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Abstract

Accurately characterizing the spatial pattern of soil organic carbon (SOC) in
the middle Tianshan Mountains and revealing its main influencing factors are
of great significance for assessing soil quality, achieving carbon sequestration
and sink enhancement, and ensuring ecological security. However, due to sig-
nificant differences in topography, rainfall, evaporation, vegetation cover, and
soil pH within the Tianshan region, especially between areas near and far from
the Tianshan Mountains, as well as the overall complex ecological conditions,
regional SOC exhibits high spatial heterogeneity, which poses a great challenge
for achieving accurate SOC mapping using digital soil mapping techniques. This
study, based on 463 soil sampling data points and combining multiple machine
learning models such as eXtreme Gradient Boosting (XGB), obtained spatial
distribution maps of SOC, and employed the SHAP (Shapley Additive exPla-
nations) algorithm to reveal the main influencing factors of SOC spatial differ-
entiation. The results demonstrate that the XGB model achieved the optimal
fitting performance, with an R? of 0.716, LCCC of 0.824, and RMSE of only
1.554 g - kg~!. The spatial distribution of SOC in this region exhibits a pattern
of higher values in the north and lower values in the south. Further analysis
using the SHAP algorithm revealed that SOC content in this region is primarily
influenced by pH, elevation, and mean annual precipitation. Moreover, partial
dependence plot results indicated the existence of threshold effects between envi-
ronmental variables and SOC. When pH exceeds 7.8, mean annual evaporation
exceeds 620 mm, or mean annual rainfall falls below 300 mm and vegetation
net primary productivity falls below 130 g C-m™2-a~!, SOC content drops
sharply, indicating that controlling soil pH, evapotranspiration, and vegetation
growth conditions is beneficial for regional soil carbon sequestration and sink
enhancement. Measures such as using acidic amendments, applying organic fer-
tilizers, and ensuring agricultural irrigation should be implemented to regulate
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the values of key variables affecting SOC in this region, thereby achieving the
goal of increasing SOC content. This study confirms the importance of consid-
ering variables such as soil pH, elevation, and mean annual precipitation, and
the research results provide data support for soil carbon sink management in
the middle Tianshan Mountains and offer a reference for SOC digital mapping
in other arid and semi-arid regions.

Full Text
Abstract

Accurately characterizing the spatial patterns of soil organic carbon (SOC) in
the middle section of the Tianshan Mountains and identifying its primary influ-
encing factors are crucial for assessing soil quality, enhancing carbon sequestra-
tion, and ensuring ecological security. However, significant variations in terrain,
rainfall, evaporation, vegetation cover, and soil pH—particularly between proxi-
mal and distal mountain areas—create complex ecological conditions that result
in high spatial heterogeneity of regional SOC. This poses substantial challenges
for precise SOC mapping using digital soil mapping techniques. Based on 463
soil sampling points and combining multiple machine learning models including
eXtreme Gradient Boosting (XGBoost, XGB), this study generated spatial dis-
tribution maps of SOC and employed the Shapley Additive exPlanations (SHAP)
algorithm to reveal the dominant factors controlling SOC spatial variation. Re-
sults demonstrate that the XGB model achieved optimal performance, with a
fitting R? of 0.716, Lin’ s concordance correlation coefficient (LCCC) of 0.824,
and root mean square error (RMSE) of 1.554 g - kg~!. The spatial distribution
of SOC exhibited a distinct north-high, south-low pattern. SHAP analysis fur-
ther revealed that SOC content is primarily influenced by soil pH, elevation,
and mean annual precipitation. Partial dependence plots identified significant
threshold effects in the relationships between environmental variables and SOC.
SOC content declined sharply when pH exceeded 7.8, mean annual evaporation
surpassed 620 mm, mean annual precipitation fell below 300 mm, or net primary
productivity dropped below 130 g C - m~2 - yr~'. These findings indicate that
controlling soil pH, evapotranspiration, and vegetation growth conditions can
enhance regional soil carbon sequestration. Management strategies including
application of acidic amendments, organic fertilizers, and guaranteed agricul-
tural irrigation can regulate key variables affecting SOC and thereby increase
SOC content. This study confirms the importance of considering soil pH, ele-
vation, and mean annual precipitation, providing data support for soil carbon
sink management in the middle Tianshan Mountains and offering a valuable
reference for digital SOC mapping in other arid and semi-arid regions.

Keywords: soil organic carbon; arid and semi-arid areas; spatial mapping;
dominant factors; middle section of Tianshan Mountains
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1. Materials and Methods
1.1 Study Area Overview

The middle section of the Tianshan Mountains is located in central Xinjiang
(39°34 -46°12 N, 75°31 -91°54 E), covering a total area of 56.86$x107{4}$ km?.
The overall terrain slopes higher in the south and lower in the north. Situated
in the interior of the Eurasian continent and far from oceanic moisture sources,
the region receives limited precipitation despite some water vapor from the
Atlantic Ocean reaching the area via westerly airflow. This moisture is blocked
by the Tianshan range, resulting in relatively abundant precipitation on the
northern slopes but arid conditions on the southern slopes. Overall, the region
experiences limited rainfall with strong evaporation, leading to low vegetation
coverage and severe soil salinization. Soils in the middle Tianshan Mountains
are coarse-textured with high gravel content, loose structure, and weak water
and nutrient retention capacity [Figure 1: see original paper].

1.2 Soil Sample Collection and Chemical Analysis

Using a random sampling method, 463 soil samples (0-30 cm depth) were col-
lected from the study area in 2021. Soil samples were air-dried, ground, and
sieved in the laboratory before SOC content was determined using the Walkley-
Black method.

1.3 Environmental Variables and Preprocessing

Based on the SCORPAN model framework and considering the study area char-
acteristics, a total of 17 environmental variables potentially influencing SOC
content were selected, including soil pH, elevation, slope, climate factors, land
use type, vegetation net primary productivity (NPP), and soil physicochemi-
cal properties. Detailed information on variable categories, spatial resolution,
and data sources is provided in Table 1, with spatial distributions illustrated in
Figure 2 [Figure 2: see original paper].

Elevation data were derived from ASTER GDEM and used to calculate slope in
ArcGIS. All environmental variables were resampled to a 0.05° spatial resolution.
Categorical variables were converted to dummy variables using one-hot encoding
prior to model fitting.

1.4 Model Implementation

1.4.1 Random Forest (RF) Random Forest is an ensemble learning algo-
rithm that uses decision trees as base learners, combining predictions through
bagging to improve accuracy. It builds decision trees independently on multiple
bootstrap samples, selects features randomly at each node for splitting, and av-
erages the predictions across all trees. RF excels at handling high-dimensional
and large-scale data, captures nonlinear relationships, and exhibits strong gen-
eralization capability with reduced overfitting risk.
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In this study, the RandomForestRegressor from the scikit-learn library in
Python was implemented. The model was configured with 200 decision trees, a
maximum depth of 10, and max_ {features} set to the square root of the total
number of input features.

1.4.2 Gradient Boosting Decision Tree (GBDT) GBDT is a boosting-
based ensemble algorithm that also employs decision trees as base learners. It
constructs a loss function and uses its gradient as the boosting direction. During
each iteration, new decision trees are added to the existing model to minimize
the loss function. GBDT can flexibly handle different data types, demonstrates
robustness to outliers and missing values, and achieves relatively high prediction
accuracy.

The GradientBoostingRegressor from scikit-learn was used, with 200 decision
trees, maximum depth of 5, max_ {features} set to the square root of input
features, and a learning rate of 0.1.

1.4.3 eXtreme Gradient Boosting (XGB) XGBoost is a tree-based en-
semble algorithm that introduces regularization terms to prevent overfitting and
supports parallel computation, enhancing algorithm efficiency. The XGBoost
library in Python was implemented with key parameters optimized through care-
ful tuning. The model used 200 decision trees with maximum depth of 5, and
categorical data were specified as “category” type to avoid additional one-hot
encoding.

1.4.4 Deep Neural Network (DNN) DNN is a deep learning model with
multiple hidden layers where adjacent layers are fully connected. This architec-
ture enables automatic feature extraction and learning, reducing dependence on
manual feature engineering. A DNN with three fully connected layers was de-
signed, each followed by batch normalization and Dropout layers (rate = 0.3) to
enhance generalization. The ReLU activation function introduced nonlinearity,
and training was conducted over 200 epochs to ensure adequate learning.

1.4.5 Convolutional Neural Network (CNN) CNN is a deep learning

architecture suitable for grid-structured data such as images, but also effec-

tive for non-image data. Through convolutional layers that automatically

extract local features and pooling layers that reduce spatial dimensions, CNN

effectively captures hierarchical structures and spatial correlations, improving

prediction accuracy. The implemented model included two convolutional layers

(3$x3kernels, 32and64 filtersrespectively), each f ollowedbybatchnormalizationandmaxpooling(2x $2
window, stride 2). The output was flattened, passed through fully connected

layers with Dropout, and mapped to a one-dimensional output for regression.

1.4.6 Model Interpretation with SHAP SHAP (Shapley Additive exPla-
nations) is a game theory-based algorithm for interpreting machine learning
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predictions. Shapley values quantify each feature’ s marginal contribution to
predictions, representing feature importance. In regression, a SHAP value of
zero indicates no influence on the prediction, positive values increase predic-
tions above the average, and negative values decrease them. The SHAP library
was used to calculate SHAP values and generate feature importance plots and
partial dependence plots.

1.5 Model Evaluation and Uncertainty Analysis

Bootstrap sampling was used to partition the 463 samples into calibration (70%)
and validation (30%) sets. Model performance was assessed using three metrics:
R2, RMSE, and Lin’ s concordance correlation coefficient (LCCC). LCCC mea-
sures agreement between two datasets, with values closer to 1 indicating stronger
consistency:

R*=1- =
2 (Ai—A)
1 n
RMSE = | = S (4, — B,)?
n i=1

0% + 6% + (A— B)?

where n is sample size, A and B are measured and predicted SOC values, 4 and
B are means, r is Pearson’s correlation coefficient, and and are coefficients of
variation. Higher R? and LCCC with lower RMSE indicate better performance.

Uncertainty maps were generated by training the best-performing model 50
times and calculating the mean prediction and standard deviation for each pixel.
Uncertainty was quantified as the standard deviation across predictions.

2. Results and Analysis
2.1 Descriptive Statistics

SOC content across sampling points ranged from 0.05 to 24.33 g - kg~', with a
mean of 2.86 g - kg~! and standard deviation of 2.11 g+ kg~!. The distribution
exhibited positive skewness (2.11) and leptokurtic characteristics (8.76), indi-
cating a non-normal distribution with heavy tails [Figure 3: see original paper].

2.2 Model Performance Comparison

Among all models, XGB achieved the highest predictive performance with R?
= 0.624 and the lowest RMSE = 1.554 g - kg~! in the validation set. Machine
learning models (RF, GBDT, XGB) consistently outperformed deep learning
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models (DNN, CNN) and spatial regression models (GWR, MGWR). While
GWR showed reasonable calibration performance (R? = 0.583), its predictive
performance was substantially lower (R? = 0.412). MGWR performed poorly
with negative predictive R?, indicating unreliable predictions. The superior
performance of XGB demonstrates its effectiveness for this dataset .

Variable importance analysis revealed that the most critical factors for XGB
were land use type, vegetation NPP, mean annual evaporation, mean annual
precipitation, mean annual temperature, population density, total potassium,
total nitrogen, silt content, sand content, and elevation.

2.3 Global and Local Controlling Factors of SOC

Based on mean absolute SHAP values, soil pH emerged as the dominant fac-
tor controlling SOC spatial variation, with an average absolute SHAP value of
0.5 g - kg1, significantly higher than other variables. Elevation ranked second
with an average absolute SHAP value of approximately 0.35 g-kg™!. Mean
annual precipitation and vegetation NPP showed similar importance (0.23-0.25
g+ kg™1), while population density and mean annual evaporation contributed
moderately (around 0.1 g-kg !). Remaining variables including total potas-
sium, total nitrogen, land use type, silt content, mean annual temperature, and
sand content had relatively weak contributions [Figure 4: see original paper].

Local analysis identified pH as the primary controlling factor at 72.79% of
sampling points, followed by vegetation NPP (13.17%). Secondary controlling
factors included elevation, mean annual precipitation, and SOC content itself,
which appeared as secondary factors at 89.85% of sampling points [Figure 5: see
original paper].

2.4 Nonlinear Relationships and Threshold Effects

Partial dependence plots for six numerical variables (pH, elevation, mean an-
nual precipitation, mean annual evaporation, total potassium, and total nitro-
gen) revealed complex nonlinear relationships with SOC. All variables exhibited
significant threshold effects:

e Soil pH: When pH < 6.5, SHAP values were positive, promoting SOC
accumulation. Between pH 6.5-7.8, SHAP values approached zero, indi-
cating minimal influence. When pH > 7.8, SHAP values turned negative,
significantly reducing SOC content.

¢ Elevation: Below 1400 m, SHAP values remained stable around -0.1 g+
kg~!, showing negative or negligible effects. Above 1400 m, SHAP values
increased positively with elevation, likely due to increased snowmelt water
and vertical climate zonation effects.

¢ Mean annual precipitation: SHAP values increased positively with
precipitation up to 300 mm, beyond which the positive effect stabilized.
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¢ Mean annual evaporation: SHAP values decreased with increasing
evaporation up to 500 mm, then stabilized around -0.1 g-kg~!, indicating
consistent negative impacts at high evaporation rates.

e Total potassium and nitrogen: Both showed negative relationships
with SOC, with SHAP values decreasing as nutrient content increased
[Figure 6: see original paper].

Optimal SOC accumulation occurred when: pH = 6.5-7.8, elevation > 1400 m,
mean annual precipitation = 300-460 mm, mean annual evaporation < 620 mm,
vegetation NPP > 130 g C-m~2 - yr!, total potassium < 12.3 g-kg™!, and
total nitrogen > 0.5 g - kg™ !.

2.5 Spatial Distribution and Uncertainty of SOC

The predicted SOC distribution showed a clear north-high, south-low pattern,
with higher values concentrated in the northwestern and central regions. High
SOC areas aligned spatially with water bodies, forming a “ "shaped pattern. This
distribution corresponded closely with low evaporation zones and high-elevation,
high-precipitation, high-NPP corridors [Figure 7: see original paper].

Prediction uncertainty ranged from 0.088 to 2.948 g - kg~!, with higher uncer-
tainty in the southern region, likely due to data gaps. The superior performance
of XGB over deep learning models may be attributed to the relatively small sam-
ple size and tabular nature of the data, where tree-based models often exhibit
more stable and robust performance.

3. Discussion
3.1 Superiority of Interpretable Machine Learning Models

This study compared local spatial regression models with machine learning and
deep learning models, demonstrating that the latter achieve significantly higher
prediction accuracy, particularly in capturing complex nonlinear relationships
that traditional spatial regression models cannot effectively model. While deep
learning models showed strong generalization ability (with minimal difference
between calibration and validation R?), their performance was limited by the
small dataset size and tabular data structure. In contrast, tree-based models like
XGB demonstrated superior efficiency and stability for this data type, consistent
with findings that deep learning models may underperform classical methods on
tabular data without extensive parameter tuning.

3.2 Influence of Environmental Variables on SOC Spatial Patterns

Results confirm that soil pH, elevation, and climate factors are the primary con-
trols on SOC distribution in the study area. Soil pH affects microbial activity
and enzyme function; moderately acidic conditions (pH 6.5-7.8) inhibit micro-
bial decomposition and promote SOC accumulation, while alkaline conditions
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(pH > 7.8) accelerate SOC loss. Although previous studies have reported neg-
ative correlations between pH and SOC in alkaline soils, our study area’ s pH
range (6.34-9.24) suggests that targeted acid amendments could be effective,
though careful dosage control is needed to avoid over-acidification.

Elevation influences SOC through vertical climate zonation. The positive re-
lationship above 1400 m reflects temperature-driven reductions in microbial
decomposition and enhanced vegetation growth from snowmelt water. The mid-
slope position likely receives optimal precipitation for plant growth, further
promoting SOC accumulation.

Climate factors, particularly precipitation and evaporation, significantly affect
SOC. Precipitation >300 mm promotes vegetation growth and carbon fixation,
while high evaporation reduces soil moisture, enhances soil respiration, and de-
pletes SOC. Given the difficulty of directly altering precipitation and evapotran-
spiration, protecting and restoring vegetation to improve soil water retention
represents a practical management strategy.

3.3 Recommendations for Carbon Sequestration

Based on variable importance and threshold analysis, soil pH management offers
the greatest potential for SOC enhancement. Application of acidic amendments
(e.g., gypsum), organic fertilizers (e.g., manure, crop residues), and ensuring
adequate irrigation can optimize pH and moisture conditions. Since grasslands
showed the highest SOC content among land use types, establishing artificial
grasslands with drought- and salt-tolerant species could further improve soil
carbon stocks, particularly given that evaporation far exceeds precipitation in
this region.

3.4 Limitations and Future Directions

A key limitation is the lack of high-elevation samples; while the Tianshan peaks
exceed 7000 m, our highest sampling point was only 3084 m, potentially intro-
ducing uncertainty in high-altitude predictions. Future work should prioritize
sampling across broader elevation gradients. Additionally, using 2021 data may
not reflect current conditions; incorporating more recent data would improve
the timeliness and applicability of SOC maps. Despite these limitations, this
study provides a robust framework for understanding SOC controls and guiding
management in arid and semi-arid regions.

4. Conclusion

This study identified XGB as the optimal model for predicting SOC in the
middle Tianshan Mountains, revealing a distinct north-high, south-low spatial
pattern. SHAP analysis demonstrated that soil pH, elevation, and mean annual
precipitation are the dominant controlling factors, with critical thresholds iden-
tified at pH = 7.8, evaporation = 620 mm, precipitation = 300 mm, and NPP
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=130 g C-m~2-yr!. Management strategies including acidic amendments,
organic fertilizer application, and irrigation can regulate these key variables to
enhance SOC accumulation. These findings provide scientific evidence and ac-
tionable pathways for precision soil carbon management in the middle Tianshan
Mountains and offer an important reference for SOC research and practice in
other arid and semi-arid regions.
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