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Abstract

Soils underpin terrestrial ecosystem functioning and exert strong control over farmland pro-
ductivity, nutrient turnover, environmental quality, and agricultural sustainability. Reliable
prediction of soil nutrients and pH is therefore important for precision fertilization, soil-
quality assessment, and the sustainability of farmland management, particularly in fragile
alpine agroecosystems. However, the comparative performance of candidate algorithms
for estimating soil properties in alpine croplands of the Qinghai-Tibetan Plateau remains
poorly characterized. Here, we assessed nine approaches, namely random forest (RF),
generalized boosting regression (GBR), multiple linear regression (MLR), artificial neural
network (ANN), generalized linear regression (GLR), conditional inference tree (CIT), ex-
treme gradient boosting (eXGB), support vector machine (SVM), and recursive partitioning
regression tree (RRT), for predicting soil carbon, nitrogen, phosphorus, potassium, and pH
from annual mean temperature, annual precipitation, annual solar radiation, and maximum
normalized difference vegetation index (NDVImax). Field observations were obtained
from 103 sampling plots, with four individual soil samples collected per plot and depth,
resulting in 412 observations for each depth layer. Clear contrasts in model performance
emerged under alpine agricultural conditions. Across all soil variables and depths, eXGB
and RF showed the best overall performance, with the lowest mean relative bias values of
1.35% and 1.55%, respectively, and the lowest mean RMSE values of 0.43 and 0.47. These
results indicate that nonlinear ensemble algorithms better captured the heterogeneous
relationships between environmental covariates and soil properties than linear models or
single-tree approaches. Overall, RF and eXGB provide a practical methodological basis
for precision fertilization, soil-quality assessment, and long-term sustainability in fragile
alpine agroecosystems.

Keywords: data mining; extreme gradient boosting; random forest; global change; Tibetan
Plateau; alpine cropland

1. Introduction

Farmland soils provide the material foundation for crop production, nutrient cycling,
terrestrial carbon storage, and agricultural sustainability. Variation in soil carbon and
nutrient pools directly affects agricultural output, nutrient-use efficiency, environmental
quality, and the sustainability of cultivated land management [1]. Soil also constitutes a
core component of terrestrial ecosystems [2], and the spatial distribution of soil properties
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such as carbon (C), nitrogen (N), phosphorus (P), potassium (K), and pH strongly shapes
ecosystem processes. Reliable estimation of these properties is therefore important not only
for precision agriculture but also for soil-quality assessment, long-term land stewardship,
and regional sustainability [3]. This challenge is particularly acute in Tibetan farmlands,
where high environmental heterogeneity complicates soil monitoring and sustainable
agricultural management [4,5].

Agricultural soils in Tibet develop under the joint influence of a high-elevation cli-
mate, complex terrain, and region-specific management practices, resulting in distinctive
pedogenic pathways and spatial heterogeneity [6]. Conventional soil surveys are costly,
laborious, and spatially restrictive [7], which limits their ability to resolve fine-scale variabil-
ity in cold agroecosystems and to support timely decisions for sustainable fertilization and
soil conservation. For this reason, digital soil mapping has become an increasingly valuable
alternative, especially in regions characterized by sparse observations and high topographic
complexity [8,9]. Within that framework, machine learning methods are attractive because
they can capture nonlinear responses and accommodate complex combinations of environ-
mental covariates [10]. Random forest (RF), generalized boosting regression (GBR), and
support vector machine (SVM) have all been widely used in soil prediction, while ensemble
strategies often perform especially well when predictors are high-dimensional and highly
collinear [11]. These approaches can therefore contribute to more efficient soil monitoring
and provide technical support for the sustainability of cropland management.

Despite these advances, important uncertainties remain in the prediction of soil prop-
erties in croplands of the Tibetan Plateau. First, the relative suitability of different machine
learning algorithms under high-altitude agricultural conditions has not been systemati-
cally evaluated [12]. Second, the sources of prediction uncertainty and the mechanisms
behind model error remain unclear, particularly when sample sizes are modest and data
heterogeneity is pronounced [13]. Third, the practical limitations of conventional linear
models and simple recursive tree approaches in complex soil-environment systems still
require more rigorous empirical evaluation [14,15]. These knowledge gaps restrict the
application of digital soil prediction to precision fertilization, soil-quality assessment, and
the sustainability of agricultural development in fragile alpine regions. To address these
issues, we compared nine algorithms using field observations from 103 sampling plots in
Tibetan croplands, with four individual soil samples collected per plot and depth. Our
objectives were to evaluate predictive accuracy and robustness under alpine farmland
conditions, examine model responses to data heterogeneity and noise, and identify suitable
approaches for soil nutrient management and farmland sustainability in Tibet.

2. Materials and Methods
2.1. Study Area and Soil Sampling

The investigation was carried out in alpine croplands of Xizang, China, a region with
a plateau monsoon climate characterized by relatively warm, humid summers and cold,
dry winters (Figure S1) [16]. Mean annual precipitation and air temperature are approxi-
mately 400 mm and 8 °C, respectively. The dominant soil type is alpine fluvo-aquic soil,
corresponding to Fluvents in USDA Soil Taxonomy, and the main crops include Medicago
sativa L., Elymus nutans Griseb., and Hordeum vulgare L. [17]. During the 2023 growing
season, soil was sampled on 15 August from two depth intervals (0-10 and 10-20 cm)
within 2 m X 2 m quadrats using a 4 cm diameter auger. Four soil cores were collected
randomly at each depth within each quadrat and analyzed as individual samples. Thus,
412 observations were obtained for each soil depth layer and were used separately for
model construction. To ensure regional representativeness, sampling was implemented
using a stratified random design based on major agroecological zones, elevation gradi-
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ents, and dominant soil types derived from existing maps. Samples were allocated in
proportion to stratum area so that the dataset captured the principal environmental and
agricultural gradients of Tibetan Plateau croplands. The distribution of sampling sites is
shown in Figure S1. Soil physicochemical properties were analyzed following standard
soil analytical procedures used in previous studies of alpine agricultural ecosystems in Ti-
bet [3]. Soil organic carbon (SOC) was measured using the potassium dichromate oxidation
method, total nitrogen (TN) using the Kjeldahl procedure, total phosphorus (TP) using the
molybdenum-antimony colorimetric method, and soil pH using a calibrated pH meter.
Total potassium (TK) was determined by flame atomic absorption spectrophotometry. The
density variables, including soil organic carbon density (SOCD), total nitrogen density
(TND), total phosphorus density (TPD), and total potassium density (TKD), represent
nutrient stocks per unit ground area within a given soil layer. They were calculated from
nutrient concentration, soil bulk density, and soil layer thickness and are expressed as
kg/m?. The calculation was as follows: nutrient density (kg/m?) = nutrient concentration
(g/kg) x bulk density (g/cm3) x soil thickness (cm)/100.

2.2. NDVImax and Climate Covariates

NDVImax for the growing season (May—September) at 30 m spatial resolution
was obtained from the National Ecosystem Science Data Center of China [18] (http:
/ /www.nesdc.org.cn; accessed on 10 July 2024). This dataset represents the maximum
NDVI extracted from all cloud-free Landsat observations within the seasonal window for
each year. Climatic predictors, including annual mean temperature, annual precipitation,
and annual solar radiation, were downloaded from the National Tibetan Plateau Data
Center [19]. Both the NDVImax product and the climate data used in this study correspond
to 2023. These variables were used as predictive covariates to characterize spatial variation
in vegetation activity and climatic background during the sampling year, rather than to
infer direct short-term causal effects on soil carbon, nutrient pools, or pH. Because these soil
properties are shaped by long-term pedogenic processes, nutrient cycling, and agricultural
management, the modeled relationships should be interpreted as predictive associations
between soil observations and environmental covariates.

2.3. Model Development

Training and validation subsets were generated using an 80:20 split. The validation
subset (1 = 82) was designed to preserve stratification while reducing spatial dependence
through two constraints: validation quadrats were spaced at least 500 m apart (Figure S1),
and sampling also respected stratification by elevation, slope, and NDVI. This design
reduced the risk of data leakage while maintaining representativeness across soil nutrient
variables and pH. To further evaluate whether residual spatial dependence affected model
validation, we conducted supplementary Moran’s I diagnostics for both observed validation
values and model residuals. All statistical analyses were conducted in R 4.4.3 with widely
used and validated packages [20]. Multiple linear regression (MLR) was fitted using the
base ‘stats’ package because of its interpretability in describing linear relationships [21].
Generalized linear regression (GLR) extended this framework to accommodate broader
response distributions. To capture nonlinear structure and interactions, we employed
recursive regression trees (RRT; ‘rpart’) [21] and conditional inference trees (CITs), both of
which partition predictor space recursively. Random forest (RF; ‘randomForest’) [22] was
used to mitigate overfitting risk and quantify variable importance through an ensemble of
decorrelated trees. Generalized boosted regression (GBR; ‘gbm’) [23] iteratively fits trees to
residual error, whereas extreme gradient boosting (eXGB; ‘rminer’) [24] extends boosting
with regularization to enhance computational efficiency and predictive accuracy. Support
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vector machine (SVM; ‘e1071’) [25] identifies an optimal separating hyperplane to improve
generalization, and artificial neural network (ANN; ‘rminer’) [24] was used as a flexible
nonlinear learner inspired by biological neural architectures.

Specifically, the nine regression algorithms were fitted using model-specific parameter
settings. For GBR, Gaussian loss was used, and the number of trees was selected by 2-fold
cross-validation repeated 100 times from an initial maximum of 1000 trees. The eXGB, ANN,
GLR, and CIT models were implemented using ‘rminer::fit()’ with the "heuristic5” search
strategy, with ‘mpar = NULL', ‘feature = “none”’, ‘scale = “none”’, and ‘transform = “none”’.
SVM was implemented using the default settings of ‘e1071::svm()’; CART was fitted using
‘rpart:rpart()” with ‘method = “anova”” and ‘cp = 0.01’; and LM was fitted as ordinary
least-squares regression. For RF, the final ‘ntree” and ‘mtry’ values were derived from the
saved final RF model parameter files. Detailed parameter settings and reproducible code
are provided in Supplementary Table S1 and Code S1.

Taken together, these algorithms represent a broad set of modeling strategies, including
ensemble learning (RF, GBR, and eXGB), statistical regression (MLR and GLR), recursive
partitioning (RRT and CIT), margin-based learning (SVM), and adaptive nonlinear fitting
(ANN). Evaluating such a diverse model set improves reproducibility and provides a
clearer basis for judging which approaches are best suited to heterogeneous soil datasets.

2.4. Model Accuracy Evaluation

Because the candidate models rely on different optimization schemes, training error
was quantified using the criteria reported by each package. RF minimized mean squared
error (MSE) and returned R? values (Table S1), whereas GBR used mean training error
together with cross-validation thresholds to determine stopping points (Table S2). SVM
performance was characterized from residual structure and margin-related diagnostics
(Table S3), while MLR and RRT primarily relied on R?-based optimization (Tables S4 and S5).
GLR, ANN, CIT, and eXGB likewise followed model-specific error-reduction procedures
(Table S6). The source data and R code used to document the model parameter-setting
procedures are provided in Table S7 and Code S1.

To compare all models on a common basis, we used four standardized validation statis-
tics: relative bias, root mean squared error (RMSE), the slope of the regression of predicted
values against observed values, and R?. This combination captures systematic over- or un-
derestimation, overall prediction error magnitude, proportional agreement, and explained
variance, thereby providing a balanced evaluation framework for ecological modeling.

2.5. Spatial Autocorrelation Complementarity Analysis

To further assess whether spatial autocorrelation affected model validation, we con-
ducted an additional Moran’s I diagnostic analysis for the validation dataset. Because four
soil samples were collected at each sampling location, validation observations were first
aggregated to the sampling-location level based on geographic coordinates. Moran’s 1
was then calculated for both observed soil-property values and model residuals, defined
as observed minus predicted values. Spatial weights were constructed using a 4-nearest-
neighbor approach, and statistical significance was assessed using 999 permutation tests.
This analysis was used as a supplementary diagnostic to evaluate residual spatial depen-
dence in model predictions. The detailed Moran’s I results are provided in Figure S7 and
Tables S8 and S9.
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3. Results
3.1. Model Construction

Model development was based on 330 quadrat-level observations, which provided a
sufficiently broad basis for comparing algorithm performance. RF models used between
591 and 970 trees (Table S1), placing them between the larger GBR ensembles (1000 trees;
Table S2) and the SVM models defined by 265-285 support vectors. RF also exhibited the
highest training performance, with R? values from 0.67 to 0.91 (Table S1), clearly exceeding
the corresponding values for multiple linear regression (0.05-0.27; Table S4) and recursive
regression (0.38-0.64; Table S5). Substantial variation in training error was also evident
among ANN, GLR, CIT, and eXGB (Table S6).

3.2. Overall Model Performance

When all 18 combinations of soil depth and soil property were considered together,
eXGB and RF emerged as the two best-performing algorithms. Mean relative bias across
variables and depths was lowest for eXGB (1.35%), followed by RF (1.55%) and GBR
(1.85%), whereas GLR, SVM, ANN, MLR, and CIT showed substantially larger mean
absolute relative bias, ranging from 3.00% to 3.49% (Figure S2).

A similar ranking was observed for RMSE. eXGB and RF yielded the lowest average
RMSE values (0.43 and 0.47, respectively), while MLR, GLR, and ANN each exceeded
1.20 on average (Figure S3). Their advantage was particularly evident for nutrient concen-
trations and density variables, which may involve stronger nonlinear relationships with
environmental covariates. In the 0-10 cm layer, for example, RF and eXGB showed low
RMSE values for SOC, TN, TP, and TK, and the same pair of models also ranked lowest
or near-lowest for SOCD, TKD, SOC, TN, TP, TK, and pH in the 10-20 cm layer. These
patterns indicate that tree-based ensemble models generalized more effectively than both
linear approaches and several flexible alternatives.

3.3. Prediction of Soil Nutrient Densities

For nutrient-density variables in the 0-10 cm layer, the validation results showed close
agreement between observed and predicted values for RF and eXGB (Figures 1, 2 and S2).
The strongest agreement occurred for TND, TPD, and TKD, whereas SOCD displayed
slightly greater dispersion. eXGB produced the lowest RMSE for TPD (0.01 kg P/m?),
TKD (0.36 kg K/m?), and TND (0.02 kg N/m?), while RF achieved the lowest or a very
similar error for SOCD (0.24 kg C/m?). Bias for the ensemble models (RF, GBR, and eXGB)
generally remained within +£5% (Table 1).

Table 1. Relative bias (%) between predicted and observed values for soil organic carbon density
(SOCD, kg/ m?), total nitrogen density (TND, kg/ m?), total phosphorus density (TPD, kg/ m?), total
potassium density (TKD, kg/m?), soil organic carbon (SOC, g/kg), total nitrogen (TN, g/kg), total
phosphorus (TP, g/kg), total potassium (TK, g/kg), and pH in the 0-10 cm and 10-20 cm layers
(n=282).

Soil Depth Variable RF GBR SVM MLR RRT GLR ANN CIT eXGB
0-10 cm SOCD 4.40 4.16 1.92 1.29 6.88 3.49 1.34 428 3.08
TND 277 3.87 —-1.70 2.70 4.12 3.73 4.59 4.06 1.81

TPD —-1.75 —3.41 —8.53 —4.31 —4.44 —3.68 —3.28 —0.76 —1.61
TKD 1.20 271 2.34 0.88 3.05 1.64 0.95 3.14 1.07

SOC —2.45 —0.46 —7.89 —4.22 —0.88 —3.45 —4.23 —5.63 —2.48

TN 0.96 2.36 2.46 7.01 8.79 6.58 7.10 6.89 —0.39

TP 0.18 3.35 -0.81 5.35 292 8.41 5.82 -0.79 —-1.20

TK —0.65 —-0.87 —1.30 —-1.57 —0.85 —1.65 —1.58 —-1.11 —0.41

pH —0.16 0.14 0.21 0.38 0.44 0.18 0.42 0.01 —-0.22
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Table 1. Cont.
Soil Depth Variable RF GBR SVM MLR RRT GLR ANN CIT eXGB
10-20 cm SOCD 1.47 3.77 547 10.89 6.62 10.84 11.13 9.05 —0.15
TND 2.22 0.39 —4.22 1.49 4.56 —1.85 0.48 1.26 1.84
TPD 1.46 1.27 —4.25 2.48 —1.15 2.09 2.47 2.04 1.57
TKD —1.74 —0.56 —0.29 —0.78 —0.62 1.29 1.76 1.22 —-2.19
SOC 3.23 —1.40 —3.75 3.18 2.90 3.28 3.18 5.86 1.86
TN 1.95 —2.65 —7.26 —4.47 1.49 —6.85 —4.38 —6.90 2.33
TP —0.73 —-1.27 —2.96 2.46 —0.37 2.44 2.71 0.29 —1.61
TK —0.46 —0.40 2.86 1.13 0.67 1.35 1.13 —0.75 —0.48
pH 0.04 0.34 0.29 —0.06 0.17 —0.01 —0.06 —0.03 —0.03
Depth 0-10 em 10-20 cm

Estimated value (standardized within target)
o

CART

cr

SVM

GBR

RF

eXGB

2 0 2
Observed value (standardized within target)

Figure 1. Standardized observed-versus—predicted relationships for all soil fertility indicators across
the nine modeling algorithms. Panels represent LM, GLR, CART, CIT, ANN, SVM, GBR, RF, and
eXGB models. Red points denote validation samples, grey dashed lines indicate 1:1 reference lines,
and blue curves denote LOESS—smoothed fitted trends, and grey shaded bands indicate the 95%
confidence intervals of the fitted trends.
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Model —— RF — — eXGB Depth 0-10 cm 10-20 cm

pH

soC SOCD

Estimated value

TK TKD

0.204

0.154

0.104

0054

4 404 , 54 A

304

204

0.15 0.20 15 20 25 30 35 40 2 3 4
Observed value
Figure 2. Observed-versus-predicted relationships for RF and eXGB models across soil fertility
indicators. Panels represent pH, SOC, SOCD, TN, TND, TP, TPD, TK, and TKD. Red points de-
note validation samples, grey dashed lines indicate 1:1 reference lines, and blue curves denote
LOESS—smoothed fitted trends, and grey shaded bands indicate the 95% confidence intervals of the
fitted trends.
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The 10-20 cm layer showed a similar pattern (Figures 1, 2 and S3; Table 1). RF and
eXGB again matched the observations most closely and maintained low RMSE values. By
contrast, linear models and ANN tended to over- or underestimate SOCD and produced
larger errors for TKD. For deep-layer SOCD, the relative bias of eXGB was close to zero
(—0.15%), with an RMSE of 0.25 kg C/ m?, whereas MLR, GLR, and ANN all had bias
values above 10% and RMSE values close to 0.44-0.45 kg C/m?.

3.4. Prediction of Soil Nutrient Concentrations and pH

For SOC, TN, TP, and TK concentrations, RF and eXGB again showed the best overall
performance at both depths (Figures 3 and 4). eXGB yielded the lowest RMSE values for
surface SOC, TN, TP, and TK, while RF produced similarly low errors. The advantage of
ensemble methods was especially evident for SOC and TN, two variables that are strongly
controlled by vegetation productivity and microbial decomposition. Single-tree and linear
models showed greater scatter and, in some cases, systematic flattening of the predicted
range, suggesting that they could not adequately represent nonlinear gradients.

All models predicted pH more accurately than the nutrient variables, but RF and
eXGB again ranked highest (Table 2; Figure S6). At 0-10 cm, both models had an RMSE of
0.21 pH units, whereas at 10-20 cm, eXGB performed best (RMSE = 0.19), closely followed
by RF (RMSE = 0.20). Although several models generated high apparent agreement for pH,
some flexible algorithms compressed the prediction range, indicating that RMSE and bias
should be interpreted together rather than relying on correlation alone.

Depth e 0-10cm 4 10-20cm

60 1

40

LT

20 A

Relative RMSE (%)

te

o o oy o o & & +
Model

Figure 3. Distribution of relative RMSE across the nine modelling algorithms. Violin plots show
the distribution of relative RMSE values across soil fertility indicators and soil depths. Boxplots
indicate the median and interquartile range, and points represent individual target-variable/depth
combinations. Circles and triangles denote the 0-10 cm and 10-20 cm soil layers, respectively.
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Model
1Y ol
\}3‘\ G\’?l dl,?- 0‘6 P“k‘\ 64\!‘ (36?- ?g e.j_C‘)
50C20 37.8 35.9 285 28.0 37.8 31.9 20.7 148 142
SOCD10 29.9 324 26.2 275 29.9 27.5 19.4 18.0 192
SOCD20 35.1 36.3 37.8 344 35.2 30.4
TK10 152 14.9 109 120 152 137
TK20 153 15.0 12.2 1.9 153 137
TKD10 202 20.9 18.0 167 202 17.2 Relative
RMSE (%)
o TKDZ 20.3 20.3 16.5 186 20.7 18.6 14.3 1.5 15 -40
2
g ol s0s 304 204 23 303 207 158 --
[ 30
>
8 Tnzo 385 - 296 38.0 385 38.4 224 142 123
E 20
TND10 316 347 26.1 24.9 318 27.6 20.1 15.1 145
10
TND20 348 35.9 22,9 32,1 34.8 33.1 222 157 162 -
TP10 32.1 33.2 19.1 203 32.1 22.8 20.8 --
TP20 36.8 36.4 225 274 36.8 30.1 22.9 1.2 -
TPD10 348 36.4 226 25.1 347 30.7 204 132 13.1
TPD20

32.9 32.2 211 26.4 329 26.9 21.4 16.4 16.5

Figure 4. Target-specific relative RMSE across soil fertility indicators and modelling algorithms. The

heatmap shows relative RMSE values for each soil fertility indicator and model combination. Cooler
colors indicate lower prediction errors, whereas warmer colors indicate higher prediction errors. The
values inside cells represent relative RMSE percentages.

Table 2. Root mean square error (RMSE) between predicted and observed values for soil organic
carbon density (SOCD, kg/m?), total nitrogen density (TND, kg/m?), total phosphorus density (TPD,
kg/ m?), total potassium density (TKD, kg/ m?), soil organic carbon (SOC, g/kg), total nitrogen (TN,
g/kg), total phosphorus (TP, g/kg), total potassium (TK, g/kg), and pH in the 0-10 cm and 10-20 cm
layers (n = 82).

Soil Depth Variable RF GBR SVM MLR RRT GLR ANN CIT eXGB

0-10 cm SOCD 0.24 0.26 0.36 0.40 0.35 0.43 0.40 0.36 0.25
TND 0.02 0.03 0.04 0.05 0.04 0.05 0.05 0.04 0.02

TPD 0.01 0.02 0.03 0.03 0.02 0.03 0.03 0.02 0.01

TKD 0.35 0.43 0.51 0.60 0.54 0.63 0.60 0.50 0.36

SOC 2.04 2.81 4.95 540 2.80 5.81 540 4.15 1.60

TN 0.13 0.21 0.28 0.41 0.39 0.41 0.41 0.35 0.12

P 0.08 0.16 0.17 0.24 0.14 0.25 0.24 0.15 0.07

TK 1.30 217 3.68 4.07 2.94 4.01 4.07 3.21 1.25

pH 0.21 0.27 0.33 0.39 0.31 0.42 0.39 0.35 0.21
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Table 2. Cont.

Soil Depth Variable RF GBR SVM MLR RRT GLR ANN CIT eXGB
10-20 cm SOCD 0.25 0.29 0.38 0.44 0.47 0.45 0.44 0.43 0.25
TND 0.03 0.04 0.05 0.06 0.05 0.06 0.06 0.05 0.03

TPD 0.01 0.02 0.02 0.03 0.02 0.03 0.03 0.02 0.02

TKD 0.36 0.44 0.58 0.63 0.51 0.63 0.64 0.58 0.36

SOC 1.67 2.32 3.59 4.26 321 4.03 4.26 3.15 1.60

N 0.20 0.32 0.55 0.55 0.42 0.58 0.55 0.54 0.18

TP 0.09 0.18 0.23 0.28 0.17 0.28 0.28 0.21 0.08

TK 1.28 2.24 3.59 3.99 3.20 3.93 3.99 3.12 1.20

pH 0.20 0.25 0.36 0.41 0.38 0.40 0.41 0.35 0.19

3.5. The Impact of Spatial Autocorrelation on the Model

Moran’s I diagnostic showed that several observed soil properties in the validation
dataset exhibited significant positive spatial autocorrelation, confirming the presence of
spatial structure in the measured soil attributes. However, residual spatial autocorrelation
was generally weak for the two best-performing models. No significant residual Moran’s
I was detected for eXGB across the 18 target variables, and only one significant case was
detected for RF. In contrast, stronger or more frequent residual spatial autocorrelation
was observed for several lower-performing models, including LM, GLR, and ANN. These
results suggest that the superior performance of RF and eXGB was not primarily driven by
residual spatial dependence among nearby validation samples. The full results and code
are provided in Figure 57, Tables S8 and S9, and Code S2.

4. Discussion
4.1. Tree-Based Ensembles More Accurately Capture Alpine Soil-Environment Relationships

The present study demonstrates that tree-based ensemble methods, particularly RF
and eXGB, provided the most stable and accurate predictions across soil nutrient densities,
nutrient concentrations, and pH. This finding is consistent with many digital soil mapping
studies reporting that RF and boosting-based algorithms often outperform linear regression
and single-tree models when soil properties are influenced by nonlinear relationships
among climate, vegetation, terrain, and management factors [26-31]. Similar patterns
have been reported in croplands, grasslands, forest soils, and regional soil-mapping prod-
ucts, where ensemble models are better able to capture threshold responses, variable
interactions, and heterogeneous residual structures than purely linear approaches [28-33].
The strong performance of eXGB deserves special attention. Gradient boosting can fit
complex response surfaces by iteratively correcting residual error, and XGBoost-style algo-
rithms further incorporate shrinkage, tree-depth constraints, and regularization to reduce
overfitting [29,34].

However, the relative performance of different algorithms is not universal. Previous
studies have also shown that SVM, regression kriging, or simpler regression models can
perform comparably to RF when environmental gradients are relatively smooth, strong
terrain covariates are available, or sample size and data heterogeneity differ [27-31,35].
Therefore, the comparatively weaker performance of MLR, GLR, SVM, RRT, and CIT in the
present study should not be interpreted as an inherent limitation of these algorithms under
all soil-mapping conditions. Rather, it indicates that RF and eXGB were better suited to the
current Tibetan alpine cropland dataset, where soil nutrients and pH were likely shaped by
combined climatic, vegetation, and management-related variability.
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4.2. Soil Depth Influences Predictive Accuracy

Prediction accuracy differed between the 0-10 and 10-20 cm layers, reflecting the
vertical heterogeneity of soil carbon, nutrients, and pH [36,37]. Surface soils are more
directly affected by crop residues, fine roots, fertilization, tillage, and seasonal changes in
temperature and moisture. These factors may strengthen the association between NDVImax
and surface soil nutrients, because peak vegetation greenness partly reflects crop growth,
biomass production, and potential organic-matter return. This interpretation agrees with
previous studies on the Tibetan Plateau showing that vegetation productivity is closely
related to soil carbon and nutrient patterns [37,38].

The 10-20 cm layer showed a different but still predictable pattern. Deeper soil
properties are less directly observable from remote sensing and are influenced by longer-
term processes, such as organic matter stabilization, vertical nutrient movement, soil texture,
hydrology, and freeze—thaw dynamics [39,40]. Even so, RF and eXGB maintained relatively
low validation errors in this layer, suggesting that NDVImax and climate variables captured
spatial gradients associated with subsurface soil conditions. This result supports the
practical value of ensemble algorithms for estimating both surface and shallow subsurface
soil fertility in alpine croplands.

4.3. Ecological Implications for Alpine Farmland on the Tibetan Plateau

The Qinghai-Tibetan Plateau harbors large soil carbon and nitrogen pools and is highly
sensitive to climate warming, hydrological change, and intensified land use [38,39,41].
Previous studies have focused mainly on alpine grasslands, meadows, and permafrost
regions, whereas croplands, despite their importance for food security and their combined
exposure to climate and management, have received far less attention [41,42]. The present
study shows that refined remote-sensing and climatic predictors can estimate several
soil-fertility attributes in alpine farmlands with useful accuracy.

From a predictive perspective, aboveground vegetation dynamics can provide useful
proxy information for estimating belowground soil fertility. This interpretation is consistent
with earlier studies that used NDVI as an indicator of vegetation productivity and ecosys-
tem response [43—45]. In this study, NDVImax reflected spatial variation in crop growth
conditions during the sampling year and may have partly integrated the combined effects
of climate, soil fertility, and management. Therefore, the strong performance of tree-based
ensembles supports the use of NDVImax as a practical predictive covariate for monitoring
soil nutrients in alpine agricultural regions.

However, the results do not justify overreliance on vegetation greenness alone. Soil
nutrient variation is also strongly affected by fertilization, residue return, irrigation, crop
rotation, grazing, and harvest removal, and these processes are not always mirrored by
NDVI. Recent studies on the Tibetan Plateau show that management can alter or even
reverse climate-driven soil carbon trends [46—48]. Thus, for croplands, management is not a
secondary disturbance but a major driver of soil fertility. The shared signal between alpine
grasslands and croplands is therefore only partial, and unexplained management effects
likely remain embedded in the model residuals.

Compared with natural grasslands, cropland soils are governed not only by climate—
vegetation—soil feedbacks but also by tillage, fertilization, irrigation, and residue removal.
Accordingly, the consistency between our findings and grassland-based mechanisms should
be understood as partial agreement. The successful application of NDVImax and climate
variables indicates that alpine grasslands and croplands share certain ecological regulatory
patterns, but model residuals probably still contain uncharacterized management signals.
This reflects both the novelty and the limitations of applying digital soil mapping to
plateau farmlands.
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4.4. Limitations and Future Research

This study still has several limitations. First, model validation relied on an independent
hold-out set of only 82 observations, which provides a preliminary external validation
but cannot fully represent the geographic, climatic, and management heterogeneity of
Tibetan croplands. It has been noted that random cross-validation may overestimate model
performance when spatial proximity is present [49]. Therefore, future studies should
further employ spatial block cross-validation, leave-region-out validation, or additional
external validation with newly sampled sites to test the transferability of RF and eXGB
models in unsampled areas.

Second, the predictor set was intentionally parsimonious and did not include several
potentially important factors, such as detailed topographic variables, soil texture, parent
material, irrigation, crop type, fertilization management, and freeze-thaw conditions, even
though these factors are known to influence soil carbon, nitrogen, and fertility patterns on
the Tibetan Plateau [36,38,41]. In addition, the use of single-year NDVImax and climate
variables may not fully capture the long-term processes underlying soil formation and
nutrient accumulation. In this study, the use of a consistent predictor set helped ensure a
fair comparison among the nine modelling algorithms. To examine whether the omission
of topographic information affected the robustness of the model comparison, we conducted
a supplementary sensitivity analysis by adding elevation to the original predictor set. The
inclusion of elevation caused only minor changes in validation R? and did not change
the main conclusion that RF and eXGB were the two best-performing algorithms. Future
studies should incorporate multi-year vegetation indices, long-term climate averages, and
richer terrain, soil, and management covariates to improve both predictive performance
and mechanistic interpretability (Tables 510 and S11; Figures S8 and S10).

Third, the present study focused on two shallow soil layers (0-10 and 10-20 cm) and
did not extend to deeper profiles. Given that deep soil carbon and nutrients are crucial
for long-term fertility and carbon sequestration, future sampling and modeling should
cover deeper soil layers and explore vertical prediction strategies, such as depth functions
coupled with machine learning.

5. Conclusions

Using 412 soil observations from alpine croplands on the Tibetan Plateau, we compared
nine algorithms for predicting soil carbon density, nutrient density, nutrient concentration,
and pH at 0-10 and 10-20 cm depths under a consistent predictor framework. Tree-
based ensemble methods were the most reliable model class. eXGB and RF consistently
produced the lowest mean relative bias and RMSE across properties and depths, whereas
linear models, single-tree models, and ANN generally showed larger errors or narrower
prediction ranges. Supplementary analyses of residual spatial autocorrelation and elevation
sensitivity further supported the robustness of the main model-comparison conclusion.
Overall, eXGB and RF provide a useful high-accuracy modelling framework that can
support precision fertilization and soil-quality assessment in Tibetan alpine farmlands.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/su18199875/s1, Figure S1: Sampling sites; Figure S2: Observed-
versus-predicted relationships for soil organic carbon density (SOCD0-10), total nitrogen density
(TNDO0-10), total phosphorus density (TPD0-10), and total potassium density (TKD0-10) in the 0-10
cm layer for (a-d) RF, (e-h) GBR, (i-1) SVM, (m-p) MLR, (g-t) RRT, (u—x) GLR, (y-bb) ANN, (cc-ff) CIT,
and (gg—jj) eXGB. Blue lines denote fitted linear regressions; Figure S3: Observed-versus-predicted
relationships for soil organic carbon density (SOCD10-20), total nitrogen density (TND10-20), total
phosphorus density (TPD10-20), and total potassium density (TKD10-20) in the 10-20 cm layer for
(a—d) RE, (e-h) GBR, (i-1) SVM, (m-p) MLR, (g-t) RRT, (u—x) GLR, (y-bb) ANN, (cc—ff) CIT, and (ggjj)
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eXGB. Blue lines denote fitted linear regressions; Figure S4: Observed-versus-predicted relationships
for soil organic carbon (SOC0-10), total nitrogen (TN0-10), total phosphorus (TP0-10), and total
potassium (TK0-10) in the 0-10 cm layer for (a—d) RF, (e-h) GBR, (i-1) SVM, (m-p) MLR, (g-t) RRT,
(u—x) GLR, (y-bb) ANN, (cc—ff) CIT, and (gg—jj) eXGB. Blue lines denote fitted linear regressions;
Figure S5: Observed-versus-predicted relationships for soil organic carbon (SOC10-20), total nitrogen
(TN10-20), total phosphorus (TP10-20), and total potassium (TK10-20) in the 10-20 cm layer for
(a—d) RF, (e-h) GBR, (i-1) SVM, (m-p) MLR, (g-t) RRT, (u—x) GLR, (y-bb) ANN, (cc—ff) CIT, and (gg—jj)
eXGB. Blue lines denote fitted linear regressions; Figure S6: Observed-versus-predicted relationships
for soil pH in the 0-10 cm (pHO0-10) and 10-20 cm (pH10-20) layers for (a-b) RFE, (c-d) GBR, (e-f) SVM,
(g-h) MLR, (i) RRT, (k-1) GLR, (m-n) ANN, (o-p) CIT, and (q—r) eXGB. Blue lines denote fitted linear
regressions; Figure S7: Spatial autocorrelation diagnostics for observed soil properties and model
validation residuals. (a) Moran’s I values of observed validation soil properties. (b) Distributions
of residual Moran’s I values across the nine models. Triangles indicate significant Moran’s I values
based on permutation tests (p < 0.05); Figure S8: Mean validation R? before and after adding elevation
as an additional covariate; Figure S9: Changes in mean validation R? after adding elevation as an
additional covariate; Figure S10: Soil-property-specific changes in validation R? after adding elevation
as an additional covariate; Table S1: Random forest model parameters of soil organic carbon density
(SOCD, kg m~2), total nitrogen density (TND, kg m~2), total phosphorus density (TPD, kg m~2),
total potassium density (TKD, kg m_z), soil organic carbon content (SOC, g kg_l), total nitrogen
content (TN, g kg™ 1), total phosphorus content (TP, g kg™1), total potassium content (TK, g kg™1),
and pH at 0-10 cm and 10-20 cm (n = 330); Table S2: Generalized boosted regression parameters of
soil organic carbon density (SOCD, kg m™~2), total nitrogen density (TND, kg m~2), total phosphorus
density (TPD, kg m~2), total potassium density (TKD, kg m~?), soil organic carbon content (SOC, g
kg™1), total nitrogen content (TN, g kg~ !), total phosphorus content (TP, g kg~ !), total potassium
content (TK, g kg~!), and pH at 0-10 cm and 10-20 cm (n = 330); Table S3: Support vector machine
parameters of soil organic carbon density (SOCD, kg m~?2), total nitrogen density (TND, kg m~2),
total phosphorus density (TPD, kg m~2), total potassium density (TKD, kg m~2), soil organic carbon
content (SOC, g kg 1), total nitrogen content (TN, g kg™'), total phosphorus content (TP, g kg™1),
total potassium content (TK, g kg_l), and pH at 0-10 cm and 10-20 cm (n = 330); Table S4: Multiple
linear regression parameters of soil organic carbon density (SOCD, kg m~?2), total nitrogen density
(TND, kg m~2), total phosphorus density (TPD, kg m~2), total potassium density (TKD, kg m~2),
soil organic carbon content (SOC, g kg_l), total nitrogen content (TN, g kg_l), total phosphorus
content (TP, g kg™1), total potassium content (TK, g kg~1), and pH at 0-10 cm and 10-20 cm (n = 330);
Table S5: Recursive regression tree parameters of soil organic carbon density (SOCD, kg m~2), total
nitrogen density (TND, kg m~2), total phosphorus density (TPD, kg m~2), total potassium density
(TKD, kg m~2), soil organic carbon content (SOC, g kg™ 1), total nitrogen content (TN, g kg1,
total phosphorus content (TP, g kg™!), total potassium content (TK, g kg~ !), and pH at 0-10 cm
and 10-20 cm (n = 330); Table S6: Artificial neural network (ANN), generalized linear regression
(GLR), conditional inference tree (CIT), and eXtreme gradient boosting (eXGB) parameters of soil
organic carbon density (SOCD, kg m~2), total nitrogen density (TND, kg m~2), total phosphorus
density (TPD, kg m~2), total potassium density (TKD, kg m~?), soil organic carbon content (SOC, g
kg™1), total nitrogen content (TN, g kg~ 1), total phosphorus content (TP, g kg~ 1), total potassium
content (TK, g kgfl), and pH at 0-10 cm and 10-20 cm (n = 330); Table S7: Source data used for
model construction and supplementary reproducibility analysis; Table S8: Moran’s I diagnostics for
observed validation soil properties and model residuals; Table S9: Model-level summary of residual
Moran’s I values across the nine algorithms; Table S10: Target-level validation R? before and after
adding elevation as an additional covariate; Table S11: Model-level validation R? before and after
adding elevation as an additional covariate; Code S1: R code for documenting the original model
parameter-setting procedures; Code S2: R code for Moran’s I spatial autocorrelation diagnostics of
observed validation values and model residuals; Code S3a: R code for running the elevation-added
sensitivity analysis; Code S3b: R code for recalculating validation R? using the same metric as the
original manuscript and generating the elevation sensitivity figures.
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