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Abstract: Soil available nutrient contents are critical for regulating ecosystem structure and function;
therefore, exploring patterns, dynamics, and drivers of soil available nutrient contents is helpful
for understanding the geochemical cycle at the regional scale. However, learning the patterns and
dynamics of soil available nutrients across a regional scale is quite limited, especially the soil available
nitrogen (SAN) and soil available phosphorus (SAP) in alpine grasslands. In this study, we used
machine learning (Random Forest) to map the SAN and SAP at a soil depth of 0–30 cm in alpine
grasslands across the QingZang Plateau (QZP) in 2015. Our results showed that the current (2015)
contents of the SAN and SAP in alpine grasslands on the QZP were 139.96 mg kg−1 and 2.63 mg kg−1,
respectively. Compared to the 1980s, the SAN significantly increased by 18.12 mg kg−1 (14.83%,
p < 0.05) and the SAP decreased by 1.71 mg kg−1 (39.40%, p < 0.05). The SAN and SAP contents of
alpine meadows were higher than those of alpine steppes. The increases in SAN were not significantly
(p > 0.05) different between those two grassland types, while the decrease in SAP was significantly
(p < 0.05) higher in alpine meadows than in alpine grasslands. Combined with redundancy analysis,
we quantified the impact of environmental drivers, and 80% of the spatial variation in SAN and
SAP could be explained by environmental factors. Our findings also highlighted that in the context
of global change, the increase in SAP and decrease in SAP might lead to weakening of nitrogen
limitation and intensification of phosphorus limitation, especially in alpine meadows. In general, this
study expanded the knowledge about the patterns and dynamics of SAN and SAP, and deepened the
understanding of the driving mechanisms, which provided a basis for sustainable management of
grasslands and optimization of ecological security barrier functions on the QZP.

Keywords: soil available nitrogen; soil available phosphorus; spatial patterns; random forest;
QingZang Plateau

1. Introduction

Soil nutrient availability performs essential effects on regulating plant–soil feed-
backs [1] and terrestrial ecosystem nutrient cycling [2]. Nitrogen (N) and phosphorus
(P) are the primary soil nutrients that limit vegetation productivity [3–5], and their availabil-
ity and dynamics alter ecosystem structure and functions by affecting species diversity [2,6],
thus regulating the terrestrial ecosystem carbon cycle [7,8]. N enters the ecosystem mainly
through nitrogen fixation, while P relies mainly on weathering of native minerals [9]. Soil
available nitrogen (SAN) and soil available phosphorus (SAP) are the nutrients that can
be directly used by vegetation from the soil. Importantly, soil nutrient cycling processes
are significantly influenced by biotic and abiotic environmental factors and controlled by
different mechanisms [10], whereby variations in environmental factors can potentially
affect the patterns and dynamics of SAN and SAP [11]. Furthermore, numerous studies
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have shown that N limitation and P limitation are prevalent throughout terrestrial ecosys-
tems [12–15]. It is noted that although the dynamics and mechanisms of SAN and SAP
have been explored via the experiment sites or transects, the patterns and dynamics of SAN
and SAP at the regional scale are still unclear.

Assessing soil available nutrient dynamics at large scales is critical for understanding
regional nutrient cycling. The high spatial and temporal variability of environmental factors
and the complex interactions among them result in the high spatiotemporal heterogeneity
of the soil available nutrients [16]. It is difficult to accurately obtain the patterns and
dynamics of SAN and SAP on a large scale. Traditional models such as spatial interpolation,
area-weighted averaging based on spatial constraints of soil taxonomic units, and empirical
functions are widely used to estimate the soil properties of regions [17–19]. However,
these methods suffer from poor spatial representation and low resolution [20,21]. More
recent research adopted advanced machine learning [22–25] (e.g., Random Forest) meth-
ods to simulate the spatiotemporal patterns of soil nutrients with substantial assessment
results. For instance, the International Soil Reference Information Center (ISRIC) mapped
the spatial distribution of global soil properties based on a machine learning approach
(SoilGrids250) [26]. Furthermore, the Random Forest model was introduced to investigate
the dynamics and driving forces of soil organic carbon in China [27]. Apparently, machine
learning models and the validation processes could help us to improve our understanding
of the spatial heterogeneity of soil nutrients [28], and the modeled results could clarify the
controls of soil nutrients [29]. To the best of our knowledge, only a few studies examined
the variations of SAN and SAP via a machine learning method at a large scale, especially
across the QingZang Plateau (QZP).

According to the previous studies, patterns and dynamics of SAN and SAP are reg-
ulated by various drivers, including climate, geography, soil parent material, microbes,
vegetation dynamics [30–33], and human activities [34]. Biotic and abiotic environments
have been altered due to climate change, which has profound effects on biogeochemical
processes [35]. Numerous studies have demonstrated that global-warming-caused peren-
nial permafrost degradation may release soil nutrients (including SAN and SAP) that
are beneficial to plant growth [36,37]. Specifically, the rising temperature facilitates the
decomposition of soil organic matter and promotes the accumulation and cycling of soil
available nutrients [38]. However, the increased temperature possibly reduces the availabil-
ity of soil nutrients [39], since the hydrothermal conditions trigger soil nutrient imbalance
or cyclic decoupling by altering surface temperature, soil moisture content, and micro-
bial activities [40,41], and thereby affect vegetation growth, community composition, and
ecosystem functions [42,43]. Remarkably, the increased anthropogenic nitrogen emissions
have enhanced the atmospheric nitrogen deposition in grassland areas of northern China in
recent decades [44], with increasing rates varying between 5.2 and 18.7 kg N ha−1 yr−1 [45],
and the elevated nitrogen deposition has been demonstrated to further affect the nitrogen
status of ecosystems significantly [44]. The availability of soil phosphorus is controlled by
long-term biogeochemical processes [46] and can be affected by environmental factors. For
instance, temperature can directly perturb soil phosphorus adsorption and desorption [47],
while precipitation can regulate soil phosphorus leaching [48]. In addition, processes
such as erosion, dissolution, and landslides caused by topographic conditions can lead to
nutrient accumulation or loss in different areas [16]. Consequently, recognizing the drivers
of the variations of SAN and SAP at the large regional scale is crucial for understanding the
underlying mechanism of soil nutrient cycling and the principles of terrestrial ecosystems.

The QZP is an important ecological security barrier in China, whose alpine ecosystems
are more sensitive to global change than other regions [49]. Alpine grassland is the major
ecosystem type on the QZP. Hence, clarifying the patterns and dynamics of SAN and SAP
is crucial to promoting sustainable grassland management and optimizing the function
of ecological security barriers. In summary, the purpose of this study is to investigate the
patterns, dynamics, and drivers of SAN and SAP in alpine grasslands on the QZP. Firstly,
we quantified the spatial patterns of SAN and SAP in 2015 using a Random Forest model
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by employing field sampling data. Then, the historical soil available nutrient data (1980s)
were used to further quantify the changes in SAN and SAP to investigate their temporal
dynamics. Last but not least, we calculated the explanatory rates of different environmental
factors on the spatial patterns of SAN and SAP to explore the driving mechanisms involved.

2. Materials and Methods
2.1. Study Area

The QingZang Plateau (QZP), located in the southwest of China (26◦00′12′′N to
39◦46′50′′N and 73◦18′52′′E to 104◦46′59′′E, Figure 1), is one of the highest (average altitude
approximately 4000 m) and the most extensive (approximately 2.5 million km2) plateaus
in the world [49,50]. Grassland, mainly consisting of alpine steppe and alpine meadow, is
the major ecosystem type of the QZP ([51]). The QZP is known as “Asia’s Water Tower”
and the “Amplifier of Global Climate Change” ([49]), and acts as an important ecologi-
cal security barrier for China. The QZP is characterized by extreme climate and harsh
environment [52,53], and there is an obvious gradient in temperature and precipitation
under the influence of topographical and geographical conditions [54]. The mean annual
precipitation is 486 mm, with precipitation mainly concentrated from June to September,
and the mean annual temperature ranges from −6 ◦C to 3 ◦C [52]. Soil grades mainly
consist of Gelisols, Inceptisols, Mollisols, Aridisols, and Entisols [55].
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2015, and major ecosystem types.

2.2. Data Collection
2.2.1. Soil Available Nitrogen and Phosphorus Samples

To quantitatively estimate SAN and SAP contents over the QZP, we sampled 115 alpine
grassland sites (345 samples) along the transect on the QZP during the summer of 2015
(July and August) (Figure 1) [54]. The field sample sites were selected based on visual
inspection, which were located on flat terrain, away from roads, and with low grazing
intensity to reduce anthropogenic disturbances [56]. At each sample site (10 m × 10 m),
three locations were randomly selected for soil sample collection, where the soil samples
were collected at a depth of 0–30 cm using a soil auger. The latitude and longitude of
each sample site were recorded by handheld GPS. In the laboratory, soil samples were
air-dried and then sieved through 2 mm mesh, and the SAN and SAP were measured by the
alkali-hydrolyzed reduction-diffusion method and the Olsen method [56,57], respectively.
It is worth mentioning that 80% of the SAN and SAP random sample data were used
as training data for the Random Forest (RF) model and the remaining 20% of data were
testing data.
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2.2.2. Environmental Factors

In total, 44 environmental raster datasets, including four categories, climate, geogra-
phy, soil, and vegetation, were constructed for RF inversion and driver analysis. Detailed
information and data sources for each indicator are described in the Supplementary Ma-
terials (Table S1). In particular, Slope and Aspect data were derived from DEM data in
ArcGIS10.6, soil data were calculated as the average values of 0–30 cm on the Google Earth
Engine (GEE) platform, and vegetation phenology data (SOS, LOS, EOS) were obtained
using NDVI data in Matlab. Furthermore, these raster datasets were resampled to 30 s
(~1 km at the equator) and the multi-year averages were calculated for refinement inversion
of SAN and SAP contents.

The vegetation types (Figure 1) were divided according to the 1:1 million China
vegetation map (Resource and Environment Data Cloud Platform, https://www.resdc.
cn/data.aspx?DATAID=122, accessed on 1 September 2021). Additionally, the historical
soil available nutrient data (1980s) used to calculate the SAN and SAP changes were
obtained from the Land–Atmosphere Interaction Research Group of Sun Yat-sen University
(http://globalchange.bnu.edu.cn/research/soil2, accessed on 20 November 2021), and the
first three layers of data (0–30 cm) with the resolution of 30 s were used in this study.

2.3. SAN and SAP Estimation Based on Random Forest
2.3.1. Environmental Covariates Selection

We performed the multicollinearity analysis and independence detections on the
44 environmental covariates using variance inflation (VIF) and tolerance (TOL) to screen
the indicators with VIF < 10 and TOL > 0.1 for training RF models [58,59]. Then, the
selected environmental covariates were matched to the field sample points by latitude and
longitude coordinates for training and testing of the RF models.

2.3.2. Random Forest Modeling

RF is an ensemble machine learning algorithm that operates by building a series
of regression trees based on a sample dataset [16,60]. The RF model can enhance the
accuracy of prediction and inversion by aggregating the results of multiple decision trees
and showing better resistance to experimental noise interference [27]. Many previous
studies have been conducted to apply RF for the prediction and inversion of regional-scale
data [16,58,61]. Therefore, we applied the RF models to estimate the spatial pattern of
SANs and SAPs across the QZP.

In our RF models, 80% of the sample and covariate datasets were used for training. We
used a grid search to iteratively explore the optimal parameters of models (hyperparametric
grid settings: number of subtrees (n_estimators: 1 to 100), the maximum growth depth of
the tree (max_depth: 1 to 5), the minimum number of samples of leaves (min_samples_leaf:
1 to 30), and the maximum number of selected features (max_features: 1 to 15)). During the
grid search, the performance of each model iteration was evaluated by randomized 10-fold
cross-validation and out-of-bag estimation, and the optimal models were obtained by
gradually improving the score of the models. Finally, we ran the optimal models 10 times
based on the covariate dataset to obtain the means and standard deviations of the SAN and
SAP in raster scale as the estimates and uncertainties of SAN and SAP. The RF models were
run based on the “sklearn” package in Python [62].

2.3.3. Evaluation Model

To verify the accuracy of the inverse estimations of the RF models, we calculated the
Pearson correlation coefficient (r), coefficient of determination (R-square), and the root
mean squared error (RMSE) using the remaining 20% of the test data and model estimation
data to quantify the bias of the RF models. The RMSE is calculated as follows:

RMSE =

√
∑n

i=1(xi − yi)
2

n
(1)

https://www.resdc.cn/data.aspx?DATAID=122
https://www.resdc.cn/data.aspx?DATAID=122
http://globalchange.bnu.edu.cn/research/soil2
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where n is the number of test data, xi is the test data, and yi is the model estimation data [59].
Importantly, we performed the normality test (α = 0.05) on the test data and the model
estimation data using skewness and kurtosis.

In addition, the standard deviations of the 10-fold cross-validation were used as
uncertainties to further validate the spatial predictive ability (robustness) of the models,
reflecting the errors caused by random sampling [27].

2.4. Data Analysis
2.4.1. Spatiotemporal Analysis

After estimating and mapping the SAN and SAP (2015) by RF, we compared the results
to the historical soil available nutrient data (1980s) to quantify the temporal variations in
SAN and SAP on the QZP. Meanwhile, an exploratory spatial data analysis (ESDA) based
on GIS technology was performed to reveal the spatial interactions of the results [63]. ESDA
methods include global spatial autocorrelation (Global Moran’s Index) and local spatial
autocorrelation (Getis-ord Gi* Index).

Quantifying SAN and SAP temporal dynamics. We quantified the temporal dynamics
in SAN and SAP by the following equations:

∆SAN = SANestimated − SANhistorical (2)

∆SAP = SAPestimated − SAPhistorical (3)

where ∆SAN and ∆SAP are the temporal dynamics of SAN and SAP, SANestimated and
SAPestimated are the estimates from RF, and SANhistorical and SAPhistorical are historical soil
available nutrient data.

Global Moran’s Index. The Global Moran’s Index [64] was used to measure the extent
of spatial correlation of the results across the QZP. The calculation method is as follows:

I =
∑n

i=1 ∑n
j=1 wij(xi − x)

(
xj − x

)
S2 ×∑n

i=1 ∑n
j=1 wij

, S2 =
1
n

n

∑
i=1

(xi − x)2 (4)

where n shows the total number of pixels; xi and xj represent the values of pixel i and
pixel j; x denotes the average value of all pixels; wij is the spatial weight matrix constructed
by Queen and Rook; S2 represents the variance of all pixels. The value of Global Moran’s I
ranged from−1 to 1. I > 0 means a positive correlation, with high or low values aggregated,
I < 0 means a negative correlation, with high and low values adjacent to each other, and
I = 0 represents that the data are randomly distributed and there was no correlation. In
addition, the results were tested for significance based on z-scores.

Getis-ord Gi* Index. This study measures local spatial autocorrelation using the Getis-
ord Gi* Index [64]. The Getis-ord Gi* Index based on the normal distribution hypothesis test
has a higher sensitivity than the LISA index based on the random distribution hypothesis
test, which can completely express the transitional geospatial information, detect the key
location of the spatial aggregation and the extent of regional correlation, determine the
contribution of the specific regions to the global correlation, and reveal the instability of the
spatial distribution. The calculation is expressed as:

Gi
∗ =

∑n
j=1 wi,jxj − x

.
∑n

j=1 wi,j

S

√
n ∑n

j=1 w2
i,j−

(
∑n

j=1 wi,j

)2

n−1

, x =
∑n

j=1 xj

n
, S =

√
∑n

j=1 x2
j

n
− (x)2 (5)

where n is the total number of pixels; xj is the attribute value of pixel j; wi,j is the spatial
weight between pixels i and j; x is the average of all pixels; S is the standard deviation of
all pixels. G∗i records the z-score, and we divided the local spatial autocorrelation (Getis-
ord Gi* Index) into five categories by combining the z-score and significance test results
(Table 1).
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Table 1. Getis-ord Gi* Index categories.

Getis-ord Gi* Index (z-Score) p-Value Categories

z-score ≤ −2.58 p < 0.01 Cold spot areas (Low values)
−2.58 < z-score ≤ −1.96 0.01 < p < 0.05 Sub-Cold spot areas (Sub-Low values)
−1.96 < z-score ≤ 1.96 0.05 < p Insignificant
1.96 < z-score ≤ 2.58 0.01 < p < 0.05 Sub-Hot spot areas (Sub-High values)

2.58 < z-score p < 0.01 Hot spot areas (High values)

2.4.2. Statistics Analysis

We extracted 10,000 random points in alpine steppe and alpine meadow for statistical
analysis, and extracted the SAN, SAP, ∆SAN, ∆SAN, and four categories of environmental
factors. One-way ANOVA was performed to compare the variability of SAN and SAP
by periods (updated and historical productions) and grass types [56]. Then, redundancy
analysis (RDA) was applied to quantify the interaction of the four categories of environmen-
tal factors for SAN and SAP [65]. Additionally, linear regression models were applied to
reveal the relationships between two datasets, such as SAN and SAP, ∆SAN and ∆SAP [54].
These analyses were performed using the packages “mgcv”, “vegan”, and “ggplot2” in
R 4.0.4 software [66].

3. Results
3.1. Results and Evaluation of Random Forest Modeling

We screened 14 environmental covariates for RF modeling (Figure 2). These covariates
included four categories: climate, geography, soil, and vegetation. Among them, NPP had
the lowest TOL (0.117) and the highest VIF (8.512), and Aspect had the highest TOL (0.727)
and the lowest VIF (1.376).
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Figure 2. The results of the multicollinearity analysis of the environmental covariates (a) TOL, (b) VIF.
Climate: Bio8 (mean temperature of wettest quarter), Bio14 (precipitation of driest month), Bio15
(precipitation seasonality); Wind (wind speed); Geography: Slope, Aspect; Soil: SBD (soil bulk
density), CEC (cation exchange capacity at pH7), SCF (soil coarse fragments), SCC (soil clay content),
SSC (soil silt content); Vegetation: NPP (net primary production), LOS (length of the growing season),
EOS (end of the growing season). The specific values of each indicator TOL and VIF are in red.

During the model validation phase (based on the sampling data in 2015), all test
data and model estimation data conformed to the normal distribution. The estimated
and observed values of both SAN and SAP were significantly correlated, with correlation
coefficients (r) of 0.69 and 0.76 (p < 0.001), respectively. Furthermore, the fitting lines of the
estimated and observed values were close to the 1:1 line, with the RMSEs of SAN and SAP
equal to 57.07 mg kg−1 and 0.20 mg kg−1, respectively. However, SAP was underestimated
at high SAP contents and overestimated at low SAP contents (Figure 3b,c,e,f).
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Figure 3. Uncertainties distributions (a,d) and RF model testing validation results (b,c,e,f) of the SAN
and SAP estimates. The dashed black line shows the 1:1 line, the red line shows the performance of
the model, and the gray areas indicate the 95% confidence intervals; r, Pearson correlation coefficient;
R2, coefficient of determination; RMSE, root mean square error.

Based on the 10-fold cross-validation, we determined the uncertainties (robustness) of
the SAN and SAP. The estimation errors for each cross-validation are small (with RMSE
less than 72.42 mg kg−1 and 1.14 mg kg−1 for SAN and SAP, respectively, and R-square
greater than 0.67 and 0.70, respectively), which indicates that the established RF models
can perform reliable estimations of SAN and SAP. The uncertainties (standard deviations of
10-fold cross-validation) results (Figure 3a,d) indicate that the SAN and SAP estimates are
robust in most areas of alpine grasslands across the QZP, and the robustness of the estimates
mainly benefits from the sampling unbiasedness (extensive sampling was conducted in the
Tibetan Plateau alpine steppe and alpine meadow, Figure 1). However, the accessibility of
some regions limits field sampling, leading to high uncertainties in SAN and SAP estimates,
such as in northern Tibet (Qiangtang uninhabited areas) and the Sanjiangyuan regions. In
addition, the high uncertainties of SAP estimates also occurred in the southwest of Tibet
and Qilian Mountains. Overall, the average uncertainties of SAN and SAP estimates are
11.64 mg kg−1 and 0.10 mg kg−1, respectively, and comparatively the robustness of SAN
estimates is higher than that of the SAP estimates.

3.2. Spatiotemporal Patterns of SAN and SAP

The estimated SAN and SAP exhibit similar spatial patterns in 2015 (high in the east
and low in the west, Figure 4a,c). The SAN and SAP estimates have high global spatial
autocorrelation, with the Moran’s I of 0.863 (p < 0.001) and 0.855 (p < 0.001), respectively.
Moreover, combined with local spatial autocorrelation analysis (Getis-ord Gi* Index), the
SAN and SAP estimates show obvious aggregated distribution characteristics (Figure 4b,d).
The hot spot areas (high-value aggregation) are mainly situated in the eastern alpine
meadow, such as the Sanjiangyuan regions and the western Sichuan plateau. In addition,
the cold spot areas (low-value aggregation) are mainly located in the western alpine steppe,
such as the Ali regions and the uninhabited areas of Qiangtang.



Remote Sens. 2022, 14, 4929 8 of 17

Remote Sens. 2022, 14, x FOR PEER REVIEW  8 of 18 
 

 

can perform reliable estimations of SAN and SAP. The uncertainties (standard deviations 

of 10‐fold cross‐validation) results (Figure 3a,d) indicate that the SAN and SAP estimates 

are robust in most areas of alpine grasslands across the QZP, and the robustness of the 

estimates mainly benefits from the sampling unbiasedness (extensive sampling was con‐

ducted in the Tibetan Plateau alpine steppe and alpine meadow, Figure 1). However, the 

accessibility of some regions limits field sampling, leading to high uncertainties in SAN 

and SAP estimates, such as in northern Tibet (Qiangtang uninhabited areas) and the San‐

jiangyuan regions. In addition, the high uncertainties of SAP estimates also occurred in 

the southwest of Tibet and Qilian Mountains. Overall, the average uncertainties of SAN 

and SAP estimates are 11.64 mg kg−1 and 0.10 mg kg−1, respectively, and comparatively 

the robustness of SAN estimates is higher than that of the SAP estimates. 

3.2. Spatiotemporal Patterns of SAN and SAP 

The estimated SAN and SAP exhibit similar spatial patterns in 2015 (high in the east 

and low in the west, Figure 4a,c). The SAN and SAP estimates have high global spatial 

autocorrelation, with the Moran’s I of 0.863 (P < 0.001) and 0.855 (P < 0.001), respectively. 

Moreover, combined with local spatial autocorrelation analysis (Getis‐ord Gi* Index), the 

SAN  and  SAP  estimates  show  obvious  aggregated distribution  characteristics  (Figure 

4b,d). The hot spot areas (high‐value aggregation) are mainly situated in the eastern alpine 

meadow, such as the Sanjiangyuan regions and the western Sichuan plateau. In addition, 

the  cold  spot  areas  (low‐value  aggregation)  are mainly  located  in  the western  alpine 

steppe, such as the Ali regions and the uninhabited areas of Qiangtang. 

 

Figure 4. Spatial pattern and spatial autocorrelation of SAN and SAP: (a,c) denote the spatial distri‐

bution of SAN and SAP, respectively; (b,d) denote the spatial autocorrelation results of SAN and 

SAP, respectively. Moran’s  I stands  for Global Moran’s  Index; GiZScore stands  for Getis‐ord Gi* 

Index, which is divided into five classes: cold spot, sub‐cold spot, insignificant, sub‐hot spot, hot 

spot. 

The means of SAN and SAP in 2015 for QZP alpine grasslands were 139.96 mg kg−1 

and 2.63 mg kg−1, respectively. Compared with SAN and SAP during the 1980s, SAN sig‐

nificantly increased by 18.12 mg kg−1 (SAN, 14.83%, P < 0.05), while SAP decreased signif‐

icantly by 1.71 mg kg−1 (SAP, 39.40%, P < 0.05) (Figure 5). The contents and dynamics of 

SAN  and  SAP  presented  remarkable  differences  between  alpine  steppe  and  alpine 

meadow (Figure 6). The means of SAN for alpine steppe and alpine meadow in 2015 were 

97.85 mg kg−1 (SANsteppe) and 186.97 mg kg−1 (SANmeadow), respectively, and both of them 

showed significantly increasing trends (P < 0.05), with increases of 17.69 mg kg−1 (22.11%) 

and 18.58 mg kg−1 (11.04%), respectively, compared to the 1980s (Figures 5a,c and Figure 

Figure 4. Spatial pattern and spatial autocorrelation of SAN and SAP: (a,c) denote the spatial
distribution of SAN and SAP, respectively; (b,d) denote the spatial autocorrelation results of SAN
and SAP, respectively. Moran’s I stands for Global Moran’s Index; GiZScore stands for Getis-ord Gi*
Index, which is divided into five classes: cold spot, sub-cold spot, insignificant, sub-hot spot, hot spot.

The means of SAN and SAP in 2015 for QZP alpine grasslands were 139.96 mg kg−1

and 2.63 mg kg−1, respectively. Compared with SAN and SAP during the 1980s, SAN
significantly increased by 18.12 mg kg−1 (SAN, 14.83%, p < 0.05), while SAP decreased
significantly by 1.71 mg kg−1 (SAP, 39.40%, p < 0.05) (Figure 5). The contents and dynamics
of SAN and SAP presented remarkable differences between alpine steppe and alpine
meadow (Figure 6). The means of SAN for alpine steppe and alpine meadow in 2015 were
97.85 mg kg−1 (SANsteppe) and 186.97 mg kg−1 (SANmeadow), respectively, and both of
them showed significantly increasing trends (p < 0.05), with increases of 17.69 mg kg−1

(22.11%) and 18.58 mg kg−1 (11.04%), respectively, compared to the 1980s (Figure 5a,c and
Figure 6a,c). Meanwhile, the means of SAP for alpine steppe and alpine meadow in 2015
were 2.50 mg kg−1 (SAPsteppe) and 2.78 mg kg−1 (SAPsteppe), respectively, and both of them
significantly decreased (p < 0.05) by 1.46 mg kg−1 (36.87%) and 1.98 mg kg−1 (41.50%),
respectively (Figure 5b,d and Figure 6b,d). Interestingly, the difference in increased values
between SANsteppe and SANmeadow was not significant (p < 0.05) (Figure 5c), while the
decrease in SAPsteppe was significantly lower than that of SAPmeadow (p < 0.05) (Figure 5d).
Furthermore, we found synergism between SAN and SAP (r equals 0.77 for alpine steppe
and r equals 0.78 for alpine meadow, p < 0.001) (Figure 7a), and the synergism also occurred
between ∆SAN and ∆SAP (r equals 0.45 for alpine steppe and r equals 0.54 for alpine
meadow, p < 0.001) (Figure 7b).

The spatial distribution of ∆SAN and ∆SAP showed heterogeneous geographical
patterns for SAN and SAP dynamics (Figure 8a,c). Spatially, 60% of the alpine grasslands
on the QZP showed an increase in SAN and 96% showed a decrease in SAP. Overall,
the dynamics of SAN and SAP showed a certain degree of spatial correlation, with the
Moran’s I of 0.513 (p < 0.001) and 0.509 (p < 0.001), respectively. Additionally, the local
spatial autocorrelation of ∆SAN and ∆SAP was obvious, but the distribution of cold
and hot spots exhibited spatial heterogeneity (Figure 8b,d). The hot spots (high-value
aggregation) of ∆SAN are mainly located in the northern part of Ali, north of Shuanghu,
Sanjiangyuan, and Qinghai Lake, and the cold spots (low-value aggregation) are mainly
found in the central part of Ali, Shigatse, western Naqu, and Qilian Mountains, etc. The
hot spots of ∆SAP are mainly distributed in Qiangtang, Ali, Cocosili, and Sanjiangyuan,
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while the cold spots are mainly located in the western part of Naqu, Qilian Mountains, and
northern Sichuan.
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Figure 5. SAN and SAP contents of alpine grasslands on the QZP in the 1980s and 2015 (a,b), and
their corresponding net changes (c,d). The right side of the dotted line indicates the whole alpine
grasslands, and the left side of the dotted line indicates the alpine meadows and alpine grasslands.
The boxes denote the 25th and 75th percentiles, the transverse lines in the boxes denote the average,
and the boxes’ error bars denote the standard deviation. The same letters above the boxes indicate
non-significant differences (p > 0.05), with the upper-case representing comparisons between groups
and the lower-case representing comparisons within groups.
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3.3. Effects of Environmental Factors on SAN and SAP

The relative contributions of the 44 environmental drivers (in 4 categories) for the
SAN and SAP spatial patterns in different grassland types are shown in Figure 9. Overall,
all environmental factors explicitly explained the SAN and SAP spatial variations, with
total explanation rates of 77.19% for SANsteppe (Figure 9a), 80.61% for SAPsteppe (Figure 9b),
79.25% for SANmeadow (Figure 9c), and 88.11% for SAPmeadow (Figure 9d), respectively.
The soil factors had the strongest explanatory rate for the SAN and SAP spatial patterns,
followed by climate change, vegetation conditions, and geography factors. Furthermore,
we found that the explanation of environmental factors to SANmeadow and SAPmeadow were
always higher than those of SANsteppe and SAPsteppe.
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4. Discussion

Our research mapped the spatial patterns of SAN and SAP in alpine grasslands across
the QZP in 2015, with a geographic pattern of higher in the east and lower in the west
(higher in alpine meadows and lower in alpine steppes). In general, the SAN content
increased significantly, while the SAP content decreased significantly since 1980s. The
contents and dynamics of SAN and SAP in alpine meadows and alpine steppes were
heterogeneous and were controlled by the interaction between multiple environmental
factors, of which the soil physicochemical properties were the dominant factors.

4.1. Evaluation of Model Performance and Results

As we know, environmental factors govern the patterns and dynamics of SAN and
SAP. The simulated results (Figure 3) show a significant linear correlation with the in situ
observations, which suggests a good model performance in estimating SAN and SAP
contents with high robustness in most areas of the QZP. Nevertheless, we identified an
overestimation of SAP at low SAP contents and an underestimation at high SAP contents.
It might be caused by the instability of SAP in soils [67], which also led to relatively lower
robustness in estimates of SAP compared to SAN. Moreover, high uncertainties in regions
such as northern Tibet and Sanjiangyuan were due to the accessibility of sampling. Even
so, in contrast to the previous empirical models for inversion, which usually include fewer
drivers [18,68,69], our RF model (machine learning) involves most of the major drivers and
provides more systematic and accurate estimations of SAN and SAP.

The mean SAN and SAP contents of the QZP were 139.96 mg kg−1 and 2.63 mg kg−1,
respectively. In addition, the spatial pattern of SAN and SAP estimated in our study
was in agreement with previous research [70]. As for the range and magnitude of the
data, a site-based study of Mao et al. [71] indicated that the topsoil SAN content of the
QZP permafrost zone is about 50 mg kg−1, and this is smaller than our estimate, which
is probably because nitrogen is mainly present as organic matter in the permafrost zone
and the amount decomposed into SAN is small [31]. However, Wu et al.’s [72] study on
fencing and grazing pointed out that the contents of SAN and SAP in alpine meadows of
the eastern QZP were about 0.025% (250 mg kg−1) and 2.6 ppm (2.6 mg kg−1), which is
comparable to our study. Importantly, the discrepancy between our estimates and other
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studies may be mainly caused by the different timing and locations of sampling. It has
been demonstrated that the ratio of nitrogen and phosphorus always maintains in a certain
range during the nitrogen–phosphorus cycle [73]. Moreover, nutrient fixation is limited
by the availability of other nutrients in many ecosystems [9]. Consequently, we concluded
that the spatial patterns of SAN and SAP present strong consistency (Figures 4 and 7).
In addition, we found a significant increment of 18.12 mg kg−1 (14.83%) in SAN and a
remarkable decrement of 1.71 mg kg−1 (39.40%) in SAP on the QZP compared with the
1980s. Furthermore, the increase in SAN and the decrease in SAP might lead to a weakening
of nitrogen limitation and an intensification of phosphorus limitation, especially in alpine
meadows, which was supported by several previous studies [18,73,74].

4.2. Environmental Factors Controlling SAN and SAP

Variations in SAN and SAP present significant differences between the 1980s and 2015
across the QZP (Figure 6, p < 0.01), which can be explained by the different environmental
drivers (e.g., climate, geography, soil, and vegetation) (Figure 9). Soil properties are the most
important factors, explaining about 80% of the spatial variation in SAN and SAP (Figure 9).
Soil moisture and texture perform critical roles in the soil nutrient cycle. Specifically, soil
moisture can affect vegetation productivity and regulate soil pH [75,76], and soil texture
can influence community structure and soil moisture-holding capacity [77], hence the soil
available nutrient contents. It is worth noting that previous reports suggest that parent
material may be a critical factor of the global scale soil phosphorus pool [30,78], and the
differences between SAPsteppe and SAPmeadow can be explained by the differences in their
soil parent materials.

Climate change affects the dynamics of SAN and SAP directly or indirectly. Elevated
temperature and precipitation have been shown to enhance microbial activities [79–81] and
increase the rates of mineralization, nitrification, and denitrification [81,82]. In addition,
climate change also alters the weathering rates of parent materials [83,84] and vegetation
productivity [85], thereby affecting soil nutrient availability. Our findings demonstrated
that the SAN and SAP were higher in alpine meadows than in alpine steppes, since
the hydrothermal conditions were more suitable in alpine meadows [49]. Meanwhile,
the continuous improvement of hydrothermal conditions on the QZP [86] might be an
important reason for the increasing SAN. Moreover, the stored soil nutrients could be
released from permafrost thawing due to climate warming, which could affect the SAN and
SAP content [15,37]. Additionally, the enhanced atmospheric nitrogen deposition could
also raise the SAN [44,87]. The increased precipitation might reduce the weathering rate
of phosphorus [83], and heavy precipitation might intensify phosphorus leaching [81],
causing the loss of SAP. In addition, this critical biogeochemical process could result in the
decrease in SAP, especially in alpine meadows.

The availability of soil nutrients is closely related to vegetation status. Vegetation
productivity directly regulates the SAN and SAP contents [88]. In detail, the input of
litter could modify soil organic matter content and microbial decomposition processes [89],
and thus affect the SAN and SAP contents. Additionally, plant root exudates showed
positive effects on soil nutrient mobility and availability [90]. According to previous
studies, soil nitrogen increased with the increase in vegetation NDVI and net primary
productivity (NPP), while soil phosphorus was not significantly related to vegetation
status [91,92]. The changing tendency of soil available nutrients agrees with the variations
of soil total nitrogen and phosphorous (Figure S1). Furthermore, alpine meadows have
more abundant carbohydrates to meet the high energy demand of available nitrogen
and phosphorous [9,93], which leads to a higher SANmeadow compared to the SANsteppe.
Currently, NPP and NDVI exhibited increasing trends in most parts of alpine grasslands
on the QZP [93,94], which could result in an increased SAN. However, the increase in SAN
promotes the uptake of SAP by vegetation [95], and the SAP could not be replenished in a
timely manner by the weathering of parent material [67], which may be a key reason for
the decrease in SAP in the QZP.
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Geographic features cannot be ignored due to their effects on SAN and SAP. It has
been noted that the soil stoichiometry ratio shows a linear relationship with elevation,
and soil nitrogen limitation increases with elevation [30,92]. In addition, geographical-
feature-induced temperature variations, water availability, and vegetation differences have
significant effects on soil nutrients [96,97].

4.3. Uncertainties and Limitations

Uncertainties and limitations exist when mapping the spatiotemporal patterns of SAN
and SAP of the QZP at the regional scale and exploring the underlying mechanisms in
this study. Firstly, although comprehensive and sufficient environmental factors were
taken into in RF modeling, there might have some biases when applying the global-scaled
datasets, such as climate and soil data, to the regional-scaled analysis [98,99]. Secondly,
the samplings in the depopulated zone were relatively sparse, which also brought un-
certainty to our study. Thirdly, the vegetation types of 2000 used in this study could not
accurately reflect the distribution of alpine meadows and alpine steppes across the QZP
in the 1980s and 2015 [100], which might influence the accuracy of the research to some
extent. Fourthly, it was difficult to obtain the data of atmospheric nitrogen deposition [44],
microbial activities [101,102], and litter stoichiometry [103] across regional areas, which
could result in either overestimating or underestimating the actual value. Finally, ecological
conservation projects such as fencing, grazing prohibitions, and artificial grasslands could
substantially affect the dynamics of soil available nutrients [27,104]. In general, sufficient
effective indicators should be considered to mine the driving mechanisms of SAN and SAP
at the regional scale, and long-term observation is necessary for future research. Meanwhile,
as global changes affect the dynamics of SAN and SAP, controls to cope with changes in
nitrogen and phosphorus limitation should be considered in future studies.

5. Conclusions

In this study, we estimated the patterns and dynamics of SAN and SAP contents in
alpine grasslands across the QZP based on RF models and revealed the integrated impact
mechanisms of environmental factors on SAN and SAP contents and patterns. Our research
indicated that the mean SAN and SAP contents of alpine grasslands on the Tibetan Plateau
were 139.96 mg kg−1 and 2.63 mg kg−1, respectively, in 2015, with a significant increase
in SAN and a significant decrease in SAP contents since the 1980s, and the patterns and
dynamics of SAN and SAP varied considerably among alpine meadows and alpine steppes.
These results suggested that in the context of global change the nutrient limitation might
shift from nitrogen limitation to phosphorus limitation in alpine grasslands across the
QZP, especially in alpine meadows. Furthermore, redundancy analysis revealed that the
interactions between multiple environmental elements controlled the patterns of SAN
and SAP, and the soil physicochemical properties were the dominating factors. Overall,
our research provided new insights into the patterns and dynamics of SAN and SAP at
the regional scale and provided important scientific support for alpine grasslands across
the QZP to cope with the future environmental changes and to optimize sustainable
management.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs14194929/s1, Figure S1: Relationship between SAN and STN
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phosphorus; STP, soil total phosphorus; Table S1: Information on 44 environmental indicators.
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