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Abstract: Spatial patterns of soil carbon (C), nitrogen (N) and phosphorus (P) and their stoichiometric
characteristics (C:N:P) play an important role in nutrient limitations, community dynamics, nutrient
use efficiency and biogeochemical cycles, etc. To date, the spatial distributions of soil organic C at
various spatial scales have been extensively studied, whereas little is known about the spatial patterns
of N and P and C:N:P ratios in various landscapes, especially across complex terrains. To fill this gap,
we estimated the spatial patterns of concentrations of soil C, N and P and C:N:P ratios in Schrenk’s
spruce (Picea schrenkiana Fisch. & C. A. Mey.) forest in the Tianshan Mountains based on data from
soil cores collected from 2012 to 2017, and using the following four regression models: multiple linear
regression, stepwise regression, ridge regression and lasso regression. We found the following: (1)
elevation and climatic variables jointly contributed to concentrations of C, N and P and C:N:P ratios,
(2) soil C, N and P concentrations, and their stoichiometric ratios, demonstrated continual spatial
patterns in Schrenk’s spruce forest, (3) Multiple linear regression could be reliably used to estimate
the spatial patterns of soil elemental concentrations and stoichiometric ratios in mountainous terrain.
We suggest that more independent variables (including biotic, abiotic and anthropogenic factors)
should be considered in future works. Additionally, adjustment of multiple linear regression and
other models should be used for a better delineation of spatial patterns in the concentrations of soil
elements and stoichiometric ratios.

Keywords: spatial distribution; element concentrations; C:N:P ratios; Picea schrenkiana; Tianshan
Mountains

1. Introduction

Like those in grasslands and croplands, stocks of macro-nutrients, such as carbon
(C), nitrogen (N) and phosphorus (P), in subalpine forests play an important role in the
terrestrial biogeochemical cycle, due to their large stocks and potential feedbacks to external
disturbances [1–4]. Since the relative stocks of these nutrients (as well as other nutrients
such as potassium, calcium, sodium and magnesium) are crucial for the accumulation and
allocation of plant biomass [5–7], the science of ecological stoichiometry, which focuses
on nutrient ratios and the impact factors of these ratios across different ecosystems, has
been proposed [8–10]. Currently, ecological stoichiometry has been successfully used to
study nutrient limitation [11,12], community dynamics [13,14], microorganism nutrient sta-
tus [15], symbiosis relationships [16], nutrient use efficiency [17,18] and the biogeochemical
cycle [19–21] in terrestrial and aquatic ecosystems, and its importance has been widely rec-
ognized [22]. However, very few studies have investigated the spatial patterns of variability
in nutrient stoichiometry, and the implications of these patterns, on ecosystem functioning.
Leroux et al. [23] reported that an improved investigation of the spatial patterns of nutrients
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and their stoichiometric characteristics may contribute to our understanding of material
stocks and fluxes in aquatic and terrestrial ecosystems. To date, some studies have been
conducted to delineate the latitudinal and elevational trends in elemental stoichiometry and
their climatic drivers. For example, through analysis of foliar and below-ground biomass
samples obtained along a Chinese grassland transect, Yu, et al. [24] found that foliar N
and P increased with elevation and N and P of below-ground biomass decreased with
elevation [24]. In addition, foliar N decreased and below-ground biomass of N increased
with MAT [24]. Sardans et al. [25] studied foliar and soil concentrations and the stoichiome-
try of N and P across European Pinus sylvestris forests and found that Log (N:P) linearly
decreased with latitude.

The abovementioned studies shed light on the spatial patterns of nutrients and their
stoichiometric ratios in different ecosystems, whereas the corresponding patterns were
primarily derived from basic statistical analysis. Specifically, the relationships between
concentrations of nutrients and stoichiometric ratios with topographic and climatic vari-
ables were obtained based on systematic sampling, Pearson’s correlation and simple linear
regression analysis [26–28]. These relationships were useful when examining the response
of dependent variables (concentrations and stoichiometric ratios) to independent variables
(elevation, latitude, MAT, MAP, etc.). However, their application might be restricted, since
the spatial variability in the concentrations and stoichiometric ratios across the landscape
could not be derived through Pearson’s r and simple linear regression. Fortunately, some
attempts that aim to derive the spatial patterns of stoichiometry have been conducted,
and valuable results were reported. These methods included geostatistics and spatial
interpolation, as reported in Liu et al. [29], in which the authors obtained a spatial dis-
tribution map of total soil N and P density across the Loess Plateau of China. Similar
work was also reported elsewhere [30,31]. Unfortunately, the successful application of
spatial interpolation might be restricted, due to the large number of samples required for
accurate spatial estimation, especially in regions with complex topography. In addition,
the specific response of concentrations and stoichiometric ratios to determinants cannot be
identified. It was reported that remote sensing methods could also be applied for spatial es-
timation of ecological stoichiometry [32]. However, such a method cannot offer the specific
response of concentrations and stoichiometric ratios to determinants. Moreover, the traits
of soils beneath the canopy cannot be reliably estimated using remote sensing technologies.
Thus, an improved method that could reliably delineate the spatial distribution of nutrient
stoichiometric ratios in complex terrains is urgently needed [23].

The Schrenk’s spruce (Picea schrenkiana Fisch. et Mey) forest is a typical subalpine
forest in the Tianshan Mountains. The forest ranges from Uzbekistan to northwestern
China, spanning more than 2000 km. The broad elevational range (1600–2800 m a.s.l) and
unique location of the species offers a unique opportunity to study the spatial distribution
of soil C, N, P and C:N:P stoichiometric ratios in subalpine forest. In this study, we
conducted statistical analysis to construct a regression (Multiple Linear Regression, MLR,
Stepwise Regression, STR, Ridge Regression, RDR, Lasso Regression, LSR) relationship
between independent variables (soil C, N, P and C:N:P ratios) and dependent variables
(principle components, PCs, of 28 factors include elevation, MAT, MAP, etc.). By applying
the regression relationship in our study area, we obtained the spatial distribution of soil
C, N, P and C:N:P ratios in the Schrenk’s spruce forest. We hypothesized the following:
(1) Soil C, N, P and C:N:P ratios could be delineated using regression approaches and (2)
The spatial distribution of soil C, N, P and C:N:P ratios would demonstrate a continuous
pattern in the Schrenk’s spruce forest.

2. Materials and Methods
2.1. Study Area

The Tianshan Mountains lie in Central Asia. Our study area (Figure 1) is located in
the central and eastern parts of the mountains (42◦35′–44◦20′ N, 80◦14′–88◦07′ E) and is
characterized by a continental climate, with a cold and dry winter and a warm and humid
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summer. Due to the unique geographic location and topographic characteristics, the daily
temperature range is higher than in surrounding regions. MAT decreases from 13.3 ◦C at
lower elevations (Turpan meteorological station at 30 m a.s.l) to −7.3 ◦C at higher ones
(Shenglidaban at 3600 m a.s.l), while MAP increases from less than 100 mm to over 500
mm with increasing elevation [33]. The maximum temperature of the warmest month,
minimum temperature of the coldest month, and precipitation of the wettest quarter range
from 10.6 to 30.4 ◦C, from −29.2 to −17.1 ◦C and from 36 to 104 mm in the Schrenk’s spruce
forest, respectively. Generally, soil in the forest begins to freeze in late November and starts
to melt in early April. Spring and autumn are short due to a relatively longer summer
and winter. The vegetation types in the Tianshan Mountains include (from low to high
elevations) steppe, steppe–forest, subalpine shrubby meadow, alpine–frost action–barren
zone, and permanent snow and ice [33]. Schrenk’s spruce forests form single-species stands
between 1600 m a.s.l. and 2700 m a.s.l. Shrub species growing at the forest margins include
Cotoneaster melanocarpus Lodd., Berberis heteropoda Schrenk., Rosa spinosissima Linn., Spiraea
hypericifolia Linn., Juniperus pseudosabina Fisch. & C. A. Mey., Caragana leucophloea Pojark.
and Lonicera hispida Pall. ex Roem. et Schult. Understory herbal species include Geranium
rotundifolium Linn, Alchemilla tianschanica Juz. and Aegopodium podagraria L. [34].

Forests 2022, 13, x FOR PEER REVIEW  3 of 15 

 

 

2. Materials and Methods 

2.1. Study Area 

The Tianshan Mountains lie in Central Asia. Our study area (Figure 1) is located in 

the central and eastern parts of the mountains (42°35′–44°20′ N, 80°14′–88°07′ E) and  is 

characterized by a continental climate, with a cold and dry winter and a warm and humid 

summer. Due to the unique geographic location and topographic characteristics, the daily 

temperature range is higher than in surrounding regions. MAT decreases from 13.3 °C at 

lower elevations (Turpan meteorological station at 30 m a.s.l) to −7.3 °C at higher ones 

(Shenglidaban at 3600 m a.s.l), while MAP increases from less than 100 mm to over 500 

mm with  increasing elevation  [33]. The maximum  temperature of  the warmest month, 

minimum temperature of the coldest month, and precipitation of the wettest quarter range 

from 10.6 to 30.4 °C, from −29.2 to −17.1 °C and from 36 to 104 mm in the Schrenk’s spruce 

forest, respectively. Generally, soil  in  the  forest begins  to  freeze  in  late November and 

starts  to melt  in  early April.  Spring  and  autumn  are  short due  to  a  relatively  longer 

summer and winter. The vegetation types in the Tianshan Mountains include (from low 

to high elevations) steppe, steppe–forest, subalpine shrubby meadow, alpine–frost action–

barren  zone,  and permanent  snow  and  ice  [33].  Schrenk’s  spruce  forests  form  single‐

species stands between 1600 m a.s.l. and 2700 m a.s.l. Shrub species growing at the forest 

margins  include  Cotoneaster  melanocarpus  Lodd.,  Berberis  heteropoda  Schrenk.,  Rosa 

spinosissima  Linn.,  Spiraea  hypericifolia  Linn.,  Juniperus  pseudosabina  Fisch. & C. A. Mey., 

Caragana  leucophloea  Pojark.  and  Lonicera  hispida  Pall.  ex Roem.  et  Schult. Understory 

herbal  species  include  Geranium  rotundifolium  Linn,  Alchemilla  tianschanica  Juz.  and 

Aegopodium podagraria L [34]. 

 

Figure 1. Location of the study area (Tianshan Mountains) and sampling sites (black triangles). 

2.2. Field Sampling and Laboratory Analysis 

Fieldwork was conducted in July during 2012–2018. We selected seven sites in the 

Schrenk’s spruce forest in order to sample the soils, on the basis that these sites have long 

term meteorological  observations  (Zhaosu,  Jinghe,  Shihezi,  Baiyanggou,  Banfanggou, 

Shuixigou and Tianchi, as shown in Figure 1 and Table 1). The stands at these sites are 

represented by mature forest. At each site, we selected a slope to set up our sampling plots 

(from lowest elevation to highest one, with approximately 100 m elevational intervals). In 

total, 171 plots  (Table S1) were  selected  for  soil  sampling. The  longitude,  latitude and 

elevation of each plot were recorded with a global positioning system receiver, i.e., eTrex 

venture (Garmin Inc., Taiwan, China). Within these plots, we randomly selected 5 points 

to collect soil cores (using a soil auger). At each point, soils were collected at 0–30 cm, 30–

50 cm and 50–80 cm depths. We mixed soils from 5 points to obtain a composite sample 

for each depth. After being taken to the laboratory, the soil samples were air‐dried and 

sieved for the subsequent chemical analysis. The soil carbon concentration was measured 

using the potassium dichromate method, as demonstrated in Yeomans and Bremner [35]. 

Total N concentration  (g kg−1) was analyzed using  the Kjeldahl digestion method  [36]. 

Total P concentration (g kg−1) was measured using the perchloric acid digestion method, 

Figure 1. Location of the study area (Tianshan Mountains) and sampling sites (black triangles).

2.2. Field Sampling and Laboratory Analysis

Fieldwork was conducted in July during 2012–2018. We selected seven sites in the
Schrenk’s spruce forest in order to sample the soils, on the basis that these sites have
long term meteorological observations (Zhaosu, Jinghe, Shihezi, Baiyanggou, Banfanggou,
Shuixigou and Tianchi, as shown in Figure 1 and Table 1). The stands at these sites are
represented by mature forest. At each site, we selected a slope to set up our sampling plots
(from lowest elevation to highest one, with approximately 100 m elevational intervals).
In total, 171 plots (Table S1) were selected for soil sampling. The longitude, latitude and
elevation of each plot were recorded with a global positioning system receiver, i.e., eTrex
venture (Garmin Inc., Taiwan, China). Within these plots, we randomly selected 5 points
to collect soil cores (using a soil auger). At each point, soils were collected at 0–30 cm,
30–50 cm and 50–80 cm depths. We mixed soils from 5 points to obtain a composite sample
for each depth. After being taken to the laboratory, the soil samples were air-dried and
sieved for the subsequent chemical analysis. The soil carbon concentration was measured
using the potassium dichromate method, as demonstrated in Yeomans and Bremner [35].
Total N concentration (g kg−1) was analyzed using the Kjeldahl digestion method [36].
Total P concentration (g kg−1) was measured using the perchloric acid digestion method,
followed by the molybdate colorimetric test [37]. Stoichiometric data were calculated by
mass ratio. In order to obtain a value that could represent the stoichiometric characteristics
(C, N, P concentrations and C:N ratio, C:P ratio and N:P ratio) of each sampling plot, we
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calculated the depth weighted average (C, N, P concentrations and C:N ratio, C:P ratio and
N:P ratio) of three layers (0–30 cm, 30–50 cm and 50–80 cm).

Table 1. The topography of sampling sites.

Sampling Site Average
Altitude (m)

Average Slope
(◦)

Longitude
Range (◦)

Latitude Range
(◦)

Zhaosu 2176.65 10.25 80.24–80.49 42.59–42.69

Jinghe 1999.25 16.71 83.17–83.17 44.34–44.35

Qiaoerma 2474.25 9.07 84.28–84.32 43.64–43.64

Shuixigou 2100.63 2.76 87.33–87.34 43.41–43.63

Baiyanggou 2087.09 7.21 87.37–87.39 43.41–43.63

Banfanggou 2018.92 13.01 87.44–87.46 43.43–43.44

Tianchi 2021.20 10.83 88.12–88.12 43.89–43.90

2.3. Independent Variables

Climate data were obtained from the Worldclim (version 1.4) bioclimatic dataset [38],
which provides data as 50-year means for averages and extremes of precipitation and
temperature. Based on data collected from more than 40,000 weather stations, climatic
variables in the dataset were interpolated using a thin-plate smoothing spline algorithm [38].
The dataset have been successfully used for various spatial modeling applications [39].
We used the resampled (original spatial resolution is 1 km × 1 km and we resampled
to 30 m × 30 m) 19 climatic variables (Table 2) in the dataset to delineate the climate
condition of our study area. Although some of the variables are highly correlated, they
were all used in ecological modelling [40,41]. Therefore, these 19 climatic variables were
also included in our independent variables dataset. The considered independent variables
also included elevation, available soil water capacity (AWC, volumetric fraction), bulk
density (BD, g cm−3), cation exchange capacity (CEC, cmolc kg−1), clay content (CLC, mass
fraction in %), coarse fragments (CRF, volumetric in %), soil pH (pH), silt content (STC,
mass fraction in %), sand content (SDC, mass fraction in %). These soil predictors (AWC,
BD, CEC, CLC, CRF, pH, STC and SDC, Table 2) were extracted from the SoilGrids dataset,
which provides global predictions (based on globally fitted models using soil core and
environmental covariate data) for standard numeric soil properties [42]. Since principal
component analysis (PCA) is a useful dimension-reduction method, it was used in this
study to find principal components (PCs) of these 28 variables (Table 2).



Forests 2022, 13, 1407 5 of 14

Table 2. Environmental predictors used to develop spatial distribution of C:N:P ratios in Schrenk’s
spruce forest, and principle components analysis (PCA) of these predictors associated with soil
stoichiometry. Eigenvalues (and percent of variance) were 12.09 (43.00%), 7.72 (25.75%), 3.01 (10.05%)
and 2.14 (7.14%), respectively.

Variable Abbreviation
Factor Loading

PC-1 PC-2 PC-3 PC-4

Elevation ELE −0.66
Max temperature of warmest month TWM 0.99

Mean temperature of warmest quarter TWMQ 0.99
Mean annual temperature MAT 0.96

Min temperature of coldest month TCM 0.93
Mean temperature of wettest quarter TWEQ 0.93
Mean temperature of driest quarter TDQ 0.90 0.34

Mean temperature of coldest quarter TCQ 0.90 0.34
Precipitation seasonality PS −0.83 −0.41

Precipitation of warmest quarter PWQ −0.73 0.63
Mean diurnal range MDR 0.72 0.65

Precipitation of wettest month PWM −0.71 0.63
Precipitation of wettest quarter PWQ −0.70 0.66

Soil pH pH 0.64 −0.44 0.41
Temperature annual range TAR 0.63 0.55

Coarse fragments percentage CRF −0.60 0.51 −0.34
Cation exchange capacity CEC −0.60 0.36
Mean annual precipitation MAP −0.33 0.90

Precipitation of driest quarter PDQ 0.88 0.36
Precipitation of coldest quarter PCQ 0.88 0.36
Precipitation of driest month PDM 0.85 0.39

Temperature seasonality TS −0.38 −0.78 0.45
Isothermality ISO 0.60 0.73 −0.30
Sand content SDC 0.47 −0.84
Clay content CLC −0.39 0.77
Silt content STC −0.42 0.74

Bulk density BD 0.52
Available soil water capacity AWC 0.41 −0.36 −0.31 0.34

2.4. Actual Distribution of the Schrenk’s Spruce Forest and Spatial Estimation of C, N, P
Concentration and C:N:P Ratio

The abovementioned field sampling and corresponding laboratory analysis provided
the data to calculate soil C, N and P stoichiometric characteristics (also including the C,
N and P concentrations and stoichiometric ratio among the three elements). The actual
distribution of the Schrenk’s spruce forest was necessary for spatial estimation of C, N,
and P stoichiometric characteristics in the forest. In this study, the actual distribution
of the Schrenk’s spruce forest was extracted from a dataset compiled by Hou, et al. [43]
and obtained from the Environmental and Ecological Science Data Center for West China
(http://westdc.westgis.ac.cn (accessed on 16 July 2018)). The original vector data were
first converted to raster format using a conversion tool and, subsequently, resampled
to 30 m × 30 m resolution. The spatial distributions of soil C, N and P concentrations
and C:N:P were predicted using the constructed regression models (MLR, STR, SDR and
LSR). MLR constructed the regression relationship between dependent and independent
variables as:

Y = β0 + β1X1 + β2X2 + . . . + βkXk + ε (1)

where Y is the dependent variables (C, N, and P concentrations and C:N:P ratios), βs are
the regression coefficients of independent variables (PCs) Xs, and ε is the error. MLR is
the extension of ordinary least-squares (OLS) regression because it involves more than one
explanatory variable.

http://westdc.westgis.ac.cn
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STR carried out the selection of predictive variables in each step by including or
excluding variables from the explanatory variables set, based on a specified criterion. In
this study, we used the forward selection approach, which starts with no variables (PCs)
and adds variables (PCs), the inclusion of which improve the performance of the fitting.
STR is faster than other automatic model-selection methods and allows observation of
the order in which variables are removed or introduced, which might provide useful
information about the independent variables’ qualities.

RDR added a regularization term to the squared residuals of ordinary least squares.
Being a supplement of the least square method, RDR improves the condition of the con-
sidered regression problem and enables a direct numerical solution. Therefore, RDR is an
efficient regression technique that is used when multicollinearity exist or when the number
of predictor variables in a set exceed the number of observations.

Similar to RDR, LSR also shrinks the regression coefficients towards zero via a regu-
larization term so that the variance can be substantially reduced, which leads to a lower
overall Mean Squared Error [44].

Since MLR and RDR could not shrink the regression coefficients towards zero (i.e.,
large number of independent variables), we used PCs as the independent variables for
these two approaches. In contrast, all the 28 variables were used for STR and LSR.

The performances of these models were evaluated using mean absolute error (MAE),
root mean square error (RMSE), and adjusted coefficient of determination (R2). These
indices were calculated as follows:

MAE =
100
n

n

∑
t=1

∣∣∣∣ Ft − At

At

∣∣∣∣ (2)

RMSE =

√√√√ 1
n

N

∑
t=1

(Ft − At)
2 (3)

R2
= 1−

(
1− ∑N

t=1
(

Ft − A
)2

∑N
t=1
(

At − A
)2

) (
n− 1

n− k− 1

)
(4)

F =
SSR/k

SSE/(n− k− 1)
(5)

SSR =
(

Ft − A
)2 (6)

SSE = (At − Ft)
2 (7)

where At denotes the actual value, Ft is the modeled value, A is the average of actual value,
n and k are sample size and number of independent variables in the regression model.
Regression models were considered significant if the calculated F-value was greater than
the threshold value at a 0.05 significance level. MLR, STR and SDR were carried out using
SPSS (IBM SPSS Statistics, Chicago, IL, USA, version 22.0) and regression coefficients of
LSR were obtained using the glmnet package in R [45].

3. Results
3.1. Statistics of Soil C, N and P Concentrations and C:N:P Stoichiometric at Sampling Sites

At our sampling sites, the ranges of C, N and P concentrations were 3.12–139.94 g kg−1,
1.78–16.23 g kg−1 and 0.37–1.46 g kg−1, with averages of 55.76 (±25.24) g kg−1, 4.63
(±2.11) g kg−1 and 0.71 (±0.21) g kg−1 (Table 3). The C:N, C:P and N:P stoichiometric
ratios ranged from 1.33 to 31.15, from 2.26 to 172.70 and from 1.99–28.16, with averages
of 12.24, 79.95 and 28.16, respectively (Table 3). In contrast, the C:N, C:P and N:P ratios
had relatively higher variability with standard deviation of ±3.73, ±31.89 and ±3.18,
respectively, compared with their mean values.
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Table 3. Statistics of soil ecological stoichiometry at sampling sites.

Sample Sites C (g kg−1) N (g kg−1) P (g kg−1) C:N C:P N:P

Zhaosu
Min 48.28 3.10 0.42 7.50 42.83 6.05
Max 122.59 12.22 1.13 15.89 161.71 19.39

Mean 71.80 6.19 0.74 12.40 104.45 11.48

Jinghe
Min 3.12 1.83 0.46 1.34 3.26 2.00
Max 54.57 5.42 1.20 14.17 84.26 11.39

Mean 33.57 3.48 0.81 9.64 45.65 5.25

Qiaoerma
Min 24.89 2.64 0.38 7.02 32.39 3.92
Max 79.30 5.74 1.25 20.65 129.43 11.59

Mean 64.20 4.69 0.83 14.02 80.64 7.16

Shuixigou
Min 32.44 3.10 0.37 8.62 60.29 7.16
Max 139.94 16.23 1.10 14.73 150.66 13.25

Mean 72.81 6.06 0.66 12.65 108.27 10.56

Baiyanggou
Min 20.49 2.03 0.37 6.07 41.84 4.10
Max 84.20 6.69 0.93 14.21 140.49 11.16

Mean 50.11 4.31 0.69 11.50 71.72 7.06

Banfanggou
Min 10.42 1.78 0.38 4.20 17.12 2.85
Max 79.46 7.64 1.06 12.41 90.68 28.17

Mean 51.38 4.73 0.71 10.64 68.84 9.86

Tianchi
Min 24.16 2.00 0.38 7.96 37.13 3.35
Max 77.29 6.09 0.80 17.36 119.86 10.57

Mean 48.16 3.90 0.57 12.44 84.09 7.29

3.2. Principal Components of Predictors

According to PCA, the first four PCs accounted for 85.93% of the total variation in the
selected predictors (28 in total, Table 4). Among these four PCs, the first PC primarily de-
scribed the temperature-related predictors, and the second and third PCs mainly correlated
with precipitation and soil properties (Table 2).

Table 4. Total variance explained by each PC.

Component
Initial Eigenvalues

Total % of Variance Cumulative %

Elevation 12.900 42.999 42.999
Max temperature of warmest month 7.724 25.748 68.746

Mean temperature of warmest quarter 3.014 10.048 78.794
Mean annual temperature 2.142 7.140 85.934

Min temperature of coldest month 1.395 4.649 90.583
Mean temperature of wettest quarter 1.151 3.838 94.421
Mean temperature of driest quarter 0.509 1.696 96.117

Mean temperature of coldest quarter 0.355 1.183 97.300
Precipitation seasonality 0.299 0.998 98.298

Precipitation of warmest quarter 0.134 0.446 98.744
Mean diurnal range 0.119 0.396 99.140

Precipitation of wettest month 0.079 0.264 99.404
Precipitation of wettest quarter 0.068 0.225 99.629

Soil pH 0.043 0.142 99.771
Temperature annual range 0.024 0.081 99.852

Coarse fragments percentage 0.016 0.055 99.907
Cation exchange capacity 0.011 0.036 99.943
Mean annual precipitation 0.009 0.029 99.972

Precipitation of driest quarter 0.004 0.015 99.987
Precipitation of coldest quarter 0.002 0.008 99.995
Precipitation of driest month 0.001 0.002 99.997

Temperature seasonality 0.000 0.001 99.998
Isothermality 0.000 0.001 99.998
Sand content 0.000 0.001 99.999
Clay content 0.000 0.000 99.999
Silt content 7.261 × 10−5 0.000 100.000

Bulk density 6.221 × 10−5 0.000 100.000
Available soil water capacity 4.683 × 10−5 0.000 100.000
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3.3. Model Performance and Correlation between C:N:P Stoichiometrics and
Environmental Variables

The predictive performance evaluated by correlation coefficient between observed
and modeled value, the adjusted R2, MAE and RMSE are displayed in Table 5. The range
of F value (1.93–19.04) suggested that the four models (MLR, STR, RDR and LSR) were
highly predictive when used to fit the linear regression relationship between observed
and modeled concentrations of soil C, N and P. In contrast, relatively poorer prediction
capability could be found when these models were used to delineate the linear relationship
between observed and modeled ratios of C:N, C:P and N:P (especially the C:P ratios,
Table 5). In general, the MLR model outperformed the other models, as indicated by the
higher adjusted R2 and F value. Additionally, according to adjusted R2, these models had
higher explanatory capacity regarding the variation of concentrations of soil C, N and P
and C:N:P stoichiometry when using the original 28 predictors (adjusted R2 from 5%–51%
with an average of 25.13%), compared with the PCs (adjusted R2 from 2%–33% with an
average of 12.46%).

Table 5. Summary of regression models.

Model Independent
Variables

Performance of Models with Original 28 Variables Performance of Models with PCs

Adjusted R2 F MAE (%) RMSE Adjusted R2 F MAE (%) RMSE

MLR

C 0.20 1.93 * 41.69 21.60 0.09 2.54 * 44.27 22.64
N 0.31 2.58 ** 97.72 0.17 0.32 8.58 ** 86.98 0.17
P 0.39 3.05 ** 33.50 0.04 0.21 4.92 ** 46.96 0.06

C:N 0.51 4.01 ** 80.40 13.51 0.04 1.62 49.70 12.92
C:P 0.12 1.26 21.67 47.64 0.03 1.02 21.69 45.00
N:P 0.15 1.61 42.36 1.89 0.14 4.35 ** 34.90 1.86

STR

C 0.13 12.77 ** 56.92 23.17 0.05 5.12 * 45.18 22.06
N 0.34 14.25 ** 77.87 0.16 0.31 19.04 ** 90.95 0.17
P 0.29 16.30 ** 86.64 0.09 0.22 8.04 ** 43.77 0.06

C:N 0.12 9.02 ** 45.87 12.59 0.03 1.96 43.29 13.37
C:P 0.05 4.91 * 22.29 46.62 0.02 1.01 21.71 45.05
N:P 0.21 10.17 ** 43.49 1.53 0.13 13.18 ** 49.25 1.80

RDR

C 0.22 2.44 ** 54.54 22.53 0.06 2.19 44.11 22.12
N 0.26 2.73 ** 66.94 0.19 0.33 10.65 ** 94.77 0.17
P 0.38 3.71 ** 65.89 0.07 0.17 4.71 ** 41.11 0.05

C:N 0.37 3.47 ** 75.64 18.74 0.04 1.77 43.61 13.28
C:P 0.10 1.10 20.60 44.63 0.02 0.98 22.40 46.17
N:P 0.20 2.29 ** 48.81 1.79 0.15 5.84 ** 55.35 1.72

LSR

C 0.20 1.93 * 66.97 22.50 0.10 3.17 * 47.95 26.62
N 0.32 2.77 ** 72.21 0.18 0.10 3.15 * 90.14 0.17
P 0.39 3.14 ** 71.06 0.08 0.22 6.09 ** 45.91 0.06

C:N 0.51 4.14 ** 72.48 13.78 0.04 1.90 52.19 12.97
C:P 0.13 1.29 22.28 49.15 0.03 1.02 23.04 47.22
N:P 0.13 1.61 69.31 1.78 0.14 5.76 ** 45.63 1.77

Notes: * indicate p < 0.05, ** indicate p < 0.01. PC: principal component of original 28 variables. MAE, mean
absolute error; RMSE, root mean square error; MLR: multiple linear regression; STR, Stepwise Regression; RDR,
Ridge Regression; LSR, Lasso Regression.

The correlation coefficients (r) were also calculated in order to evaluate the corre-
lation relationship between concentrations of soil C, N and P and C:N:P stoichiometry
with environmental variables. Corresponding results revealed that soil C concentration
had a relatively higher positive r with pH and temperature annual range, and negative
r with precipitation seasonality and precipitation of the wettest quarter. N concentration
had higher r with temperature seasonality, isothermality and coarse fragments percent-
age. Mean diurnal range, isothermolity, precipitation seasonality, and precipitation of the
wettest quarter were the four variables having higher r with P concentration. Precipitation
seasonality, clay content and sand content highly correlated with C:N ratios. For C:P ratios,
only the available soil water capacity obtained an r higher than 0.2 (0.26), while all the other
variables including PCs were poorly correlated with the ratios. The variables with relatively
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higher r with N:P ratios included coarse fragment percentage, temperature annual range
and temperature seasonality.

3.4. Spatial Patterns of Soil C, N and P Concentrations and C:N:P Ratios

Figures 2 and 3 show the modeled spatial distribution of soil C, N and P concentrations
and C:N:P ratios using the models listed in Table 5. Only the spatial distributions with
highest adjusted-R2 are displayed. As shown in the figures, measured C concentrations
ranged from 3.12 to 139.94 g kg−1 with an average of 55.76 g kg−1. The modeled range was
24.72–83.96 g kg−1 with an average of 53.15 g kg−1 (Figure 2). Standard deviation (SD) of
the modeled value was lower than that of the measured ones. The modeled N concentration
(0.11–0.53 g kg−1) had a relatively narrower range than the measured values. Similar to
SD of the C concentration, the modeled N concentration also had lower variation than the
measured value with relatively lower SD. For P concentration, a relatively wider range
was found in modeled values (0.26–1.58 g kg−1) than measured values (0.37–1.46 g kg−1),
which also resulted in a relatively higher average concentration (0.73 g kg−1 compared to
0.71 g kg−1). The SD of the modeled P concentration was higher than that of the measured
value. The average values and SD of the modeled C:N ratio (45.36 and 20.58, Figure 3) were
lower than the measured ones (average of 55.76 and SD of 25.24). C:P and N:P ratios in the
modeled results had narrower ranges than those of the measured values. In addition, the
modeled averages of the two ratios were higher than those of the measured ones. As in the
other estimations, the SDs of these two ratios in the modeled results were lower than those
of the measured data (Figures 2 and 3).
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C concentration was highest in the eastern part of the study area, while the central
and southwestern parts corresponded to relatively lower C concentrations (Figure 2a). The
northwestern study area also had a relatively higher C concentration. N concentration
displayed an opposing trend with C concentration, in that there was a relatively lower
concentration in the eastern study area, while the southwestern part had a relatively higher
concentration (Figure 2b). The trend in the P concentration was similar to that of the C
concentration, and increased from west to east in the study area (Figure 2c). C:N ratios
showed a complex pattern in the western part of the study area, whereas, generally, the
ratios decreased from west to east, as illustrated in Figure 3a. C:P ratios showed a spatial
pattern similar to that of the C:N ratios (Figure 3b). In contrast with the overall trend of
C:N and C:P ratios, N:P ratios were lower in the west, higher in the east, and exhibited an
increasing trend from the western to eastern parts of the study area (Figure 3c).

3.5. Comparison between Measured and Modeled Values

The correlation coefficient (r) between actual and modeled C concentration was 0.41
(p < 0.01, Figure 4a). The majority of measured C concentrations were higher than 40 g kg−1,
whereas, as shown in Figure 4a, more scatters with modeled values lower than 40 g kg−1

appeared, indicating restricted performance of the multiple regression model. Relatively
higher r (0.61) with a high confidence level (p < 0.01) between measured and modeled N
concentrations (Figure 4b) suggested reliability of the N concentration model compared
with the C model. The r between measured and modeled values of P concentration was
highest among the C, N and P concentrations at 0.75 (p < 0.01, Figure 4c), indicating that the
P model was the most reliable among the three concentration models. Figure 4d displays the
scatter of measured and modeled Ln (C:N) at our sampling sites, A correlation coefficient
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of 0.57 with 0.01 significance level between measured and modeled Ln (C:N) suggested
the reliability of the model, whereas the scatters at the lower-right corner indicated the
moderate confidence of the model to the higher values of the C:N ratios. Moderate and
significant r values (0.51 and p < 0.01) between measured and modeled values of Ln (C:P)
were partly impacted by the restricted estimation of the median value of the C:P ratios, as
displayed in Figure 4e. The performance of the N:P ratios model was also acceptable, as
shown in Figure 4f.
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4. Discussion
4.1. Spatial Patterns of C, N and P Concentrations and C:N:P Stoichiometry in the Schrenk’s
Spruce Forest

We hypothesized that the spatial distribution of soil C, N, P and C:N:P ratios would
demonstrate a continuous pattern in the Schrenk’s spruce forest. As demonstrated in
Figures 3 and 4, C and P concentrations and N:P ratios increased from west to east within
the study area, while N concentration and the other two ratios (C:N and C: P) decreased
along the west–east direction. A previous investigation by Dai et al. [46] revealed similar
variations in soil organic C and total N at sampling sites distributed from west to east
in the Tianshan Mountains. According to their results, the differences in soil nutrient
concentrations were caused by variations in abiotic variables, including temperature,
precipitation, evaporation capacity and solar radiation. In addition, a systematic soil survey
conducted in the Tianshan Mountains reported relatively lower concentrations of soil C
and P in the eastern part of the study area compared with the western part [47]. It should
be noted that the comparison of the concentrations and stochiometric ratios of previous
studies were conducted among sampling sites. In contrast, our study not only confirmed
the general variations in the concentrations of elements and their stochiometric ratios, but
also provided the spatial patterns or variations of the concentrations and stochiometric
ratios based on the data derived from sampling sites. In fact, these spatial patterns are
more useful for a better understanding of the regional biological and ecological processes
corresponding to soil chemical characteristics [23,48].

4.2. Reliability of MLR Models

Ecological stoichiometry plays an important role in nutrient limitation [11,12], nutrient
use efficiency [17], community dynamics [13], symbiosis relationship [16] and regional
and global biogeochemical cycles [19,20]. However, very few studies have investigated



Forests 2022, 13, 1407 12 of 14

the spatial patterns of variability in nutrient stoichiometry and the implications of these
patterns on ecosystem functioning. Recently, stoichiometric distribution models (StDMs),
which imitate the species distribution model and aim to delineate the spatial pattern of
elemental stoichiometry, were developed and used to map spatial structures in resource
elemental composition and the response of consumers across a landscape [23]. Similar to
our approach, the StDMs also fitted generalized linear regression models between elemen-
tal response variables and covariates. According to their results, StDMs allow researchers
to map elemental resources across geographic spaces and hold the promise of describing
geographical patterns in organismal elemental traits at various spatial extents [23]. In this
study, we found that the R2 of the MLR models were high (Table 5), further supporting the
reliability of MLR models in spatial estimation of elemental concentrations and stoichio-
metric ratios. In addition, Rial et al. [49] also reported good predictive performance of MLR
when estimating soil C concentration in NW Spain.

4.3. Advantages and Limitations of MLR

Here, we document the potential application of MLR in spatial estimation of elemental
concentrations and stoichiometry. Through modeling the spatial distribution of concentra-
tions of C, N and P and their stoichiometric ratios in Schrenk’s spruce forest, we identified
the following advantages of the MLR model: (1) the responses of concentrations and stoi-
chiometric ratios to independent variables could be reliably quantified using the model, (2)
the regression parameters of the model could be easily estimated using data obtained from
collected samples, (3) the spatial variations in the concentrations and stoichiometric ratios
could be delineated using geographic information systems platforms, and (4) the modeled
results were reliable according to corresponding evaluation (Table 5 and Figure 4).

While MLR is only one of the approaches that enable spatial estimation, other models
have potential in similar applications, and obvious limitations of MLR models also exist
when compared with other spatial delineation methods. For example, artificial neural
networks (ANN) have the ability to detect complex nonlinear relationships between depen-
dent and independent variables and possible interactions between predictor variables [50].
In multivariate adaptive regression splines (MARS), interactions between variables can
be fitted, and, rather than fitting a global interaction between a pair of variables, the in-
teractions are specified locally using basis functions [30]. Classification and regression
trees (boosted regression trees, random forests, etc.) are a valuable addition to statistical
approaches for the analysis of complex ecological data due to their invariance to transfor-
mations of explanatory variables and procedures for handling missing values [31]. Genetic
algorithms (GA) are a global optimization method that mimic the action of natural se-
lection to solve complex optimization problems and provide a very efficient method of
convergence towards the ideal solution [51].

5. Conclusions

In summary, we estimated the spatial patterns of concentrations of C, N and P and
their stoichiometric ratios in Schrenk’s spruce forest in the Tianshan Mountains of China.
The corresponding results demonstrated the importance of developing reliable methods
to delineate the spatial distributions of nutrient concentrations and stoichiometric charac-
teristics. The results have considerable relevance for studies on regional biogeochemical
cycles, particularly in complex terrains. We conclude that the concentrations of C, N and P
and their stoichiometric ratios in Schrenk’s spruce forest could be accurately estimated use
MLR methods and that future works can be improved with more independent variables
(biotic, abiotic and anthropogenic factors), with adjustment of MLR models, or with imple-
mentation of other models (ANN, MARS, GA) that have been successfully adopted for the
spatial estimation of soil organic C.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f13091407/s1, Table S1: The information of sampling plots.
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