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Abstract
In dryland ecosystems, nitrogen (N) is the primary limiting factor after water
availability, constraining both plant productivity and organic matter decompo-
sition while also regulating ecosystem function and service provision. However,
the distributions of different soil N fraction stocks in drylands and the factors
that influence them remain poorly understood. In this study, we collected
2076 soil samples from 173 sites across the drylands of northern China during
the summers of 2021 and 2022. Using the best-performing eXtreme Gradient
Boosting (XGBoost) model, we mapped the spatial distributions of the soil N
fraction stocks and identified the key drivers of their variability. Our findings
revealed that the stocks of total nitrogen (TN), inorganic nitrogen (IN), and
microbial biomass nitrogen (MBN) in the top 30 cm soil layer were 1020.4, 92.2,
and 40.8Tg, respectively, with corresponding mean densities of 164.6, 14.9, and
6.6 g/m2. Climate variables—particularly mean annual temperature and aridity
—along with human impacts emerged as the dominant drivers of soil N stock
distribution. Notably, increased aridity and intensified human impacts exerted
mutually counteracting effects on soil N fractions: aridity-driven moisture lim-
itation generally suppressed N accumulation, whereas anthropogenic activities
(e.g., fertilization and grazing) promoted N enrichment. By identifying the key
environmental and anthropogenic factors shaping the soil N distribution, this
study improves the accuracy of regional and global N stock estimates. These
insights provide a scientific foundation for developing more effective soil N man-
agement strategies in dryland ecosystems, contributing to sustainable land use
and long-term ecosystem resilience in drylands.
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Abstract
In dryland ecosystems, nitrogen (N) is the primary limiting factor after water
availability, constraining both plant productivity and organic matter decompo-
sition while also regulating ecosystem function and service provision. However,
the distributions of different soil N fraction stocks in drylands and the factors
that influence them remain poorly understood. In this study, we collected 2076
soil samples from 173 sites across the drylands of northern China during the sum-
mers of 2021 and 2022. Using the best-performing eXtreme Gradient Boosting
(XGBoost) model, we mapped the spatial distributions of the soil N fraction
stocks and identified the key drivers of their variability.

Our findings revealed that the stocks of total nitrogen (TN), inorganic nitro-
gen (IN), and microbial biomass nitrogen (MBN) in the top 30 cm soil layer
were 1020.4, 92.2, and 40.8 Tg, respectively, with corresponding mean densi-
ties of 164.6, 14.9, and 6.6 g/m2. Climate variables—particularly mean annual
temperature and aridity—along with human impacts emerged as the dominant
drivers of soil N stock distribution. Notably, increased aridity and intensified hu-
man impacts exerted mutually counteracting effects on soil N fractions: aridity-
driven moisture limitation generally suppressed N accumulation, whereas an-
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thropogenic activities (e.g., fertilization and grazing) promoted N enrichment.
By identifying the key environmental and anthropogenic factors shaping the soil
N distribution, this study improves the accuracy of regional and global N stock
estimates. These insights provide a scientific foundation for developing more
effective soil N management strategies in dryland ecosystems, contributing to
sustainable land use and long-term ecosystem resilience in drylands.

Keywords: soil nitrogen fractions; total nitrogen (TN); inorganic nitrogen (IN);
microbial biomass nitrogen (MBN); machine learning model; eXtreme Gradient
Boosting (XGBoost) model; dryland ecosystems
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1 Introduction
Drylands, characterized by an aridity index (AI)—the ratio of mean annual
precipitation to mean annual potential evapotranspiration—of less than 0.65,
represent the Earth’s largest terrestrial biome, covering about 45.0% of the
planet’s surface and supporting over 2.5$×10^{9}$ people (Schimel, 2010).
These regions provide vital ecosystem services, including food, fiber, biofuel, and
biodiversity, to rapidly growing populations worldwide (Reynolds et al., 2007).
Arid ecosystems are highly susceptible to external environmental changes (Wang
et al., 2014), making research on these ecosystems essential for the survival and
development of humanity in the future.

By 2025, drylands are projected to occupy 48.0% of the global land area and
account for 51.0% of the global population growth between 2000 and 2025, with
50.0% of this growth occurring in developing countries and only 1.0% in devel-
oped countries (Huang et al., 2016). China, the largest developing country in the
world, has a dryland region of about 6.6$×10^{6}$ km2, home to 5.8$×10^{8}$
people (Li et al., 2021). However, dryland ecosystems in China are extremely
fragile and have low stability (Maestre et al., 2015; Li et al., 2021), making them
one of the most sensitive areas to climate change and human activities. China’
s drylands are located primarily in the northern region. Therefore, under global
change, strengthening research on soil properties in the drylands of northern
China is crucial for enhancing the resilience of global dryland ecosystems and
building cross-regional ecological barriers.

Nitrogen (N) is a fundamental growth-limiting nutrient for plants (Liu et al.,
2017a) and an essential element for all life forms on Earth (Galloway et al., 2004).
In drylands, N is the primary factor limiting ecosystem net primary productivity
and organic matter decomposition (Hu et al., 2017). Consequently, N cycling
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is central to ecosystem functioning and service provisioning in these regions
(Compton et al., 2011; Elrys et al., 2024). Soil is the principal reservoir of N
in terrestrial ecosystems and contains more N than vegetation does (Pinder et
al., 2013). Xu et al. (2020) assessed terrestrial ecological N stocks in China and
reported that the total nitrogen (TN) stock in the 0–100 cm soil layer was 10.14
Pg—about 35 times greater than that in vegetation (0.29 Pg). The dynamics
of soil N determine whether a terrestrial ecosystem functions as a N sink or
source (Tian et al., 2006) and can even influence the biogeochemical cycles of
other ecosystems (Luo et al., 2004). According to Plaza et al. (2018), soil N is
primarily concentrated in the topsoil (0–30 cm). While TN indicates the size of
the soil N pool, it does not fully capture the quality or variability of that pool
(Pu et al., 2019). Previous research has focused largely on estimating TN stocks
in individual forests or grasslands (He et al., 2008; Liu et al., 2013; Kou et al.,
2019; Zhang et al., 2020).

Soil microbes, as the primary decomposers in terrestrial ecosystems, play critical
roles in driving and regulating ecological processes (Bardgett and van der Putten,
2014). They contribute to essential nutrient cycling functions, including soil
carbon sequestration (Spohn, 2016), organic matter decomposition (Heuck et
al., 2015), N mineralization, nutrient cycling (Handa et al., 2014), and soil
formation (Rillig and Mummey, 2006). Among these processes, soil microbial
biomass nitrogen (MBN) acts as a central intermediary in the transformation
of organic nitrogen to inorganic nitrogen, playing a key role in the carbon and
N cycles of ecosystems (Powlson et al., 1987). MBN also serves as a critical
biological indicator for assessing soil quality and health, and it is an important
source of available nutrients closely associated with plant root nutrition (Gao
et al., 2022).

Soil N distribution is highly spatially heterogeneous (Liu et al., 2013) and
influenced by various factors, including climate change (Kou et al., 2019),
land use/land cover (LULC) (Meena et al., 2018), human impacts (Delgado-
Baquerizo et al., 2016), soil physical and chemical properties (Durán et
al., 2018), and vegetation. Climate change primarily affects soil N through
alterations in environmental factors such as temperature and precipitation. For
example, global warming—resulting in warmer and wetter climates—enhances
soil N mineralization (Liu et al., 2017b), thereby impacting soil TN stocks.
In drylands, reduced precipitation can adversely affect microbial growth and
nutrient dispersal in the soil (Davidson and Janssens, 2006; Sardans et al.,
2008), leading to decreased microbial metabolic activity and influencing TN
stocks. Changes in LULC can lead to shifts in soil organic carbon and TN
stocks (Gross and Harrison, 2019). Numerous studies have demonstrated
a strong relationship between the soil nutrient status in the surface layer
and LULC type, with natural ecosystems (including forests, shrublands, and
grasslands) exhibiting higher soil nutrient levels than croplands (Elrys et al.,
2023; Yang et al., 2023; Zhu et al., 2025). Soil accumulation patterns vary with
vegetation succession (Zhang et al., 2013; Zhang et al., 2015; Liu et al., 2017a).
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Human impacts, including grazing, fertilization, intensive agriculture, and fossil
fuel combustion, alter both N inputs and losses in global terrestrial ecosystems
(Cui et al., 2013). For example, Fujimaki et al. (2009) reviewed the ecologi-
cal risks associated with N saturation in natural terrestrial ecosystems due to
anthropogenic disturbances. Wang et al. (2019) identified human impacts as
significant drivers of changes in the N cycle in northern China. In recent years,
global anthropogenic N inputs have doubled the amount of naturally fixed TN
in terrestrial and aquatic ecosystems, resulting in annual depositions of organic
and inorganic N of about 124 Tg/a (Cornell, 2011). The current global average
N deposition rate already exceeds 10.00 kg/(hm2・a) in most regions (Dentener
et al., 2006), and the annual average soluble N deposition in atmospheric wet
deposition in China reaches 13.69 kg/hm2 (Zhu et al., 2016).

Among soil physical and chemical properties, factors such as pH and soil sand
content have been found to be correlated with the spatial variability of N (Durán
et al., 2018). Understanding the combined direct and indirect effects of climate
change, human impacts, vegetation changes, and soil physical and chemical
properties on alterations in N fractions is critical for improving predictions of
the ecological consequences of ongoing global change in terrestrial ecosystems
(Delgado-Baquerizo et al., 2016). N absorbed by plants is primarily inorganic,
mainly in the form of NH4

+-N and NO3
−-N, whereas organic nitrogen (such

as amino acids and nucleic acids) is absorbed in much smaller quantities (Zhan,
2022). More than 90.0% of the soil N exists in organic form, whereas only 2.0%–
8.0% is present in inorganic form. Numerous studies have shown that the soil IN
content in arid ecosystems is influenced by factors such as climate, shrub species,
spatial location, and soil depth (Pan et al., 2024). Therefore, it is imperative
to conduct an in-depth investigation into the distribution characteristics and
influencing factors of soil TN, IN, and MBN.

China’s drylands exhibit substantial climatic variation across different geo-
graphic zones. Owing to ongoing climate change, the degree of aridity in dry-
lands—including hyper-arid, arid, semi-arid, and dry-subhumid regions—is pro-
jected to increase globally, expanding the total extent of these ecosystems by
an estimated 10.0% by the end of the century (Feng and Fu, 2013). Increased
aridity has been shown to reduce soil N availability on a global scale, leading to
declines in organic nitrogen stocks in dryland ecosystems (Delgado-Baquerizo
et al., 2013). Meanwhile, programs such as the Three-North Shelter Forest Pro-
gram and the Grain for Green Project have significantly impacted soil moisture
(Deng and Shangguan, 2016) and soil N content (Schmidt et al., 2011). N in-
puts driven by human impacts have already doubled the amount of naturally
fixed N in terrestrial ecosystems (Zhang et al., 2014). Thus, we hypothesized
that aridity and human impacts are likely the principal drivers of N fraction
alterations. Human impacts are expected to have a positive influence, whereas
aridity is expected to have a negative effect. These opposing forces may, to
some extent, counterbalance each other.

Using data from 2076 soil samples collected at 173 sampling sites in the drylands
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of northern China and complementary environmental data, this study aimed to:
(1) quantify the stocks, spatial distributions, and main drivers of TN, IN, and
MBN in the surface soils of the drylands in northern China; (2) evaluate the
impacts of different LULC types on each of these N fractions; and (3) determine
the extent to which human impacts influence the changes in these N fractions.
Therefore, disentangling their individual and interactive effects is critical to
advance our understanding of N cycling and to predict future changes in these
vulnerable ecosystems.

2 Methods
2.1 Study Area

The drylands of northern China cover a total area of about 6.6$×10^{6}$ km2,
which accounts for approximately 64.6% of the country’s territorial area (Fig.
1 [Figure 1: see original paper]). The mean annual precipitation in these dry-
lands is 304.0 mm, lower than the mean annual potential evapotranspiration of
814.9 mm. Moreover, there is substantial interannual variability in precipita-
tion, particularly in hyper-arid regions (with a coefficient of variation of 0.23 and
precipitation below 25.0 mm) and arid regions (with a coefficient of variation
of 0.11 and precipitation ranging between 25.0 and 250.0 mm) (Li et al., 2021).
These drylands support a wide array of ecotypes, including barren ecosystems
(e.g., Taklimakan Desert, Gurbantunggut Desert, Badain Jaran Desert, Tengger
Desert, Kumtag Desert, Qaidam Basin, Hobq Desert, and Ulan Buh Desert),
various grassland types (temperate meadow, temperate steppe, temperate bar-
ren steppe, alpine meadow, alpine steppe, and alpine barren steppe), glacial
tundra (primarily on the Qinghai–Xizang Plateau), boreal forests (deciduous
broad-leaved, evergreen coniferous, deciduous coniferous, and mixed coniferous-
broad-leaved forests), and shrublands. Consequently, the structure and func-
tioning of northern China’s dryland ecosystems are complex and dynamic and
characterized by numerous interconnected ecological processes (Li et al., 2021).

Fig. 1 Overview of the drylands in northern China based on the land use/land
cover (LULC) data and distribution of sampling sites. Note that the figure
is based on the standard map (GS(2021)5453) of the Map Service System
(http://bzdt.ch.mnr.gov.cn/), and the standard map has not been modified.

2.2 Field Survey and Laboratory Analysis

2.2.1 Field Survey and Sampling To investigate the stocks of TN, IN, and
MBN in the drylands of northern China and address associated scientific ques-
tions, we conducted extensive field surveys during the summers of 2021 and
2022, primarily along major transportation routes within the region. The selec-
tion of sampling sites followed the criteria outlined by Zhang et al. (2022): (1)
ensuring an even distribution of sampling sites across the drylands of northern
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China; and (2) maintaining a minimum distance of 3 km from roads to mini-
mize potential anthropogenic disturbances. In total, we surveyed 173 sampling
sites, spanning longitudes from 77°19�48�E to 116°11�24�E and latitudes from
35°33�00�N to 46°21�36�N, thereby encompassing the climatic gradients and ma-
jor LULC types representative of these drylands. At each sampling site, we
established a 10 m$×$10 m plot and collected soil samples from three sampling
points arranged along the diagonal of each plot. Samples were collected sepa-
rately from 4 depth layers: 0–5, 5–10, 10–20, and 20–30 cm, resulting in a total
of 2076 soil samples.

2.2.2 Soil Sample Preparation and Laboratory Determination The
soil samples were air-dried in the laboratory for a period of two to three weeks.
They were then passed through a 2.00 mm sieve to remove fine roots. The
processed samples were ground via a ball mill and subsequently passed through
a 0.15 mm sieve. For TN analysis, 1.8 g of soil was weighed and placed into
a digestion tube (60 parallel samples were processed per batch). Subsequently,
4 mL of concentrated H2SO4 was added, followed by four gradient additions
of HF at 10-min intervals. Once the reaction stabilized, five drops of 70.0%
HClO4 were added, and the mixture was oscillated and allowed to stand at room
temperature for 12 h for predigestion. A gradient heating digestion program was
then applied: 65°C for 1 h, followed by 120°C for 30 min, and finally 230°C for 1
h. After cooling to room temperature, the supernatant was transferred to a 100
mL volumetric flask for dilution. The quantitative analysis of TN was conducted
via a BRAN+LUEBBE AA3 continuous flow analyzer (Seal AA3 Bran+Luebbe,
Norderstedt, Germany), which strictly followed instrument protocols and quality
control standards.

For IN analysis, 10.0 g of fresh soil (sieved to 2.00 mm) was extracted with
2.0 mol/L KCl solution containing a nitrification inhibitor at a soil-to-solution
ratio of 1:5. The mixture was shaken, centrifuged, and filtered. Ammonium N
was determined via the indophenol blue method at 660 nm, and nitrate N was
determined via the copper-cadmium reduction-sulfonamide coupling method at
540 nm, both of which used the BRAN+LUEBBE AA3 continuous flow analyzer.
The detection limits for ammonium and nitrate N were 0.05 and 0.02 mg/kg,
respectively. The system included a built-in dialysis module (10 kDa membrane)
and an EDTA complexing system to eliminate interferences from high salts (Cl−
and Ca2+) and silicates. The method achieved recoveries between 85.0% and
115.0%, with a relative standard deviation less than 8.0%, making it suitable
for accurate analysis of IN in high-pH (9.2) barren soils.

MBN density data were obtained from Gao et al. (2022), where MBN was
determined using the chloroform fumigation-extraction method (Brookes et al.,
1985). For this method, 5.0 g of fresh soil was weighed, placed in a 100 mL
beaker, and then fumigated under vacuum at 25°C for 24 h in a desiccator
containing chloroform and NaOH. After incubation, N was extracted using 0.5
mol/L K2SO4 (soil-to-solution ratio of 1.0:2.5). The N concentrations in the soil
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extracts were measured with a multi-N/C 3000 analyzer. The difference between
the fumigated and non-fumigated samples was multiplied by a conversion factor
of 0.45 to calculate the MBN density (Jenkinson et al., 2004). Bulk density was
measured using the ring knife method. The soil sand content was estimated
using the hydrometer and pipette method described by Kettler et al. (2001).
The soil pH was determined using the potentiometric method with a water-to-
soil ratio of 2.5:1.0.

2.3 Calculation of the TN and IN Densities

Based on the obtained N concentration (N�; g/kg), bulk density (BD�; g/cm3),
proportion (%) of coarse fragments (>2.00 mm; C�), and soil thickness (T�; cm)
at the soil depth layer h (h=1, 2, 3, 4), the soil N fraction density (SND; g/m2)
was calculated using Equation 1 (Tian et al., 2006; Yang, 2007; Kou et al.,
2019):

Equation 1 was used to calculate each soil N fraction density.

Equation 2 was used to calculate each soil N fraction stock (Liu et al., 2011):

Equation 2 was used to calculate each soil N fraction stock.

where STNS (Tg) represents the soil N fraction stock within the study area; n
denotes the total number of grid cells in the raster; D� (g/m2) is the TN, IN, or
MBN density for the ith grid cell; and A (m2) is the area of each grid square,
set by the defined resolution. In this study, the STNS was calculated for the
upper 0–30 cm soil layer. These calculations were conducted via ArcMap 10.3
with the spatial analyst module. Ordinary kriging was employed for spatial
interpolation to generate surfaces covering the drylands of northern China.
These surfaces were then converted into raster layers with a resolution of 1
km$×1𝑘𝑚, 𝑤ℎ𝑒𝑟𝑒𝑒𝑎𝑐ℎ𝑟𝑎𝑠𝑡𝑒𝑟𝑐𝑒𝑙𝑙𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑑𝑎𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑣𝑎𝑙𝑢𝑒(𝑔/𝑚{2})𝑎𝑛𝑑𝑎𝑟𝑒𝑎(𝑚{2}$).

2.4 Environmental Data

The mean annual temperature data were obtained from the MOD11A1 V6
Global Climate Grid dataset within the MODIS data archive (https://doi.org/10.5067/MODIS/MOD11A1.006).
The MOD11A1 V6 product provides daily surface temperature and emissivity
values on a 1 km grid (Rodell et al., 2004). The Normalized Difference
Vegetation Index (NDVI) was computed from Landsat remote sensing image
bands, with a spatial resolution of 30 m. The aridity level at each site
was determined as 1–AI (Delgado-Baquerizo et al., 2013). AI data were
sourced from the Global Aridity and Potential Evapotranspiration Climate
Database (https://cgiarcsi.community/). The LULC data were obtained
from the European Space Agency Climate Change Initiative (ESA CCI)
(https://climate.esa.int/en/) database, with a spatial resolution of 300 m.
Global human impact data during 2000–2018 were accessed at a spatial
resolution of 1 km, sourced from “A global record of annual terrestrial
Human Footprint dataset from 2000 to 2018”(https://doi.org/10.1038/s41597-
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022-01284-8). This dataset included eight variables—the built environment,
population density, nighttime lighting, farmland, pastureland, roads, railways,
and navigable waterways—capturing diverse aspects of human pressure. These
data were used following the methodology of Venter et al. (2016) to generate
annual dynamic data on the global terrestrial human footprint for the period
2000–2020.

2.5 Estimation of the TN, IN, and MBN Stocks

To obtain spatially explicit estimates of soil TN, IN, and MBN stocks, this
study employed machine learning models to upscale site-level soil N fraction
density to the regional scale. Machine learning models are recognized for their
robustness in predicting soil and ecological properties over large areas (Beer et
al., 2010). Compared with traditional upscaling methods based on taxonomic
units, machine learning approaches can more effectively reduce uncertainty in
soil carbon and N stock estimations (Ding et al., 2016; Kou et al., 2019). Three
widely used machine learning models were selected: the Random Forest (RF)
model, the eXtreme Gradient Boosting (XGBoost) model, and the Support
Vector Machine (SVM) model. The soil TN, IN, and MBN stocks at 0–30 cm
depth in the drylands of northern China were estimated via the following steps
(Fig. 2 [Figure 2: see original paper]).

First, three models—RF, XGBoost, and SVM—were constructed and validated
via TN, IN, and MBN density data along with corresponding predictor vari-
ables. The predictor variables included human impacts, mean annual tempera-
ture, mean annual precipitation, NDVI, pH, clay content, and sand content. A
random hierarchical partitioning strategy was used to split the dataset into a
training set and a test set at a 75.0%:25.0% ratio. The training set was used for
model parameter optimization, whereas the test set served as an independent
validation dataset for the final performance assessment. To further evaluate
model generalizability, a 5-fold cross-validation technique was employed during
training. The training set was uniformly divided into five mutually exclusive
subsets. In each of the five iterations, four subsets (80.0% of the training set)
were used for model training, and one subset (20.0%) was used for hyperparam-
eter tuning. The predictive performance of the three machine learning models
was assessed using a‘leave-one-out’cross-validation approach. Model validation
results were presented via 1:1 line plots. Additionally, the mean absolute error
(MAE), root mean square error (RMSE), and coefficient of determination (R2)
were used to assess the models’strengths and weaknesses comprehensively. The
optimal model was selected on the basis of the assessment accuracy to estimate
the soil TN, IN, and MBN stocks in the study area.

The formulas for MAE, RMSE, and R2 are as follows:

where m represents the sample size; O� and P� represent the observed and pre-
dicted TN, IN, or MBN densities at site j, respectively; and Ō represents the
mean of the observations. The closer the MAE and RMSE are to zero, the
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greater the prediction accuracy; and the closer the R2 is to 1.00, the greater the
model fit. In this study, all the data were preprocessed—including mosaicking,
fusion, and resampling—to ensure a uniform spatial resolution of 1 km$×$1 km
for subsequent analyses.

Fig. 2 Flow chart for estimating the TN, IN, and MBN stocks in this study. N,
nitrogen; TN, total nitrogen; IN, inorganic nitrogen; MBN, microbial biomass
nitrogen; MAT, mean annual temperature; MAP, mean annual precipitation;
HI, human impacts; clay, soil clay content; sand, soil sand content; NDVI, Nor-
malized Difference Vegetation Index; XGBoost, eXtreme Gradient Boosting;
RF, Random Forest; SVM, Support Vector Machine; R2, coefficient of determi-
nation; MAE, mean absolute error; RMSE, root mean square error.

2.6 Statistical Analysis

To obtain spatially explicit estimates of soil N fraction stocks, we employed
the best-performing XGBoost model to upscale soil N fraction densities from
the site level to the regional scale. We used a Taylor diagram analysis at each
sampling site to evaluate the performance of the XGBoost model in predicting
the N fraction stocks. Spatial analyses were performed via ArcMap 10.3.

To examine the direct and indirect influences of environmental variables on soil
N fraction changes, we applied the piecewise structural equation modeling (piece-
wiseSEM). Prior to modeling, the “selected forward”procedure was executed
to identify the most significant predictors. In our piecewiseSEM framework,
the climate and soil environmental factors were treated as composite variables.
The model also accounted for random effects associated with different LULC
types at the sampling sites. We calculated both marginal and conditional R2

values: the marginal R2 reflects the variance explained by fixed predictors alone,
whereas the conditional R2 accounts for variance explained by both fixed and
random effects. Model fit was evaluated via Fisher’s C test, with refinement
on the basis of significance (P<0.050) and acceptable goodness-of-fit thresholds
(0≤Fisher’s C or df$�2𝑎𝑛𝑑0.050 < 𝑃 �$1.000, where df is the degree of freedom).
To determine the best predictors of N fraction variability, similar variables were
included at different data scales within the piecewiseSEM. Standardized direct,
indirect, and total effects were calculated for each predictor. The software pack-
ages used included “piecewiseSEM”(Lefcheck, 2016), “nlme”, and “lme4”.
Additionally, the variance partitioning analysis (VPA) was performed using the
‘’varpart’’function in R 4.0.5 to quantify the relative contributions of climate
factors, soil environmental factors, vegetation cover (indicated by NDVI), and
human impacts to the variations in soil N fractions. The ‘’MuMIn’’package
was used to analyze explanatory variables, whereas the ‘’rdacca.hp’’package
was employed to assess their relative contributions (Gross et al., 2017).
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3 Results
3.1 Evaluation of Model Prediction Performance

The 1:1 line scatter plots illustrated the predictive performance of the three
machine learning models for the TN, IN, and MBN densities in the drylands
of northern China (Fig. 3 [Figure 3: see original paper]). Among the three
models, the XGBoost model presented the highest R2 for all three N fractions,
with R2 values of 0.89 for MBN, 0.84 for IN, and 0.81 for TN. It also achieved
the lowest MAE—0.7 g/m2 for MBN, 3.8 g/m2 for IN, and 76.9 g/m2 for TN—
and lowest RMSE—1.0 g/m2 for MBN, 5.6 g/m2 for IN, and 106.9 g/m2 for TN.
These results suggested that the XGBoost model could effectively capture the
spatial patterns of the soil TN, IN, and MBN stocks at large spatial scales.

Fig. 3 Scatter plots indicating the effectiveness of the RF, XGBoost, and
SVM models in predicting MBN (a–c), IN (d–f), and TN (g–i) densities in
the drylands of northern China. The gray shading area represents the 95%
confidence interval.

3.2 Spatial Distribution Characteristics of Soil N Fractions in the
Drylands of Northern China

Geospatial analysis revealed that the spatial distributions of the soil TN, IN,
and MBN densities across the drylands of northern China are highly consistent,
with evident regional heterogeneity (Fig. 4 [Figure 4: see original paper]). Areas
with high soil N stocks were primarily concentrated in the frigid zone of the
Qinghai–Xizang Plateau and the temperate zone of the Northeast China Plain.
In contrast, low soil N stock areas were found in the barren lands, including the
Junggar Basin, Taklimakan Desert, and Kumtag Desert.

Fig. 4 Spatial distribution patterns of soil TN (a), IN (b), and MBN
(c) densities in the drylands of northern China. Note that the figure is
based on the standard map (GS(2021)5453) of the Map Service System
(http://bzdt.ch.mnr.gov.cn/), and the standard map has not been modified.

At the 0–30 cm soil depth layer, the estimated stocks of TN, IN, and MBN in the
study area were about 1020.4, 92.2, and 40.8 Tg, respectively. The correspond-
ing mean densities were estimated at 164.6, 14.9, and 6.6 g/m2, respectively
(Table 1 ). Grassland soils presented the highest TN stock at about 420.4 Tg,
accounting for about 41.2% of the total, whereas shrubland soils presented the
lowest TN stock at about 53.8 Tg (5.3% of the total). The forestland soils pre-
sented the highest TN density (221.9 g/m2), whereas the soils in barren land
presented the lowest (70.1 g/m2). For IN density, forestland soils again ranked
the highest (20.5 g/m2), whereas the soils in barren land were the lowest (9.5
g/m2). In terms of MBN density, forestland soils presented the highest value
(8.3 g/m2), and the soils in barren land presented the lowest value (3.7 g/m2).

Table 1 Estimation of densities and stocks of soil nitrogen (N) fractions for
different land use/land cover (LULC) types in the drylands of northern China
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LULC
type

Density
(g/m2)

Stock
(Tg)

Density
(g/m2)

Stock
(Tg)

Density
(g/m2)

Stock
(Tg)

Cropland
Forestland
Shrubland
Grassland
Barren
land
Others
Total

Note: TN, total nitrogen; IN, inorganic nitrogen; MBN, microbial biomass
nitrogen.

3.3 Main Drivers of Soil N Fraction Changes in the Drylands of North-
ern China

This study further investigated the regulatory factors influencing changes in
soil N fractions within the dryland ecosystems using the piecewiseSEM (Fig.
5 [Figure 5: see original paper]). The combined influence of climate factors,
soil environmental factors, NDVI, and human impacts significantly explained
the variations in TN (marginal R2=0.47), IN (marginal R2=0.43), and MBN
(marginal R2=0.23). When accounting for the random effects of the‘sampling
site’, the model explained an increase of approximately 20.0% of the variation
in soil N fractions.

The piecewiseSEM results indicated that mean annual precipitation, aridity, and
human impacts not only have strong direct effects on soil N fractions but also
contribute significantly through indirect pathways. The VPA further revealed
that climate factors, soil environmental factors, NDVI, and human impacts col-
lectively explained 37.5%–64.5% of the observed variation in N fractions (Fig. 6
[Figure 6: see original paper]). Among these factors, climate factors exerted the
most substantial independent influence, contributing between 6.9% and 33.7%.
Human impacts and soil environmental factors also made notable independent
contributions, ranging from 6.6% to 10.4% and 5.4% to 15.2%, respectively.
NDVI had a relatively small independent effect, contributing between 0.0% and
1.8%. Notably, the interaction between climate and soil environmental factors
exceeded the impact of their individual effects.

Fig. 5 Piecewise structural equation modeling (PiecewiseSEM) accounting for
the direct and indirect effects of different predictors on TN (a), IN (b), and
MBN (c) in the drylands of northern China. The gray arrows indicate negative
correlations, and the orange arrows indicate positive correlations. The thickness
of the arrow is proportional to the magnitude of standardized path coefficients
and indicative of the strength of the relationship. The coefficients adjacent to
the climate and soil environmental factors represent the independent effects of
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each factor. Marginal R2 and conditional R2 denote the proportion of variance
explained by the included predictors without and with accounting for random
effects of the‘sampling site’, respectively. df, degree of freedom; AIC, Akaike
Information Criterion; BIC, Bayesian Information Criterion. , P<0.050 level; ,
P<0.010 level; , P<0.001 level.

Fig. 6 Variance partitioning analysis (VPA) revealing the relative contributions
of different environmental factors to the variations in TN (a), IN (b), and MBN
(c) in the drylands of northern China. Only positive relative contributions are
shown in the figure. Residual indicates the portion of variation in the target
variable that cannot be explained by the model.

4 Discussion
4.1 Superiority of the XGBoost Model

This study demonstrated that the XGBoost model performs exceptionally well
in modeling soil N fractions in the drylands of northern China. This is primarily
due to its capacity to capture complex nonlinear relationships, its efficient fea-
ture importance screening mechanism, and its resistance to overfitting (Chi et
al., 2022). Compared with traditional statistical methods (e.g., multiple linear
regression), the XGBoost model effectively captures higher-order interactions
among multiple variables—such as soil pH, organic matter content, and micro-
bial activity—by integrating a gradient boosting framework with multiple deci-
sion trees. Its built-in regularization terms (L1/L2) constrain model complexity,
making it particularly well suited for environmental datasets characterized by
high dimensionality and multicollinearity, such as soil spectral data. There-
fore, the XGBoost model should be more widely adopted in future large-scale
environmental studies.

4.2 Characteristics of Each Soil N Fraction

Our study revealed that at the 0–30 cm soil depth layer across the drylands of
northern China, the TN stock is 1020.4 Tg, with an average N density of 164.6
g/m2. In contrast, Yang et al. (2007) estimated the TN stock in China’s sur-
face soils (depth of 0–30 cm) at 3.39 Pg, with an average density of 0.4 kg/m2,
based on 2473 soil profiles from the national soil census. These findings indi-
cated that although drylands occupy about 64.6% of China’s land area, the TN
stock in dryland surface soils accounts for only 32.7% of the national total. This
disparity can be attributed to several environmental factors. Lower precipita-
tion and higher evapotranspiration in drylands reduce salt leaching, resulting in
the accumulation of calcium carbonate and gypsum, high base saturation, and
characteristically high soil pH (Ewing et al., 2006). Compared with humid re-
gions, soils in drylands have coarser textures and lower organic matter contents,
which lead to reduced water retention, increased bulk density, and lower cation
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exchange capacity (Ren et al., 2024). These conditions contribute to reduced
soil N levels. Furthermore, drylands receive fewer organic matter inputs from
leaf litter and root systems, which are more abundant in humid environments
(Paul et al., 2002). This results in decreased nutrient input to the soil (Li et al.,
2012), contributing to the lower TN stocks observed in dryland regions.

The decline in N content with increasing aridity is driven primarily by reduced
soil water availability and vegetation cover—both of which directly or indirectly
influence N-related processes, particularly biological functions such as photosyn-
thesis, atmospheric N fixation, and the activity of soil microbes and enzymes (Li
et al., 2007; Reynolds et al., 2007; Vicente-Serrano et al., 2012). Rising temper-
atures associated with arid conditions may intensify the effects of drought on N
availability. Additionally, reduced vegetation cover and elevated temperatures
can lead to increased soil drying and erosion, promoting the loss of fine, nutrient-
rich particles such as clay (Reynolds et al., 2007). These processes contribute
to a reduction in soil N under arid conditions.

4.3 Impact of LULC on Variations in Soil N Fractions

This study highlighted significant variations in the density of soil N fractions
across different LULC types. Previous research has consistently demonstrated
that differences in vegetation cover and soil management practices under various
LULC types lead to substantial variability in N density (Wang et al., 2012; Gao
et al., 2020; Uwiragiye et al., 2024), which aligns with our findings. Human-
induced changes in LULC exert considerable impacts on soil nutrients, as evi-
denced in this study by the highest density of N fractions observed in forestlands
and the lowest density in barren land.

Changes in LULC result in shifts in plant species composition, abundance, and
chemical characteristics, which in turn play pivotal roles in N sequestration
(Gao et al., 2020). Notably, dynamic changes in N fractions arise from land
use practices and management strategies, especially under significant LULC
transformations (Gross and Harrison, 2019). Soil N stocks tend to increase
when land is converted from cropland to forestland and/or grassland (Deng and
Shangguan, 2016; Liang et al., 2023). Meena et al. (2018) emphasized that
restoring degraded cropland to grassland and woodland can increase N stocks
in India’s Central Himalayan region. These findings consistently support the
conclusion in this study that soil N stocks in forestland or grassland exceeded
those in cropland.

Soil pH and moisture content, which are key factors affected by LULC changes,
significantly influence the rates of N mineralization and nitrification (Knoepp
and Swank, 2002; Mikan et al., 2002). Compared with forestland and grass-
land, soils in barren land typically present a lower moisture content and higher
alkalinity. These conditions lead to reduced soil microbial activity (Zhang et
al., 2022) and lower mineralization and nitrification rates (Knoepp and Swank,
2002; Zheng et al., 2020), ultimately resulting in lower IN and MBN densities.
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Additionally, Deng et al. (2021) demonstrated that aridity decreases the rates of
N mineralization by 5.7% and nitrification by 13.8%, thereby reducing the soil
IN density. Aridity also contributes to reduced MBN density by suppressing
microbial activity (Zhu et al., 2021) and lowering the abundance of soil bacteria
and fungi (Xi et al., 2022).

4.4 Impacts of Human Impacts on Soil N Fractions

Our study revealed that human impacts have a significantly positive effect on
soil TN. This increase in soil N due to human activities can be attributed to four
primary factors. First, anthropogenic fertilization leads to an increase in the
soil N content. Dang et al. (2022) reported a notable increase in soil TN under
long-term fertilizer and straw return treatment. The application of organic
fertilizers or straw improves soil structure, enhances aggregation, reduces N
loss, increases the proportion of larger aggregates, and indirectly elevates soil N
fraction stocks (Sodhi et al., 2009; He et al., 2015; Iqbal et al., 2018). Second,
grazing activities significantly affect soil N levels (Zhou et al., 2017; Chen et al.,
2023). Intensive grazing increases soil TN through the deposition of manure and
urine by livestock, with the effect intensifying as the number of grazing events
increases—particularly in the later stages of rotation. The increase in soil N is
largely due to the addition of readily available N from animal waste. Grazing
animals return most of the consumed plant nutrients back to the soil (Haynes
and Williams, 1993; Sun et al., 2018). Third, human impacts contribute to
elevated atmospheric nitrogenous compounds, leading to N deposition. Ochoa-
Hueso et al. (2014) reported that N deposition in semi-arid mesocosm ecosystems
increases both soil carbon and N levels. China, identified as a hotspot for
N deposition, may continue to experience prolonged elevated deposition levels
(Jia et al., 2014), thereby contributing to increased soil N content. Finally,
dynamic changes in the TN stock may result from significant alterations in land
use and management (Rumpel and Kögel-Knabner, 2010; Gross and Harrison,
2019). Current national initiatives—such as the Grain for Green Project and the
Three-North Shelter Forest Program—have significantly impacted soil N levels
(Schmidt et al., 2011). In arid and semi-arid areas, afforestation, especially with
broad-leaved deciduous species, has been shown to increase soil organic carbon
accumulation by 131.0% and TN accumulation by 88.0% (Liu et al., 2018).

4.5 Impacts of Aridity on Soil N Fractions

Our findings indicated that aridity and human impacts are the dominant drivers
of TN density variation in the drylands of northern China, exerting opposing
influences. It is a consistent conclusion that aridity reduces soil TN. For example,
Delgado-Baquerizo et al. (2013) reported that TN decreases in dryland regions,
likely due to increased soil erosion and reduced vegetation cover under increasing
aridity. In nutrient-limited ecosystems (Schlesinger et al., 1990), the suppression
of N mineralization may trigger a positive feedback loop that further limits
nutrient availability (Schimel and Bennett, 2004). Intensified water scarcity
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further suppresses microbial activity in drylands by limiting nutrient availability
(Maestre et al., 2015). Under desiccation, soil microbes survive as dormant
inocula by accumulating solutes within cells—requiring both carbon and N to
lower the water potential and maintain hydration (Schimel et al., 2007). This
response slows N cycling and leads to reduced TN in the soil.

Dryland ecosystems are also characterized by high-intensity but infrequent rain-
fall events (Dijkstra et al., 2012), which induce a stronger response in soil mi-
crobial communities than in plant growth (Collins et al., 2008). Since microbial
mineralization of organic matter is a major source of soil IN (Sirulnik et al.,
2007), rainfall-driven microbial activation may lead to substantial N release.
However, when moisture availability limits plant N uptake, desynchronization
in the N cycle occurs, resulting in N losses via nitrification and denitrification
(Knapp et al., 2008). Consequently, the increase in gaseous N losses with in-
creasing aridity outweighs the primary mechanism contributing to net plant N
accumulation. Ammonia volatilization—characterized by a high isotope fraction-
ation factor (Handley et al., 1999)—represents a significant abiotic pathway for
N loss, particularly in extremely arid regions where elevated soil pH level, a
key factor driving ammonia volatilization, is commonly observed (Wang et al.,
2014). Thus, as aridity increases, both N2O and ammonia emissions from the
soil intensify, resulting in further depletion of soil N fraction stocks.

The impacts of aridity and human impacts on N dynamics can offset each other.
Delgado-Baquerizo et al. (2016) reported that, globally, N limitation tends to
intensify in most arid regions. However, in hyper-arid zones, the increase in
N resulting from human impacts may counterbalance the potential increase in
N limitation. This phenomenon may be attributed to the constraints imposed
by aridity—such as reduced water availability—that can limit both human im-
pacts and overall urban development (Li et al., 2021). The significant negative
correlation between human impacts and aridity proxies reveals a key spatial dis-
parity: aridity promotes N loss, while human activities lead to N accumulation
across dryland regions (Liu et al., 2010). For example, overgrazing in grassland
ecosystems can cause soil degradation, soil erosion, and considerable losses of nu-
trients, including N and phosphorus (Niu et al., 2015). Aridity has been shown
to increase the mineral N content by 31.0% but decrease the N mineralization
and nitrification rates by 5.7% and 13.8%, respectively, resulting in relatively
stable TN contents (Deng et al., 2021). This study also demonstrated that tem-
perature is a critical driver of spatial variation in N, with a significant negative
effect on both TN and its associated fractions. Delgado-Baquerizo et al. (2016)
further highlighted that the strong negative correlation between human impacts
and aridity suggests a current spatial disconnect between aridity-driven N losses
and human impact-driven N accumulation in different dryland ecosystems (Liu
et al., 2010). Thus, on a global scale, while N limitation is expected to intensify
in the hyper-arid areas, the increase in N inputs through human impacts in less
arid drylands may offset any overall trend toward increased N limitation.
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4.6 Limitations and Uncertainties

In this study, the sampling sites are distributed mainly in natural areas, and
there is a lack of data in artificial restoration areas and oasis areas in arid regions,
which may lead to an underestimation of the situation in the corresponding ar-
eas. Previous studies have shown that only IN—a small fraction (2.0%–8.0%)
of TN—is readily available for plant uptake. In this study, the estimated ratio
of IN to TN was 0.09, which may reflect an underestimation of TN stock or
an overestimation of IN stock in dryland areas. Biological soil crusts, which
are widely present in arid and semi-arid areas, play vital roles in soil ecology,
hydrology, and nutrient cycling, contributing significantly to N and carbon in-
puts via N fixation and photosynthesis. However, the exclusion of soils under
biological crusts from the sampling strategy may have led to an underestimation
of TN stock and a corresponding inflation in the relative share of IN. The MBN
data utilized in this study were derived from Gao et al. (2022) and were not
obtained through direct soil sample analysis. This reliance introduces potential
uncertainties in the estimation of MBN stock. Vegetation may have an impor-
tant influence on variations in soil N fractions in dryland areas. However, our
study revealed that the contribution of vegetation to variations in N fractions
is small. The use of NDVI to characterize the effects of vegetation has several
limitations. NDVI can characterize only the above-ground portion of vegetation,
while the sampling sites in this study were concentrated in barren areas where
the differences in NDVI were not significant. Since vegetation in barren land has
a well-developed root system, this study ignored the moderating effect of the
plant root system on the N fractions. In addition, due to the relatively coarse
spatial scale, this study may not have fully captured the plant patch effects, as
they are likely obscured by data homogenization. Additionally, the air-dried
samples substantially increased the ratios of IN to TN in this study.

5 Conclusions
Our study compared the predictive performance of three machine learning mod-
els on the basis of 2076 soil samples collected from 173 sites in the drylands of
northern China. The XGBoost model, which performed the best, was selected
to estimate and spatially map the soil N fraction stocks. Although the densities
of TN, IN, and MBN in drylands were significantly lower than those in other
regions of China, the considerable area proportion of drylands resulted in con-
siderably higher reserves of the N fractions in these regions. LULC changes had
notable effects on soil N dynamics. The VPA and piecewiseSEM found that
climate factors and human impacts jointly dominate the changes in N fractions
and that the two kinds of factors have mutually offsetting antagonistic effects.
Our findings are crucial for reducing uncertainty in N fraction estimations at
national and global scales and offer valuable insights for developing targeted
soil N management strategies in drylands. For example, afforestation in arid
wastelands can markedly increase soil N fraction stocks. Similarly, N inputs in
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arid croplands should be adjusted according to local aridity levels, while pasture
growth and grazing intensity should be key indicators for managing grasslands
under different aridity regimes.
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