al., 2022). Whether the differences among the studies are a 71 

result of sampling or an intrinsic heterogeneity among ecosystems and species remains unknown. Exploring the 72 

processes behind the change in δ15N requires continuous large-scale observations that cover more ecosystems 73 

and species.   74 

Leaf reflectance has been shown to capture foliar δ15N at leaf scale (Serbin et al., 2014; Hellmann et al., 2015; 75 

Chen et al., 2022). At the canopy scale, this relationship can be maintained, but only after accounting for factors 76 

such as canopy structure and leaf angle (Wang et al., 2007). Radiative transfer models have been used to 77 

downscale canopy measurements to leaf reflectance (e.g., PROSAIL; Jacquemoud et al., 2009). However, their 78 

applications have been limited to site- and regional-scale studies due to high computational demand and 79 

challenges in parameterisation. Yang et al. (2025) developed an efficient method to map δ15N, using a random 80 

forest model and cross validation to account for the impacts of canopy structure. Unlike most other machine 81 

learning approaches, their model is trained only on Landsat spectra without incorporating environmental 82 

covariates. While their existing map achieves broad coverage, its spatial resolution remains coarse (~0.1 83 

degree). Applying their approach to generate finer resolution spatiotemporal data and ensuring easy public 84 

access would benefit numerous future ecosystem monitoring and modelling studies.  85 

Here we implemented the framework developed in Yang et al. (2025) within Google Earth Engine (GEE) to 86 

map foliar δ15N globally at 30 m resolution using Landsat data. The resulting spatiotemporal data, along with 87 

the associated prediction uncertainties, are publicly available (https://doi.org/10.25919/zxvv-bj04). We also 88 

developed a web-based app to allow anyone with internet access to analyse, visualise, and download the data 89 

(https://tern-landscapes.earthengine.app/view/nitrogen-availability).  90 

2 Methods  91 

We moved the workflow developed by Yang et al. (2025) to GEE to generate δ15N maps (Fig 1). We built a 92 

random forest model between on-ground δ15N data and Landsat reflectance, which was then used for generating 93 

the δ15N maps. The four key advancements over Yang et al. (2025) included: (i) higher spatial resolution; (ii) the 94 

addition of prediction uncertainty and quality control layers; (iii) coding-free data visualisation and download; 95 

and (iv) open access via cloud computing.    96 

https://doi.org/10.5194/essd-2026-738
Preprint. Discussion started: 16 November 2026
c© Author(s) 2026. CC BY 4.0 License.



 

4 
 

 97 

Figure 1. Conceptual workflow of the approach used to generate and distribute global maps of δ15N. Here 98 

we applied the method developed in Yang et al. (2025) on GEE and focused on improving accessibility 99 

and coverage.  100 

2.1 Input datasets 101 

The ground-based foliar δ15N data were obtained from Yang et al. (2025) and split into training and testing 102 

datasets in the 70:30 ratio randomly. This resulted in 38,197 observations from 5,345 sites worldwide. We used 103 

Landsat Collection 2 Tier 1 calibrated Surface Reflectance from Landsat 5 and 8 on GEE (Gorelick et al. 2017). 104 

Since the Landsat 5 and 8 reflectance have been inter-calibrated, we did not apply harmonisation between 105 

products. The quality assessment channel (Bitmask for QA_PIXEL) of Landsat was used to remove pixels 106 

covered by cloud and cloud shadow. Water bodies were filtered by a digital elevation map (Jarvis et al., 2008). 107 

We calculated NDVI of each Landsat retrieval and removed data with NDVI < 0.2 to remove reflectance of 108 

areas with low vegetation cover and/or bare soil (Montandon and Small, 2008).  109 

 110 
2.2 δ15N mapping 111 

2.2.1 Random forest model 112 

We used the random forest model implemented in the SMILE package (Li, 2014), fitting ten models each with 113 

50 trees in each model, resulting a total number of 500 trees. The independent variables comprised six Landsat 114 

bands (i.e., red, blue, green, near-infrared, short-wave infrared 1, short-wave infrared 2), while the dependent 115 

variable was ground-based foliar δ15N. For all ten models, the number of splits was set to two. Final δ15N 116 

estimates were obtained by averaging predictions across the models, with the standard deviation among models 117 
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representing prediction uncertainty. Independent evaluation achieving a normalised root mean square error of 118 

0.15–0.20 across land cover types has been previously reported (Yang et al., 2025). The method has been 119 

evaluated by Yang et al. (2025) reporting a normalised root mean square error of 0.15–0.20 across land cover 120 

types.  121 

2.2.3 Cloud computing 122 

The global land surface (excluding Antarctica, Greenland and small island nations) was split into 85 tiles 123 

(Fig 2), each 20-degrees longitude by 20-degrees latitude. The processing was performed on a per-tile per-124 

annum basis on GEE with all Landsat retrievals that passed the filtering used. One annual mean δ15N is reported 125 

for each pixel. Processing time per tile varied greatly depending on the amount of land in each tile and the 126 

number of Landsat images acquired over each tile. For example, processing one year for a tile containing 127 

the Hawaiian Islands archipelago took about 20 mins, whereas a tile in the centre of CONUS (land only) 128 

required about 24 hours for the same period. Leveraging GEE’s parallel processing capabilities (per tile), each 129 

annual dataset was generated in one day. Given 39 complete years (1984-2023, excluding 2012 due to data gap 130 

between Landsat products), the full global time-series required approximately four weeks to produce on GEE.  131 

 132 

 133 
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Figure 2. Polygons of the regions used to generate tiles of δ15N. Note that the polygon boundaries were 134 

defined for computational purposes and do not necessarily correspond to the geographical boundaries of 135 

the continents or regions after which they are named. 136 

2.2.4 Output data format, structure and spatiotemporal coverage 137 

Each δ15N image contained four bands: (i) the annual δ15N (d15n_mean); (ii) the prediction uncertainty 138 

(d15n_stdDev) which was the standard deviation of all trees; (iii) the number of Landsat reflectance retrieval 139 

used to derive δ15N (n_count); and (iv) the quality assessment (pixel_qa). The pixel_qa band used bit mask with 140 

0 = good quality; 1 = water body mask; 2 = cloud/cloud shadow mask; 3 = NDVI mask. The current version 141 

excluded most of Greenland and most oceanic islands, except Hawaii, nonetheless, interested users could map 142 

the δ15N of those regions with the provided code. All maps were projected in EPSG:4326.  143 

2.3 Known limitations  144 

The maps were not intended for croplands or areas with species that are selectively cultivated by humans, as the 145 

training and testing datasets contained no observations of those species/ecosystems. We provided examples to 146 

use land cover maps to filter out areas with high probability of presence of those ecosystems. However, this 147 

filtering did not account for actual species composition (e.g., a pixel could be highly modified pasture but 148 

labelled as grassland). The filter also only reflected land cover changes occurring after 2001. Users are advised 149 

to use a land use land cover filter that is customised for their needs.  150 

The training and testing datasets are spatially biased, resulting in a limited coverage of plants from many regions 151 

in the world. The datasets are also temporally discontinuous, resulting in the fitting and testing being vulnerable 152 

to the issues of space-for-time substitutions (Lovell et al., 2023). These gaps and biases warrant caution when 153 

interpreting the maps and should be addressed as new datasets become available. There remain considerable 154 

potentials for future refinement and expanded applicability (Damgaard, 2019). 155 

There are spatial gaps in the maps derived from Landsat 5 before 2013. These gaps resulted from missing 156 

observations in the Landsat 5 archive and the satellite’s decommissioning in 2012. Such gaps may affect the 157 

temporal analysis, particularly in regions where data availability is temporally biased.   158 

2.4 Inclusion of future data and modification 159 

We encourage the incorporation of new data and methods using our framework by providing open assess to our 160 

model fitting code as an example. Although we used the random forest model, we encourage users to explore 161 
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other hyperparameters and alternative modelling approaches. GEE supports several different machine learning 162 

models (see: https://developers.google.com/earth-engine/guides/machine-learning).  163 

3 Results 164 

An example of δ15N map in 2020 with uncertainty is shown in Fig 3. Maps from other years could be explored 165 

on GEE via the application we provided. There were large spatial variations of δ15N (Fig 3a), with higher δ15N 166 

values in areas with greater prediction uncertainty (Fig 3a and b). Most of the pixels (99 %) fall between -2.2 167 

and 3.4 with a median of -0.7 in 2020 (Fig 4a). The latitudinal patterns in 1990 and 2020 showed that the change 168 

of δ15N was not globally uniform, with decrease more common at northern high latitudes and increase more 169 

common in mid-latitudes (Fig 4b).  170 

 171 
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Figure 3. Spatiotemporal variation of δ15N. (a) δ15N map for 2020. The map excludes land cover types 172 

with intense human modifications (i.e., croplands & built-up). (b) The prediction uncertainty of 2020 as 173 

an example.  174 

 175 
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Figure 4. Frequency distribution and latitudinal patterns of foliar δ15N. (a) The distribution of median 177 

δ15N aggregated to 10 km resolution in 2020.  Vertical lines show the 0.5 %, 50 % and 99.5 % quantiles. 178 

(b) The latitudinal pattern of δ15N in 1990 compared with those in 2020.  179 

 180 

A unique feature of our maps was their high spatial resolution. We provide two examples of global biodiversity 181 

hotspots (Fig 5). In both the Cerrado, Brazil and Madagascar, pronounced environmental variation caused 182 

vegetation communities to shift drastically within small geographical distances. The δ15N maps captured these 183 

fine scale differences, with areas of more sparse vegetation showing high δ15N values (darker colour in Fig 5 a 184 

and d). Notably, the spatial patterns of δ15N does not simply follow that of vegetation greenness (Fig 5 c and f), 185 

suggesting potential for δ15N to reveal aspects of vegetation change beyond those captured by vegetation 186 

indices.  187 

We further showed temporal change of δ15N in Jingbian County, Shaanxi, China from 2000 to 2022 with 188 

reforestation in 2010 (Fig 6). Initially, δ15N declined with increasing greenness; however, after 2015, when 189 

vegetation greenness saturated (Fig 6b), δ15N continued to decline (Fig 6d). Example code and functions to map 190 

additional regions and years are provided here: 191 

https://code.earthengine.google.com/447b5ee8c987d54db7bf183e7224203e. In addition, time series data and 192 

maps can be accessed via the code-free app (https://tern-landscapes.earthengine.app/view/nitrogen-availability).  193 

 194 
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 195 

Figure 5. Examples showing δ15N of 2022 of two biodiversity hotspots: Estação Ecológica Serra Geral do 196 

Tocantins, Cerrado, Brazil (a, b, c) and Tsimanampetsotse National Park, Madagascar (d, e ,f). Parts (a) 197 

and (d) show δ15N,  (b) and (e) show the RGB image, while (c) and (f) show NDVI from Landsat of the 198 
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same region. The regions are selected based on Myers et al. (2000) and the uncertainty of the δ15N maps 199 

(Fig 3b).  200 

 201 

Figure 6. Time series of δ15N of a reforestation site in Jingbian County, Shaanxi, China. (a-c) show the 202 

Landsat RGB photos of 2010, 2015, and 2020, respectively. The red squares show the reforestation site. 203 

(d) shows the time series of δ15N from 2000 with reforestation in 2010.  204 

 205 

Gaining knowledge of how δ15N is distributed over space and time is important. We report the δ15N for each 206 

land use type in each continent to partially account for the spatial variation (Fig 7). Across continents, land 207 

cover types with higher grass cover consistently showed high δ15N than other land cover types with high woody 208 
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cover. Noticing this land cover dependence, we showed the temporal change of the median δ15N in each year 209 

over 1984-2023 (Fig 8). Except for Open and Closed Shrublands, other land cover types showed conservative 210 

changes in the median with grassland showing largest increase and evergreen needle leaf forests showing the 211 

largest decrease.  212 

 213 

 214 

Figure 7. Median δ15N values for each land cover type in each continent averaged over 1984-2023. The 215 

region names correspond to the grids shown in Fig 2. Keys indicate different land cover types 216 

https://doi.org/10.5194/essd-2026-738
Preprint. Discussion started: 16 November 2026
c© Author(s) 2026. CC BY 4.0 License.



 

14 
 

(https://doi.org/10.5067/MODIS/MCD12C1.061): DBF - Deciduous Broadleaf Forests; EBF - Evergreen 217 

Broadleaf Forests; FOR - Mixed Forests; ENF - Evergreen Needleleaf Forests; DNF - Deciduous 218 

Needleleaf Forests; WSA - Woody Savannas; SAV - Savannas; CSH - Closed Shrublands; OSH - Open 219 

Shrublands; GRA - Grasslands; BAR - Barren. 220 

 221 

Fig 8. Change in median δ15N of each land cover type over 1984-2023. The black dashed line shows the 222 

overall median of all data. There are no data in 2012 due to the decommissioning of Landsat 5. The large 223 

variation of the data is due to gaps in Landsat 5 (Fig 10). Keys are consistent with the caption of Fig 7.  224 

 225 

The spatial continuity of the δ15N maps allowed further investigation of the drivers of spatial variation. We 226 

preliminarily explored the impacts of mean annual precipitation and mean annual temperature on δ15N in 2020 227 

(Fig 9). Results indicated that high δ15N values were more common in regions with low rainfall, whereas low 228 

δ15N values were prevalent in temperate, high-precipitation regions. 229 

 230 
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 231 

Fig 9. The global δ15N of 2020 distribution over the mean annual temperature (MAT) and mean annual 232 

precipitation (MAP) gradients.  233 

 234 

Although our maps were spatiotemporally continuous, the number of available Landsat observations differed by 235 

year (Fig 10a) and by region (Fig 10b). Overall, Landsat 5 provided less consistent spatiotemporal coverage, 236 

capturing only half of the Earth surface compared to Landsat 8. As a result, maps before 2012 which rely solely 237 

on Landsat 5, exhibited greater spatial gaps and were based on fewer Landsat retrievals per year. The impacts of 238 

these data gaps were uneven across different land cover types (Fig 8).  239 

 240 
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 241 

 242 

Fig 10. Global pixel numbers by year (a) and annual pixel numbers per continent (b). Region names 243 

correspond to the grid divisions shown in Fig 2.  244 

 245 

4 Discussion 246 

The impacts of anthropogenic environmental changes on global nitrogen cycles have been difficult to assess due 247 

to a lack of long-term global observations. The δ15N maps provided here offer both the spatiotemporal 248 

resolution and global coverage needed to address critical questions in global change ecology. These maps can be 249 

integrated into process-based models to investigate the drivers underlying changes in terrestrial nitrogen cycles. 250 

Moreover, temporal trends in δ15N can help identify changes in vegetation and microbial communities and thus 251 

aid monitoring of ecosystem condition changes.  252 

4.1 Implications for nitrogen cycle modelling 253 
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Our δ15N spatiotemporal data offer the opportunity to overcome long-standing limitations in nitrogen cycle 254 

modelling. The lack of nitrogen observations at spatiotemporal resolutions comparable to land surface models 255 

has prevented robust evaluation of nitrogen process modelling and its response to anthropogenic environmental 256 

change. At site scales, widespread evidence suggests that nitrogen would be more limiting under elevated 257 

atmospheric CO₂ due to carbon enrichment (Luo et al., 2004; Reich et al., 2006; Manson et al., 2022). However, 258 

it remains unclear whether plants can accommodate or adapt to the carbon rich environment and how such 259 

responses would affect plant photosynthesis (Ainsworth and Long, 2005). Existing observations are usually 260 

based on a limited set of species or locations, often discontinuous over time, and sometimes yield contradictory 261 

results (Mason et al., 2022). The combined impacts of elevated CO₂ and other environmental factors on nitrogen 262 

cycles therefore remains to be tested, leaving the question of whether terrestrial plants will face increased 263 

nitrogen limitation unresolved at the global scale.  264 

Long term foliar δ15N observations could help detect such accommodation or adaptation processes. Model data 265 

synthesis, increasingly used to obtain parameters in process-based models (Higgins et al., 2023; Tao et al., 2024), 266 

can quantify ‘response traits’ —functional traits that determine how the nitrogen cycle responds to 267 

environmental variations (Lavorel and Garnier, 2002). Applying model data synthesis across space and time 268 

could provide spatiotemporal dynamics of these traits, shedding light on intra-generational (i.e., 269 

accommodation) and inter-generational (i.e., adaptation) responses to environmental changes. Such insights 270 

could enable land surface models to represent accommodation and adaptation more realistically, reducing 271 

uncertainty of future carbon and climate projections.  272 

Previous studies reported high spatial variation in foliar δ15N as well as its temporal trends (Craine et al., 2018). 273 

While some variation resulted from species turnover, the contribution of environment factors could also be 274 

important. Quantifying the impacts of each environmental variable requires analysing the δ15N time series in a 275 

process-based modelling framework (Caldararu et al., 2022). The global δ15N time series enables such analysis, 276 

providing the data to identify processes that driven the changes in global nitrogen cycles.   277 

A major ongoing debate concerns whether δ15N is a reliable indicator of plant nitrogen availability (Hiltbrunner 278 

et al., 2019; Tang et al., 2022). One complicating factor is separating the impacts of anthropogenic nitrogen 279 

deposition from environmental controls on plant δ15N. Anthropogenic nitrogen deposition is an alternative 280 

nitrogen source and may have a similar isotopic signature as the biotic nitrogen fixation (i.e., 15N depleted). It is 281 

also important to answer to what degree does anthropogenic nitrogen deposition relieve the enhanced nitrogen 282 
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demand of terrestrial plants. Together with high resolution anthropogenic nitrogen deposition maps (Tian et al., 283 

2023), our δ15N dataset facilitates integrated modelling and remote sensing approaches to partition the impacts 284 

of multiple drivers. This can help resolve the debate over when, where and how δ15N can be reliably used as a 285 

proxy for plant nitrogen availability (e.g., Caldararu et al., 2022; Higgins et al., 2023).  286 

4.2 Implications for plant trait mapping 287 

Although future vegetation can be measured with emerging technologies, past observations provide essential 288 

knowledge for understanding on how plant communities have responded to environmental changes. Building on 289 

the multidecadal Landsat dataset, our maps provide a global view of δ15N distribution and its temporal dynamics, 290 

and the framework can be applied to other plant chemical traits using emerging new multi/hyperspectral remote 291 

sensing products.    292 

A key feature of our maps is the use of only remote sensing data (i.e., excluding any environmental covariates). 293 

We made this decision because of two reasons. First, the environmental covariates may only capture the 294 

autocorrelation and thus provide pseudo statistics (Ploton et al., 2020). Second, in theory, the vegetation 295 

chemical composition should be directly measured by reflectance, independent of the environment. Indeed, 296 

Yang et al. (2025) showed that adding long-term climate variables does not improve the model performance. 297 

Our maps relying only on remote sensing data thus allow change detection and attribution of environmental 298 

drivers of the change in δ15N based on observations of the vegetation. 299 

We also address the challenge of canopy effects—structural factors such as leaf area and angle that influence 300 

scaling from leaf to canopy reflectance—through innovative cross-validation, transforming a complex 301 

biophysical problem into a tractable statistical one. Downscaling the canopy reflectance to leaf level has been 302 

done with radiative transfer models (e.g., Cherif et al., 2023). However, applying radiative transfer models to 303 

global trait mapping bare two key challenges. First, the models require iteration to solve for parameters (i.e., 304 

traits) and thus are computationally demanding, preventing high resolution high frequency mapping. Second, the 305 

models often assume that the vegetation is homogeneous within each pixel and time period which prevents its 306 

application to dynamic ecosystems that are spatiotemporally heterogeneous (Darvishzadeh et al., 2008). 307 

However, using cross validation and all six Landsat channels, our framework statistically addressed the canopy 308 

effects. Canopy effects on vegetation reflectance apply to all six channels of Landsat but nitrogen absorbance 309 

peaks are mostly in the near infrared bands (Hellmann et al., 2015; Wang et al., 2017). This difference allows 310 

using the other bands to statistically account for canopy effect to correct the nitrogen related bands (e.g., 311 
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Knyazikhin et al., 2013). The cross validation on a representable training dataset should allow the random forest 312 

model to account for the canopy effect.  313 

Although many previous trait maps provide code and data in open access repository, the accessibility of the data 314 

and code may depend on the skills of the users. This is because the complex code generally requires access to 315 

high performance computing to reproduce and deep knowledge of programming to use. Moreover, when the 316 

spatiotemporal resolution becomes finer, it becomes impractical and inefficient to download the global data to a 317 

local storage. We provide a web-based application allowing for visualisation and download of the global δ15N 318 

time series at 30 m resolution with no requirement of computation and coding skills. Advanced users can take 319 

advantage of our open access code to reproduce the maps, to test alternative models, and to add new datasets 320 

with no requirement of local storage or computational resources. The various examples provided above should 321 

facilitate users with different needs to obtain the data in the format needed.   322 

4.3 Implications for ecosystem condition monitoring 323 

The time series of δ15N provided an opportunity to monitor the compositional change in terrestrial ecosystems 324 

and thus could be used as an indicator of ecosystem condition. Global biodiversity initiatives identified three 325 

aspects of indicators for terrestrial ecosystem condition assessment: function, composition, and structure (e.g., 326 

SEEA-EA; TNFD; UN Convention on Biological Diversity; Kunming-Montréal Global Biodiversity 327 

Framework). However, nitrogen cycles, arguably one of the most important elements to creatures on Earth, have 328 

been largely ignored, due to a lack of indicators globally. δ15N could provide the missing knowledge on nitrogen 329 

cycles for ecosystem condition assessment and is one of the few indicators that can be measured from leaf to 330 

canopy scales.  331 

The δ15N could be used as a proxy of plant and soil microbe composition change. Our knowledge on ecosystem 332 

compositional changes mostly relies on abundance data from a small selection of species and locations which do 333 

not capture the fine resolution changes (e.g., Dornelas et al., 2018; Bruelheide et al., 2019). Meanwhile, δ15N 334 

has been shown to be sensitive to change in vegetation and soil microbe compositions (e.g., Craine et al., 2009; 335 

Hofmeister et al., 2012; Hawke, 2017; Craine et al., 2018). δ15N and changes in δ15N could thus be a useful 336 

indicator of compositional change in plant and soil microbes. Moreover, our δ15N maps as well as previous 337 

studies highlight the potential to combine plant traits and vegetation reflectance to investigate biodiversity 338 

changes (e.g., Bush et al, 2017; Ma et al., 2019; Zheng et al., 2021), reemphasising the key role of plant traits in 339 
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biodiversity monitoring (Furey and Tilman, 2023). The spatiotemporal coverage of satellite derived trait maps 340 

thus provided a unique prospect on global vegetation and could facilitate biodiversity monitoring.  341 

Nitrogen is an important element of fertilisers, supporting growing human food demand (Foley et al., 2011) but 342 

also a threat to terrestrial and aquatic ecosystem biodiversity (Zhang et al., 2015). Although our δ15N 343 

spatiotemporal data do not cover cropland, the method we developed could be applied to monitor fertilisation 344 

intensity and potentially help optimise the use of fertiliser (Cai et al., 2023). Moreover, the δ15N can be 345 

predicted at high temporal resolution with hyperspectral measurements (e.g., near-field or drone-based remote 346 

sensing), providing a near-real time measure of terrestrial nitrogen processes. The high resolution δ15N could 347 

thus be used in an ecological forecasting framework to inform farm and water quality management (e.g., Carey 348 

et al., 2021).   349 

Code and data availability 350 

The spatiotemporal data are publicly available via DOI: https://doi.org/10.25919/zxvv-bj04 (Yang et al., 2026).  351 

The code to generate the spatiotemporal data are available on Google Earth Engine: 352 

https://code.earthengine.google.com/b291ce3e6131a5f0aa121a796143d43a.  353 

To encourage use of the spatiotemporal data for researchers with limited coding skills and/or no access to could 354 

computing, we visualised the spatiotemporal data with a web-app that requires no coding and registration to 355 

access, please see: https://tern-landscapes.earthengine.app/view/nitrogen-availability 356 
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