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1  |  INTRODUC TION

Soil nitrogen (N) cycling is a fundamental component of terrestrial 
biogeochemistry, yet the mechanisms controlling it remain unclear 
(Addiscott & Brookes,  2002; Hiltbrunner et  al.,  2019; Hungate 
et  al.,  2003; Olff et  al.,  2022). The stable N isotopic signature 

(δ15N) of soil reflects soil N input–output balance (Högberg, 1997; 
Robinson,  2001), where higher δ15N values suggest a more open 
(leaky) N cycling and lower δ15N values indicate a more close (conser-
vative) N cycling (Mason et al., 2022; Peters et al., 2019). Microbial 
and enzymatic activities, which depend on temperature and mois-
ture (Lohse et al., 2009), have long led researchers to expect that 
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Abstract
Global soil nitrogen (N) cycling remains poorly understood due to its complex driving 
mechanisms. Here, we present a comprehensive analysis of global soil δ15N, a stable 
isotopic signature indicative of the N input–output balance, using a machine-learning 
approach on 10,676 observations from 2670 sites. Our findings reveal prevalent 
joint effects of climatic conditions, plant N-use strategies, soil properties, and other 
natural and anthropogenic forcings on global soil δ15N. The joint effects of multiple 
drivers govern the latitudinal distribution of soil δ15N, with more rapid N cycling at 
lower latitudes than at higher latitudes. In contrast to previous climate-focused mod-
els, our data-driven model more accurately simulates spatial changes in global soil 
δ15N, highlighting the need to consider the joint effects of multiple drivers to estimate 
the Earth's N budget. These insights contribute to the reconciliation of discordances 
among empirical, theoretical, and modeling studies on soil N cycling, as well as sus-
tainable N management.
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climate (temperature and precipitation) predominantly controls 
soil δ15N and N cycling, and some empirical evidence supports 
this notion (Amundson et  al.,  2003; Craine et  al.,  2015; Houlton 
et al., 2015; Houlton & Bai, 2009; Martinelli et al., 1999). However, 
climate-driven models based on such empirical evidence only ac-
count for a limited portion of the observed variation in global soil 
δ15N (Amundson et al., 2003; Craine et al., 2015; Harris et al., 2022; 
Houlton et al., 2015; Houlton & Bai, 2009).

Alternative theoretical frameworks propose that soil N cycling 
is not solely controlled by climate, but rather is influenced by the 
joint effects of multiple drivers (climate, plant, soil, and others). 
Examples of these frameworks include isotope models (Brenner 
et  al.,  2001; Denk et  al.,  2019), the atmosphere–plant–soil con-
tinuum (Agren & Andersson,  2011; Brüggemann et  al.,  2011), 
and plant–soil-microbial feedbacks (Dawson et  al.,  2002; 
Hobbie, 2015). Soil δ15N can be derived from mass balance mod-
els (Brenner et  al.,  2001; Robinson,  2001), state factor mod-
els (Amundson & Jenny,  1997), and kinetics models (Agren & 
Bosatta, 1998; Robinson, 2001) as described below:

where f and δ are the mass fraction and δ15N value of the N-pool, 
respectively. E(t) is the ecosystem operator (e.g., a wide range 
of natural and anthropogenic forcings) of the N-pool over time 
t. Input pools include N fertilization, N deposition, biological N-
fixation, litter-N mineralization, and rock-N weathering. Output 
pools include plant N-uptake, leaching and gaseous N-losses. To 
date, the aforementioned theoretical frameworks have not been 
extensively tested by empirical studies.

The discrepancy among empirical, modeling, and theoretical 
studies (Agren & Andersson,  2011; Amundson et  al.,  2003; Bai, 
Houlton, et al., 2012; Brenner et al., 2001; Chen, Chen, et al., 2022; 
Craine et al., 2015; Denk et al., 2019; Harris et al., 2022; Houlton 
et al., 2015; Houlton & Bai, 2009; Robinson, 2001) suggests that 
the driving mechanisms of soil N cycling warrant further investiga-
tion. Here, we conducted a comprehensive analysis of global soil 
δ15N using 10,676 observations from 2670 sites (Figure S1). The 
data were gathered through field surveys, dataset assembly and 
literature search, and then were standardized by the N isotope 
model and geographical aggregation. We also collected ancillary 
data as covariates from four categories (climate, plant, soil, and 
others; Table  S1). The random-forest was identified as the most 
effective machine-learning algorithm and was used for variable 
importance analysis, variance partitioning, model simulation, and 
sensitivity analysis. Finally, we compared the performance of our 
model to that of climate-focused models. We aimed to explore: (i) 
the dominant drivers of global soil δ15N, (ii) how these dominant 
drivers shape spatial trends in global soil δ15N, and (iii) the implica-
tions for modeling global soil N cycling.

2  |  METHODS

2.1  |  Data compilation

2.1.1  |  Field survey

A total of 410 soil samples were collected from 70 sites located in 
the Yangtze River basin between 2016 and 2021 (Figure  S2), fol-
lowing standardized sampling protocol (Chen, Chen, et  al.,  2022). 
The dried soils were sieved (2-mm mesh) and finely grounded. Soil 
δ15N was measured by an isotope ratio mass spectrometer (Flash 
HT2000, Thermo Fisher Scientific, Inc.) (Data S1).

2.1.2  |  Dataset assembly

Three global datasets published between 2015 and 2022 (Choi 
et al., 2020; Craine et al., 2015; Harris et al., 2022) were included in our 
database after deduplication. Furthermore, we conducted extensive 
web-based searches for the datasets (~2022) recording soil δ15N across 
Africa (Baumgartner et al., 2021; Carr et al., 2022; Mosher et al., 2020), 
America (Marty et  al.,  2019; Perakis et  al.,  2015; Sena-Souza 
et al., 2020), Asia (Hu et al., 2022; Shan et al., 2019), Europe (Guerrieri 
et al., 2021; Mullineaux et al., 2022; Thornton et al., 2015), and Oceania 
(Jones & Dalal, 2017; Rogers et al., 2022; Sommer et al., 2012). Based 
on the criterion described in the “Data standardization” section, 10188 
observations were added to our database (Data S2).

2.1.3  |  Literature search

We also conducted a search of published studies (~2022) reporting 
soil δ15N in underrepresented regions, that is, Australia, Canada, 
Russia, India, desert and tundra biomes, tropical and polar zones. The 
keywords used in Web of Science were as follows: TS = (“soil” AND 
“nitrogen”) AND TS = (“isotope” OR “15N”) AND TS = (“Australia” 
OR “Canada” OR “Russia” OR “India” OR “desert” OR “tundra” OR 
“tropical” OR “polar”). On the basis of the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) pro-
tocols for literature search (Figure  S3), 78 observations from 
15 studies (Aaltonen et  al.,  2019; Bai, Sun, et  al.,  2012; Conradie 
et al., 2019; Ibell et al., 2013; Jung et al., 2013; Kellman et al., 2014; 
Kudrin et  al., 2015; Makarov et al., 2008, 2019, 2021; Prokushkin 
et al., 2018; Semenyuk & Tiunov, 2011; Voronin et al., 2017; Wang 
et al., 2015; Ye et al., 2021) were supplemented (Data S3).

2.2  |  Data standardization

2.2.1  |  Soil δ15N

Observations should meet following requirements: (i) δ15N values 
of total N in topsoil (<20 cm) under field conditions were measured; 

(1)
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(ii) geographic coordinates and ecosystem types (cropland, forest, 
grassland, open area, shrubland, or wetland) could be obtained; (iii) 
the measurements of δ15N were within the accepted reference range 
(−30‰ < δ15N < +30‰) (Robinson, 2001); and (iv) observations were 
derived from non-manipulative experiments (e.g., without irrigation 
and warming).

The median year of soil sampling in our database was close to 
2000 (Data  S1–S3). To minimize the influence of sampling date, 
we simplified the soil N isotope model (Brenner et  al.,  2001; Sala 
et al., 2000) as a numerical function, δ(t), to normalize δ15N observa-
tions to the year 2000:

where tage and tobs are the soil age and the year of sampling, respec-
tively; δnor and δobs are the normalized and observed δ15N values, 
respectively. Soil ages were inferred from global radiocarbon measure-
ments (Shi et al., 2020).

To reduce overrepresentation of specific locations, all normal-
ized δ15N values were aggregated by geographical distances (0.01°, 
~1 km) and ecosystem types, denoted as site-averaged soil δ15N 
(Craine et al., 2018; Sena-Souza et al., 2020). This aggregation also 
supported our exploration on the global pattern of soil δ15N at the 
level of 1 km2. Overall, 10,676 observations were aggregated into 
2670 sites across different continents and climates (Figure S1). The 
subsequent analyses were based on site-averaged δ15N data (Data 
S4).

2.2.2  |  Covariates

To explore the dominant drivers and create spatially predictive 
models for global soil δ15N, 66 covariates (30-arcsecond resolution, 
~1 km2) were prepared following data assimilation approach (Cook-
Patton et al., 2020). These covariates, derived from satellite-based 
remote sensing and ground-based field surveys, were summarized 
into four categories: climate (21 variables), plant (15 variables), soil 
(15 variables), and others (15 variables covering other natural and 
anthropogenic forcings). Please see detailed information on the 66 
covariates in Table S1. To more realistically simulate global soil δ15N, 
we removed gridded data of the water, urban, and built-up areas.

2.3  |  Algorithm selection

We compared four machine-learning algorithms generally used 
for ecology (Cook-Patton et  al.,  2020; Liang et  al.,  2022), that is, 
Random-Forest (RF) from R package randomForest (Breiman, 2001), 
eXtreme-Gradient-Boosting (XGB) from R package xgboost (Chen & 
Guestrin,  2016), Support-Vector-Machines (SVM) from R package 
kernlab (Karatzoglou et  al.,  2004), and Partial-Least-Squares (PLS) 

from R package pls (Mevik & Wehrens, 2007). Algorithm selections 
(hyperparameter optimization and cross-validation) were performed 
by the expand. grid () function in the R base package and the train () 
function in the R package caret (Kuhn, 2008). For each algorithm, a 
suite of hyperparameters was tested and then the best combination 
was selected. Please note that the RF algorithm selects a random 
subset of the features (i.e., feature bagging) at each candidate split 
in the learning process, thus can help avoid overfitting and multicol-
linearity (Breiman, 2001; Liang et al., 2022). We also used a feature 
selection algorithm to select the best subset of covariates for the 
XGB, SVM, and PLS algorithms, respectively, which can help mitigate 
overfitting risk and multicollinearity issue (Cook-Patton et al., 2020; 
Liang et al., 2022).

Random cross-validation was used to assess the performance of 
each algorithm in predicting soil δ15N. The full dataset was randomly 
separated into a training subset (90% of the data) and a testing sub-
set (10%). A tenfold cross-validation with five replicates was used 
to determine the averages of root mean squared error (RMSE) and 
cross-validated R2. We also used spatial cross-validation to evaluate 
the predictive power of each algorithm. The model trained by the 
training subset was scaled-up to create a global map, where we ex-
tracted the predicted δ15N. The predictive power was calculated as 
the R2 between predicted and observed δ15N for the testing subset. 
Random-forest algorithm was selected as the best one due to higher 
R2 (Figures S4 and S5).

2.4  |  Observational analysis

2.4.1  |  Variable importance

Based on the full dataset, we assessed the relative importance of 
each covariate in explaining soil δ15N by random-forest analysis 
(Breiman, 2001). The value of importance was calculated as mean 
increase in mean square error (%IncMSE). We used regression anal-
ysis to evaluate the difference among relative importances of the 
four categories of covariates. Difference is considered significant 
if p < .05. Note that variable importance is not for causal inference 
(Lucas, 2020; Yu et al., 2021).

2.4.2  |  Variance partitioning

We repeated random-forest analyses with different input layers 
(i.e., different combinations of covariates): LT, input layer with all 
covariates; L1, input layer without climate variables; L2, input layer 
without plant variables; L3, input layer without soil variables; and L4, 
input layer without other variables. The variance in soil δ15N was 
partitioned into five components: lT, the fraction explained by all 
covariates; l1, the fraction jointly explained by plant, soil, and other 
variables; l2, the fraction jointly explained by climate, soil, and other 
variables; l3, the fraction jointly explained by climate, plant, and other 
variables; and l4, the fraction jointly explained by climate, plant, and 
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soil variables. Thus, lT − l1, lT − l2, lT − l3, and lT − l4 represent the frac-
tion uniquely explained by climate, plant, soil, and other variables, 
respectively (Peres-Neto et al., 2006). The fraction of each compo-
nent can be estimated by cross-validated R2 (Liang et al., 2022).

2.4.3  |  Correlations

We also tested the correlations between soil δ15N and 66 covari-
ates. Continuous and categorical variables were tested by Pearson 
correlation analysis and linear regression analysis, respectively. 
Correlation is considered significant if p < .05.

2.5  |  Model simulation

2.5.1  |  Global simulation

We employed the full dataset and the random-forest algorithm with 
optimized parameters to train the spatially predictive model of soil 
δ15N using the R package caret (Kuhn, 2008). In the R package car 
(Fox & Weisberg, 2019), the spatially predictive model was then ap-
plied to simulate soil δ15N based on global gridded data of the co-
variates. We repeated these two processes to produce an ensemble 
of 20 independent global maps, and averaged these maps to create 
a final global map of soil δ15N. Uncertainty of the simulation was 
computed as the standard deviation of these 20 maps (Cook-Patton 
et al., 2020). The model performance was evaluated by the R2 be-
tween simulated and observed δ15N for the full dataset.

2.5.2  | Model sensitivity

We mapped the dominant drivers of global soil δ15N following model 
sensitivity analysis (Liang et al., 2022). (i) A full random-forest model 
(RT) was trained to create a final map (MT) of soil δ15N in the “Global 
simulation” section. (ii) Similarly, four reduced random-forest mod-
els were trained: R1, the model without climate variables (V1); R2, 
the model without plant variables (V2); R3, the model without soil 
variables (V3); and R4, the model without other variables (V4). We 
used these models to create four final maps (M1, M2, M3, and M4), 
respectively. (iii) The relative sensitivity (Si) of Ri was calculated as: 
Si = |MT − Mi| ÷ MT, where i = 1, 2, 3, and 4. For a given pixel ( j) of Mi, 
its relative sensitivity was S(i,j). (iv) If S(1,j), S(2,j), S(3,j), and S(4,j) were all 
<0.2, we considered that j was in a scenario of joint effects of multi-
ple drivers on soil δ15N; otherwise, the dominant driver of j was the 
category (Vi) with the highest relative sensitivity.

2.5.3  |  Climate-zone simulation

On the basis of absolute latitude, the full dataset was stratified into 
four subsets (Bruno et  al.,  2018): (a) tropical zone, ranging from 

0° to 23.5° (site = 553); (b) subtropical zone, ranging from 23.5° to 
40° (site = 1080); (c) temperate zone, ranging from 40° to 66.5° 
(site = 1002); (d) polar zone, ranging from 66.5° to 90° (site = 35). 
Within these subsets, we repeated the soil δ15N simulation and 
model sensitivity analysis for each climate-zone.

2.6  |  Model comparison

We estimated globally mean soil δ15N by integrating pixel values 
from the final map (MT; 30-arcsecond resolution) of global soil δ15N. 
Our estimate was then compared to that of early climate-focused 
models, including the Community Land Model (CLM4.0 & CLM4.5) 
(Houlton et al., 2015), an artificial neural network (ANN) model (Harris 
et  al.,  2022), and the Climate Regression Model (ClimR) (Amundson 
et al., 2003; Houlton & Bai, 2009). To more directly compare to the 
climate-only ClimR model, we built a new ClimR model using our data 
(newClimR).

The difference (Δδ15N) between simulations of newClimR and our 
model (i.e., RT) was quantified by newClimR minus RT. We analyzed 
the spatial distribution of global Δδ15N. Given that the analytical 
precision of δ15N was routinely ±0.2‰ (Robinson, 2001), the dif-
ference was considered significant if the absolute Δδ15N was higher 
than tenfold precision (i.e., 2‰). The map pixels of Δδ15N > 2‰ and 
Δδ15N < −2‰ were grouped into overestimated and underestimated 
regions, respectively.

3  |  RESULTS AND DISCUSSION

3.1  |  Joint effects of multiple drivers on global soil 
δ15N and the underlying mechanisms

We observed similar importance of climate, plant, soil, and other 
variables in explaining global soil δ15N (p = .537; Figure 1a; Table S2). 
The fraction of variance uniquely explained by each category of 
these variables was small (0.5%–1.9%), with no significant differ-
ence among them (p = .343; Figure 1b). The majority of the 66 co-
variates were correlated with soil δ15N (p < .05; Figure 1c; Figure S6). 
Moreover, our model explained most of the variation in soil δ15N at 
a global scale (R2 = .901; Figure 2a; Figure S7) and across different 
climate zones (R2 = .648–.908; Figures S8A–S11A). The joint effects 
of multiple drivers (climate, plant, soil, and others) on soil δ15N were 
evident in 88.4% of the global area analyzed (Figure 2b), and this pat-
tern persisted across individual climate zones (54.5%–96.3% area; 
Figures S8B–S11B).

Our results uncover widespread joint effects of multiple drivers 
on global soil δ15N, supporting the theoretical frameworks that in-
clude multiple drivers of soil N cycling (Agren & Andersson, 2011; 
Brenner et al., 2001; Brüggemann et al., 2011; Dawson et al., 2002; 
Denk et  al.,  2019; Hobbie,  2015). The joint effects could be at-
tributed to the N input–output balance and its underlying drivers 
(Figure 3a). Soil δ15N is influenced by N flows and fractionations 
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within ecosystems (Högberg,  1997; Robinson,  2001). Drawing 
from global mean δ15N across various pools (Figure  3a) and the 
Rayleigh theory (Rayleigh,  1896), we infer that organic N fertil-
ization, plant N-uptake, rock-N weathering, and gaseous N-losses 
increase soil δ15N, whereas synthetic N fertilization, N deposition, 
biological N-fixation, and litter-N mineralization decrease it. This 
aligns with our findings that soil δ15N increased with leaf N con-
centrations while it declined with synthetic N fertilization rates 
(Figure 1c; Figure S6). However, we also observed a positive cor-
relation between soil δ15N and factors including N-fixing plant 
richness and diversity (Figure 1c; Figure S6), which could be due 
to increased soil N losses (e.g., N2O emission) via N-fixing plants 
(Kou-Giesbrecht & Menge, 2021). Consequently, shifts in soil δ15N 
should account for both N inputs and outputs (Equation 1).

Furthermore, multiple drivers jointly control the N input–out-
put balance in soils (Figure  3a). First, in terms of climate, faster 
soil N mineralization in hot/wet climates creates a greater propor-
tion of gaseous N-losses (e.g., N2O emission) and thus results in 
higher soil δ15N (Amundson et al., 2003; Craine et al., 2015; Harris 
et  al.,  2022), as evidenced by our results (Figure  1c; Figure  S6). 
Second, plants with flexible N-use strategies act as an import-
ant biotic factor, altering the N isotopic composition in soils 
(Evans, 2001; Robinson, 2001). In addition to the plant N-fixing ca-
pacity mentioned earlier, mycorrhizal associations also influence 
N isotope discrimination between plants and soils. Arbuscular 
mycorrhizal fungi are reported to aid inorganic N acquisition 
by plants (Govindarajulu et  al.,  2005), while ectomycorrhizal 
fungi can transfer organic N to plants (Lindahl & Tunlid,  2015). 
Given that organic N is more enriched in 15N than inorganic N 

(Casciotti,  2016), arbuscular mycorrhizal and ectomycorrhizal 
fungi can cause higher and lower soil δ15N, respectively (Figure 1c; 
Figure S6). Third, soil properties typically reflect soil-forming pro-
cesses (Agren & Andersson, 2011) and can affect soil δ15N. Most 
soil organic matter is plant-derived (Bird et  al.,  1996) and plants 
are 15N-depleted relative to soils (Evans, 2001; Robinson, 2001), 
thus soil δ15N decreases with increasing organic matter content 
(Figure  1c; Figure  S6). Strong acid and alkaline soils have been 
shown to accelerate N2O emission and NH3 volatilization, respec-
tively (Li et al., 2021; Zhang et al., 2022), which can enrich 15N in 
soils (Figure  1c; Figure  S6). Finally, other natural and anthropo-
genic forcings (e.g., N deposition, N fertilization, land-use types, 
etc.) may induce complex changes in soil δ15N (Choi et al., 2020) 
(Figure 1c; Figure S6). For example, a recent study suggested that 
soil functions (e.g., mineralization) were jointly affected by multi-
ple global change factors (Rillig et al., 2019).

3.2  |  The joint effects of multiple drivers shape the 
latitudinal distribution of soil δ15N

Global soil δ15N showed a latitudinal distribution with low-latitude 
regions (0°–40°; mean δ15N = 6.059‰) being 15N-enriched rela-
tive to high-latitude regions (40°–80°; mean δ15N = 2.910‰), 
and there were widespread joint effects of multiple drivers on 
soil δ15N across latitudinal gradients (Figure  3b,c). Low-latitude 
regions are often characterized by relatively hot/wet climates, 
widely distributed arbuscular mycorrhizal and N-fixing plants, 
low soil organic matter content, and intensive human activities; 

F I G U R E  1 Observation of joint effects 
of multiple drivers on global soil δ15N. (a) 
Relative importance of the four categories 
of covariates in explaining δ15N. (b) The 
fraction of variance explained by different 
input layers. (c) Correlations between soil 
δ15N and 66 covariates. LT, input layer 
with all covariates; L1, input layer without 
climate variables; L2, input layer without 
plant variables; L3, input layer without soil 
variables; and L4, input layer without other 
variables. Please see detailed information 
on the 66 covariates in Table S1. Error 
bars indicate standard deviations. Gray 
cells indicate categorical variables. 
*p < .05; ***p < .001.
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instead, high-latitude regions generally exhibit relatively cold/
dry climates, widely distributed ectomycorrhizal plants, high 
soil organic matter content, and limited human activities (Fick & 
Hijmans,  2017; Poggio et  al.,  2021; Soudzilovskaia et  al.,  2019; 
Tamme et al., 2021; Theobald et al., 2020). These contrasting con-
ditions lead to changes in soil δ15N, indicating that the joint ef-
fects of multiple drivers shape the latitudinal distribution of soil 
δ15N. Our explanations are further supported by the interactions 
between latitude and factors including mean annual temperature, 
mean annual precipitation, percentage of arbuscular mycorrhizal 
plants, percentage of ectomycorrhizal plants, N-fixing plant rich-
ness, N-fixing plant diversity, soil organic carbon content, land-use 
types, and N loading rates in affecting soil δ15N (p < .05; Table S3).

3.3  |  Implications for understanding and modeling 
global soil N cycling

In this study, we confirm the joint effects of multiple drivers 
on global soil N cycling, addressing the shortcomings of previ-
ous climate-driven hypotheses (Amundson et  al.,  2003; Craine 
et al., 2015; Houlton et al., 2015; Houlton & Bai, 2009; Martinelli 
et  al.,  1999) that underrepresent plant, soil, and other factors. 
This oversight can hinder the understanding of global soil N cy-
cling and increase the uncertainties in global soil N cycle modeling 
(Chen et al., 2023). For example, our data-driven model estimated 
the mean δ15N of global soils at 4.462‰ (R2 = .901), while early 
climate-focused models, such as the Community Land Model 

F I G U R E  2 Simulation of joint effects of multiple drivers on global soil δ15N. (a) Simulated soil δ15N by the random-forest model. (b) 
Dominant drivers of global soil δ15N. The “multi-drivers” term indicates a scenario of joint effects of multiple factors (climate, plant, soil, and 
others) on soil δ15N. The number in parentheses indicates the percentage of each dominant driver in terms of area.
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F I G U R E  3 Mechanisms of joint effects of multiple drivers on global soil δ15N. (a) The input–output balance of global soil δ15N and its 
underlying drivers. Latitudinal distributions for (b) soil δ15N and (c) fraction of multi-drivers. The “multi-drivers” term indicates a scenario of 
joint effects of multiple factors (climate, plant, soil, and others) on soil δ15N. Global mean δ15N values of various N pools were summarized 
by the following references: Plant (Craine et al., 2018; Kattge et al., 2020); N-fixation, Litter, and Leaching N-losses (Hobbie, 2015; 
Robinson, 2001); N deposition and Gaseous N-losses (Chen, Song, et al., 2022; Harris et al., 2022; Song et al., 2021); and N fertilization 
(Bateman & Kelly, 2007; Choi et al., 2020); Rock (Holloway & Dahlgren, 2002).

F I G U R E  4 Model comparison. (a) 
Comparison of global estimates of 
soil δ15N from different models. (b) 
Difference (Δδ15N) between soil δ15N 
simulated by newClimR and this study. 
The uncertainties of RT and ANN are 
expressed as standard deviations, and 
those of ClimR and newClimR as residual 
standard errors. ANN, artificial neural 
network model; ClimR, climate regression 
model; CLM, community land model; 
newClimR, ClimR model using our data; 
RT, random-forest model.
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(CLM4.0 and CLM4.5), an artificial neural network (ANN) model 
and the Climate Regression Model (ClimR), showed higher val-
ues (Figure  4a). Although the mean δ15N estimated by the new 
ClimR model using our data (newClimR) was closer to our esti-
mate, this model was very limited in explaining spatial changes of 
soil δ15N (R2 = .130), especially in the regions with weak or strong 
human modification (Figure 4b; Figure S12). These issues may be 
exacerbated in isotope models and Earth system models (Denk 
et al., 2019; Harris et al., 2022) when incorporating the products 
from climate-focused models, potentially having an adverse effect 
on the understanding and estimating of global N budget.

4  |  CONCLUSIONS

In summary, our work highlights the joint effects of climatic condi-
tions, plant N-use strategies, soil properties, and other natural and 
anthropogenic forcings on global soil δ15N, providing global evi-
dence for the theoretical frameworks that include multiple drivers 
of soil N cycling (Agren & Andersson, 2011; Brenner et al., 2001; 
Brüggemann et al., 2011; Dawson et al., 2002; Denk et al., 2019; 
Hobbie, 2015). These insights should encourage efforts to recon-
cile the discrepancies among empirical, theoretical, and modeling 
studies on soil N cycling in complex ecosystems (Chen et al., 2023; 
Rillig et al., 2019). The Earth's N budget and sustainable N man-
agement would also benefit from a global framework of multiple 
drivers.
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