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ABSTRACT. Soil carbon isotopes (8'*C) provide reliable insights for studying soil carbon turnover at a long-term scale. The Tibetan
Plateau (TP), often referred as “the third pole of the earth”, is highly sensitive to global climate change, and exhibits an early warning
signal of global warming. Although many studies detected soil 8'°C variability at site scales, there is still a knowledge gap existing in
the spatial pattern of soil 'C across the TP. In this study, we compiled a database of 198 topsoil §'3C observations from published
literatures and used a modified multi-layer perceptron (MLP) neural network algorithm to predict the spatial pattern of topsoil §'*C and
S (indicating the decomposition rate of soil organic carbon (SOC), calculated as §'3C divided by logarithmically converted SOC) at 500
m resolution. Results showed that MLP model effectively predicted topsoil 8'*C with a model efficiency of 0.72 and a root mean square
error of 1.16%o. Topsoil 8'*C varied significantly across different ecosystem types (p < 0.001) with a mean §'3C of —25.89 + 1.15%o
(mean =standard deviation) for forests, —24.91 + 1.03%o for shrublands, —22.95 + 1.44%. for grasslands, and —18.88 + 2.37%o for deserts.
Furthermore, there was an increasing trend of predicted §'*C from the southeastern to the northwestern TP, likely linked to vegetation
type and climatic conditions. f values were low in the eastern TP and higher in the northern and northwestern TP, indicating faster SOC
turnover rate in the east TP compared to the north and northwest. This study represents the first effort to develop a fine resolution product
of topsoil §'*C and S across the TP, which could provide an independent, data-driven benchmark for biogeochemical cycling models to
study SOC turnover and terrestrial carbon-climate feedback over the TP under climate change.

Keywords: soil §'3C, spatial variability, multi-layer perceptron neural network, soil carbon turnover, Tibetan Plateau, biogeochemical
cycles

1. Introduction

Soil organic carbon (SOC) is the largest carbon pool in ter-
restrial ecosystems, containing about 1500 Pg C (1 Pg C = 10%°
grams of carbon) within the first meter, which is two-fold high-
er than that of the atmosphere (Bateni et al., 2014; Scharlemann
et al., 2014). Due to the decomposition of SOC, an amount of
57.2 Pg C was released from the soil to the atmosphere (Tang
etal., 2020). Thus, a small change in SOC can have a profound
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impact on the atmospheric CO; (carbon dioxide) concentrations
and consequently climate change (K&hy et al., 2015). Detect-
ing statistically significant changes in SOC pool over a short
time is challenging (Groenigen et al., 2014). Therefore, under-
standing SOC dynamics is crucial for assessing ecosystem car-
bon balance and its feedback to climate change (Campbell et
al., 2009;Wang et al., 2012; Averill et al., 2014).

Carbon isotopes (5*3C) in SOC provide reliable insights
for studying long-term soil carbon turnover (Khan et al., 2008;
Blagodatskaya et al., 2011; Acton et al., 2013; Li et al., 2020).
As the majority of SOC originates from plant residues, soil
S13C reflects vegetation-related soil formation and dynamics
(Ehleringer et al., 2000). Previous studies have mainly focused
on the spatial variability of soil 5*°C at in-site scales (Lu et al.,
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2004; Wang et al., 2012; Acton et al., 2013). For example, it is
widely observed that soil 5'°C values increase with increase-
ing soil depth and decreasing SOC (Wang et al., 2012; Brunn
et al., 2014; Gautam et al., 2017; Wang et al., 2017). Mean-
while, climate, edaphic variables, and their combinations have
a vital influence on the spatial variability of soil §**C (Garten
etal., 2000). However, modeling the spatial patterns of §'3C us-
ing field observations has not been observed. Recent studies high-
lighted the importance of understanding soil §*3C variability at
a regional scale for insights into soil carbon dynamics and cli-
mate change feedback (Rao et al., 2017; Zhao et al., 2019; Li
etal., 2020). Therefore, there is an urgent need for a high-preci-
sion, high-resolution, and large-scale §**C estimation method
to comprehensively understand the spatial patterns of SOC.

Previous studies have identified a negative linear correla-
tion between the log-transformed SOC concentration and soil
313C (Garten et al., 2006; Acton et al., 2013). The slope of the
linear regression of soil §*3C on log-transformed organic car-
bon concentration is defined as 3, a proxy of SOC decomposi-
tion (Garten, 2006). A more negative slope indicates a larger de-
crease in B and a faster turnover rate (Campbell et al., 2009).
This method has been widely used to study SOC turnover across
forest, grassland, and meadow ecosystems (Peri et al., 2012; Gau-
tam et al., 2017; Zhao et al., 2019; Zhou et al., 2019). Acton et
al. (2013) Noted that g is applicable to well-drained soils charac-
terized by a gradual mixing of litter and root carbon inputs de-
composing in the soil profile. Furthermore, empirical studies
have highlighted the significance of temperature, precipitation,
and soil properties in driving g (Wynn et al., 2006). However,
these factors exhibit substantial variability across climate zones
and biomes, suggesting a strong spatial pattern of 5. Therefore,
understanding the spatial patterns of g is crucial for studying
SOC turnover time and its sensitivity to climate. Yet, the extent
to which g values can rates and controls on SOC turnover re-
mains underexplored at regional scales, particularly for the TP.

Soil §*3C is a crucial indicator of SOC dynamics. It has been
mostly observed at the sample scale (Julian Martinon-Martinez
etal., 2011; Bogino et al., 2014; Carvalho et al., 2017). The com-
monly used methods to calculate soil §'3C can be divided into
two categories: natural marker methods and artificial marker
methods (Liu et al., 2008). These methods are known for their
high accuracy but suffer from high labor cost and limited spa-
tial data extrapolation (Sun et al., 2021). As a result, the spatial
patterns and turnover characteristics of SOC based on soil §°C
at regional scale remain unclear, especially in the sensitive TP
region. In regional-scale simulations, carbon cycle models includ-
ing Century model (Parton et al., 1987), Community land mod-
el (Lawrence et al., 2019), Terrestrial ecosystem model (Liang
et al., 2018), and Michaelis-Menten necromass decomposition
model (Fan etal., 2021) are key tools in predicting SOC respons-
es to future climate change. However, there are significant un-
certainties in simulating and predicting SOC cycle using numer-
ous Earth system models. These uncertainties arise from chal-
lenges in quantifying crucial parameters and the inherent com-
plexity of the models (Shi et al., 2018; Zhou et al., 2022). Re-
cently, machine learning approaches, notably MLP (Jin et al.,
1997), have gained popularity in the fields of ecology and Earth

sciences. In particular, these approaches have been useful in
leveraging variables to establish relationships between target
variables and predictive variables (Mattei et al., 2020; Tang et
al., 2020; Singhal et al., 2021). Data-driven MLP models have
fewer parameters and are more easily accessible (Yang et al.,
2023). Thus, the increasing availability of field observations,
combined with the advancements in deep learning models, pro-
vides an excellent opportunity to narrow the knowledge gap for
the evaluation of spatial variability in soil 5°C and .

The TP is the world largest and highest plateau with an av-
erage elevation of more than 4000 m above sea level and co-
vers about 2.5 x10° km? (Lu et al., 2004). Soils in the TP store
about 4.4 Pg C within 30 cm (Yang et al., 2009), accounting for
12.4 % of total SOC in China’s grasslands (Fang et al., 2010). In
the last few decades, surface air temperature in the TP has in-
creased by 0.44 °C per decade, which was almost three times the
world average (0.16 °C per decade) (Duan et al., 2015). Site-lev-
el studies found that the decomposition rate of SOC accelerates
with temperature increase, resulting in the release of stored car-
bon from the soil into the atmosphere (Chang et al., 2012; Dong
etal., 2018; Li et al., 2019). However, regional estimates of the
sensitivity of SOC decomposition in the TP are still missing,
and knowledge gaps still exist in the spatial patterns of soil 5°C,
SOC turnover () and their driving mechanisms. Therefore, it is
crucial to have a comprehensive understanding of SOC turnover
and the dynamic mechanisms that influence SOC in order to
accurately assess SOC dynamics in high altitude areas.

In this study, we first compiled a database of topsoil 5°C
obtained from published literature based on field observations
from the TP. We then applied an MLP neural network algo-
rithm to predict the spatial patterns of topsoil §*C by linking
environment variables. The objectives of this study are to: (1)
compare the 8'3C across different ecosystems; (2) model the
spatial variability of topsoil 8°*C and p; (3) explore their driv-
ing mechanisms over the TP.

2. Material and Methods

2.1. Data Sources

The topsoil (0 ~ 3 cm) 6'°C dataset primarily originates from
the study by Lu et al. (2004), which contained 198 field obser-
vations (Figure 1). These field observations were collected along
different elevation gradients at approximately 50 ~ 70 km sam-
pling intervals, and leaves, roots, and litter were removed before
sampling (Lu et al., 2004). All observations were dried at 60 °C
and grounded to less than 250 mm, and then pretreatment experi-
ments to remove carbonates. Subsequently, topsoil 5**C was mea-
sured for carbon isotope ratios using an NC2500 (EAIRMS)
mass spectrometer. Lu et al. (2004) indicated less than with an over-
all analytical accuracy of 0.1%o. Furthermore, 28 duplicate sam-
ples from different soil sediments were repeatedly analyzed with
an average deviation of 0.23%o, which indicated that the dataset
was reliable and stable. Finally, the database included 16 obser-
vations from deserts, 23 observations from forests, 130 observa-
tions from grasslands, and 29 observations from shrublands. More
comprehensive information, such as data coordinates and sources,
was included in the C13_3cm.csv file under Data availability.
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Figure 1. The distributions of the study sites.

2.2. Environmental Variables

Topsoil §*3C is affected by multiple environmental factors.
To investigate the spatial patterns of 5'°C, the spatial grid of en-
vironmental variables was required. The environmental variables
included: mean annual 2 m dewpoint and mean annual skin tem-
perature (MAT), mean annual surface pressure (SP), annual to-
tal evaporation (ET), and annual total precipitation (MAP) with
a spatial resolution of 11,132 m from ERA5-Land monthly av-
eraged data (Mufbz Sabater, 2019). Moderate-resolution Imag-
ing Spectroradiometer (MODIS) products were obtained from
https://Ipdaac.usgs.gov, including normalized difference vege-
tation index (NDV1) and enhanced vegetation index (EVI) with
a spatial resolution of 250 m (Didan, 2021), leaf area index (LAI)
(Myneni et al., 2021), fraction of photosynthetically active ra-
diation (FPAR) (Myneni et al., 2021), and land cover type (LC)
(Friedl et al., 2022) with a spatial resolution of 500 m, and land
surface temperature (LST) with a spatial resolution of 1000 m
(Wan et al., 2021). Gross primary productivity (GPP), vegeta-
tion transpiration (EC), soil evaporation (ES) and interception
from vegetation canopy (EI) were obtained from PML V2 0.1.7,
with a spatial resolution of 500 m (Zhang et al., 2019). Soil
variables (e.g., soil organic content (SOC) and soil clay content
(CLAY)) were obtained from the SoilGrids database with spa-
tial resolution of 250 m (Hengl et al., 2017). Elevation data (dig-
ital elevation map; DEM) were obtained from Yamazaki et al.
(2017) with a spatial resolution of 90 m. Soil water content
(SWC) at 10 cm depth was obtained from Hengl et al., (2019)
with a spatial resolution of 500 m. These variables were down-
loaded using the Google Earth Engine plat form Gorelick et al.
(2017). Due to the limitations of data availability, the download
date for some variables, such as LC, NDVI, LST, and others,
corresponds to the latest available year. If the predicting vari-
ables were not in a spatial resolution of 500 m, these variables
were resampled to 500 m using the bilinear interpolation ap-
proach. Furthermore, the full names of all abbreviations used in
this paper are presented in Table 1.
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2.3. Data Analysis

One-way analysis of variance (ANOVA) was performed to
analyze the significant difference of soil 5!°C in forests, shrub-
lands, grasslands, and deserts. When significance was observed
at the p < 0.05 level, we applied the Tukey-HSD (honestly sig-
nificant difference) for multiple comparisons. The Tukey-HSD
is a post-hoc test based on the studentized range distribution that
determines which specific groups’ means are different by com-
paring all possible pairs of means (Bretz et al., 2010). The cor-
relation analysis was conducted to explore the relationships be-
tween topsoil §*3C and climate, vegetations, and soil factors.

The g values, which reflect the sensitivity of SOC decom-
position (Garten, 2006), were obtained using a standard least-
squares regression analysis between the log10-transformed SOC
concentration and §*3C:

8"Cgoc = B x log(SOC) + «a 1)

Where §Csoc is the §'°C in SOC, p is the regression coeffi-
cient, and « is a constant number, which was obtained using a stan-
dard-least squares regression analysis between the log10 trans-
formed SOC concentration and soil §*3C from gathering dataset
(Figure S1). In current study, the SOC within 0 ~ 5 cm from Soil-
Grids was used (Hengl et al., 2017). All the analyses were con-
ducted in R 4.2.1 (R Core Team, 2022).

2.4. Spatial Modeling
2.4.1. Feature Selection

In order to improve the model efficiency and reduce the
workload, an Explanatory Model Analysis (EMA) algorithm
was used for variable selection (Lipovetsky, 2022). This algo-
rithm assesses the loss of Root Mean Square Error (RMSE) to
measure how a model’s performance would change if the effect
of one variable is removed. We repeated the process ten times
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using ten permutations to compute the mean values of RMSE
loss, treating it as one variable importance. For this purpose,
we used the DALEX R package. The EMA algorithm combines
recursive methods to select features, starting with all input var-
iables participating in MLP modeling based on their importance
ranking. It then gradually removes the least important indica-
tors from the current feature set, creating a new MLP with the
reduced feature set. This process repeats until best features re-
mained. Finally, based on this approach, we selected MAP, MAT,
LST, El, ET, SWC, and OCS to predict soil §**C. The relative im-
portance evaluation of all the variables is shown in Figure S2.

Table 1. Full Name for All Abbreviations

Abbrevia-

tions Full Name Unit
TP The Tibetan Plateau -
SOoC Soil Organic Carbon PgC
Carbon Isotopes of Soil
§hC Organic Carbrz)n %o
)] The Decomposition Rate of i
Soil Organic Carbon (SOC)
MAT Annual Skin Temperature <T
SP Annual Surface Pressure Pa
ET Evaporation mm
MAP Precipitation mm
Normalized Difference
NDVI Vegetation Index i
EVI Enhanced Vegetation Index -
LAI Leaf Area Index %
Fraction of
FPAR Photosynthetically Active %
Radiation
LC Land Cover Type -
LST Land Surface Temperature <
GPP Gross Primary Productivity g Cm2d?
EC Vegetation mm
ES Soil Evaporation mm
El Interception From Vegetation mm
Canopy
CLAY Soil Clay Content g kg
OCs Soil Organic Carbon Stock that
CEC Cation-Exchange Capacity mmol(c) kg
SILT Silt Content g kg
CFVO Coarse Fragments Volumetric  c¢m?® dm
SAND Soil Sand Content g kg
BDOD Soil Bulk Density cgcm?®
DEM Digital Elevation Map m
SWC Soil Water Content At 10 cm %
Depth
MLP The Multi-Layer Perceptron
Neural Network
ANOVA One_-Way Analysis of )
Variance
Honestly Significant
Tukey-HSD Differer?/ce ’ i
The Explanatory Model
EMA Analysig Algor?t/hm
RMSE Root Mean Square Error -

2.4.2. Modeling

MLP, known as a deep feedforward network, is a basic
deep learning network structure with very good nonlinear map-
ping capabilities, high parallelism, and global optimization (Le-
Cun et al., 2015; Gomez-Fernandez et al., 2021). For example,
Jaber et al. (2011) demonstrated the potential of the deep feed-
forward network for total SOC pools in various ecosystem or
soil types using remote sensing data. Kuang et al. (2015) demon-
strated that neural networks outperform traditional partial least
squares regression (PLSR) in the estimation of soil organic car-
bon (SOC), showing improved model efficiency and better spa-
tial performance. Thus, MLP was chosen to model the spatial
patterns of soil §*3C. However, its efficiency is relatively low
in high-dimensional space, which may lead to overfitting in mod-
el training. To overcome these problems, our study used a mod-
ified MLP neural network model, incorporating 10-fold cross-
validation and EMA algorithm (Bodesheim et al., 2018; Jian et
al., 2018; Tang et al., 2020). This modified model boasts a sim-
ple structure, a limited number of input variables, and easy in-
terpretation.

The MLP model in this study consists of one input layer,
two hidden layers, and one output layer. The number of neu-
rons in the input layer is determined based on the number of
input variables. The first hidden layer contains 140 neurons,
and the number of neurons in the second hidden layer is set to
40, while 40% of the hidden layer neurons are randomly drop
during the training process to prevent overfitting of the model.
The output layer contains only one neuron as the output of the
regression prediction result. MLP models have two important
custom parameters, Epoch (Number of model iterations) and
Batch size (Number of samples selected for one training ses-
sion). The optimal Epoch was chosen based on the minimum
mean absolute error (mae) calculated from 10-fold cross-vali-
dation MLP over 300 iterations with the Batch size setto 7. The
MLP model was trained by keras_model in the tensorflow pack-
age (version 2.90) in R.

To train the model and evaluate the performance of MLP,
a 10-fold cross-validation was applied, which can avoid the con-
straints and peculiarities of fixed partition data sets, and this ad-
vantage is particularly visible on small-scale data sets (Singh et
al., 2011). This involved stratifying the dataset into ten parts,
each containing approximately an equal number of samples. The
target values for each of these ten parts had predicted using a
model trained on the remaining nine parts (Jung et al., 2011;
Tang et al., 2019, 2020). The model efficiency (R?) and RMSE
were used for model evaluation (Yao et al., 2018; Tang et al.,
2020; Zhou et al., 2023). The specific implementation steps were
as follows: 1) The training dataset was constructed by extract-
ing the environmental factor values from the location informa-
tion of the site field observations of soil *3C; 2) The model pa-
rameters were set, and the MLP model frame-work was con-
structed; 3) the degree of contribution of environmental factors
to soil 3°C, i.e., variable importance, was determined and ranked
using the EMA algorithm based on the constructed MLP model
framework. The resulting dataset was then used as the input da-
ta for the model; 4) the training data set was split using the 10-
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fold cross-validation method to generate ten distinct data sub-
sets, each containing a validation set and a training set. These sub-
sets were then input to the MLP model for 300 iterations. On
this basis, the model with the best performance was determined,
and its efficiency was evaluated; 5) The optimal model was used
to predict soil §*3C with a spatial resolution of 500 m, combin-
ing spatial variables factors.

3. Results

3.1. Soil 8'°C across Different Ecosystems

Large variabilities of topsoil 5'*C values were observed
across different ecosystem types (Figure 2 and Table S1). Top-
soil 513C ranged from —28.57%o in forests to —15.08%o in deserts,
with a mean §3C of —23.25 £ 2.22%o. In terms of ecosystem
types, topsoil 3'°C varied significantly (Figure 2, p < 0.001).
The highest §3C was —18.88 =+ 2.37%o in deserts, followed by
grasslands (—22.95 + 1.44%o), and shrublands (-24.91 + 1.03%o),
with forests having the lowest §*3C value (-25.89 + 1.15%o,
Table S1). No significant difference in soil §'*C was observed
between forests and shrublands. Additionally, great variability
was observed within the same ecosystem type. For example,
topsoil 8'*C varied from —28.57%o to —18.54%o in grassland.
The topsoil §*°C of different ecosystems exhibited an increas-
ing trend from forest to desert in the TP indicating that the top-
soil was more enriched in soil 3'*C in desert, in the western re-
gions. In contrast, the eastern regions, where the climate is rel-
atively mild in forest, exhibited the lowest §'°*C content in the
surface soil. Furthermore, we observed significant variability,
with the highest values recorded within the desert ecosystems.
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Figure 2. Boxplot of topsoil 5'3C across different ecosystem
types. The blue dots represent the mean §'°C. The boxplot
shows the median (line), first and third quartiles (box bounds),
1.5 times the interquartile (whiskers) and outliers (values out-
side of whisker limits) for each ecosystem type. Different
low- ercase letters (a, b, and c) indicate significantly different
ratios at p < 0.05 using one-way analysis of variance
(ANOVA) and Tukey-HSD test for multiple comparisons.
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3.2. Relationships between Soil §*3C and Environmental
Factors

Significant positive correlations were found between soil
813C and land surface temperature, soil evaporation, landcover,
and soil bulk density. Conversely, significant negative correla-
tions were observed between soil 5*C and mean annual precip-
itation, mean annual 2 m dewpoint temperature, soil organic
carbon stock, soil water content at 10 cm, cation-exchange ca-
pacity, interception from vegetation canopy, and vegetation tran-
spiration (Figure 3, all ps < 0.05). Additionally, interception from
vegetation canopy, soil organic carbon stock, and cation-exchange
capacity was identified as important variables, showing signifi-
cant correlations with other climate and soil variables (all ps <
0.05). On the contrary, some variables were found to be less im-
portant, showing insignificant correlations with soil silt, soil clay,
soil sand, bulk density, and evaporation.

SWC
MATp
MATS
CLAY
CFVO
EG

Lc
SAND
BDOD

3 = 2
o = g 8

ST

g 5 5 &
c13

swe
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MAP r0.6
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ET X
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ES X Mo X L _0.2
CEC X »
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EC 8| 3 Xo X r=0.6
LC e o X b

SAND ¢ X pad s

BDOD X b4 X X
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Figure 3. Pearson correlation coefficient between soil 5'C
and environmental factors. The numbers marked by ‘x’
indicate insignificance at the level of p < 0.05. C13: soil §*C
(%0); MAT: mean annual 2 m dewpoint temperature (°C);
MAP: mean annual precipitation (mm); ET: annual
evapotranspiration (mm); El: interception from vegetation
canopy (mm); ES: soil evaporation (mm); EC: vegetation
transpiration (mm); LC: landcover; LST: land surface
temperature (°C); SWC: 10 cm depth of soil water content
(%); OCS: soil organic carbon stock (t ha?); CLAY: soil clay
content (g kg); CEC: cation-exchange capacity (mmol(c) kg
1; SILT: silt content (g kg); CFVO: coarse fragments
volumetric (cm® dm®); SAND: soil sand content (g kg™);
BDOD: soil bulk density (cg cm). The color bar represented
different correlation ranges with different colors, the
correlation range was standardized from -1 to 1.

3.3. Spatial Patterns of Topsoil 5**C and g across the TP
Based on the 10-fold cross-validation, R? and RMSE were

r 0.8

r0.2
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0.72 and 1.16%., respectively, indicating that MLP had the po-
tential to capture the spatial pattern of soil 3°C (Figure 4). The
modelled soil 5*3C showed great spatial variation across the TP,
with the highest soil 5'3C values observed in the western region
and the lowest values found in Southeastern region and Tsaidam
Basin (Figure 5). Across the TP, soil §*°C ranged from —32%o
t0 —15.46%o, with a mean value of —23.35%o.

Predicted S showed strong spatial variabilities across the
TP (Figure 6). The highest 4 values were found in middle east
region with £ values close to 0, while the lowest values were
observed in the southern TP and Tsaidam Basin, with S lower
than —3. Mean 8 was —1.81 across the TP.

4. Discussion

4.1. Soil '°C across Ecosystem Types

Significant differences in topsoil 5'3C were observed across
ecosystems, with an increasing trend from forests (—25.2%o) to
shrublands (—24.4%o), grasslands (—23.3%o), and deserts (—23%o)
(Table S1). This resultis in line with a previous study, which found
atopsoil 31*C (0 ~ 10 cm) of —25.25%o for forests, —24.71%. for
meadows, and —23.65%. for steppes (Wang et al., 2012). These
differences were primarily due to the climate variations from south-
east to northwest of the TP, which were important variables con-
trolling soil 5C and vegetation distribution and water use effi-
ciency (more details in discussion 4.2). Besides, topsoil $*°C var-
ied greatly was shown within the same ecosystem, such as grass-
lands and desert, which was associated to the wide distribution
of observations within the same vegetation type across the TP.
Meanwhile, the original observational data categorized vegeta-
tion types into four major classes, and this study did not further
divide them sub-ecosystem types (Figure 1). The importance
analysis results had indicated that soil moisture and precipita-
tion were the most important environmental factors (Figure 3).
However, there were obvious differences in climate, vegetation,
and soil environmental factors among same ecosystem from
southeast to northwest of the TP, resulting in large variations
soil 5t*C within the same ecological type.
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Figure 4. Correlations between observed and predicted soil 53C
from MLP by 10-fold cross-validation. The green line repre-
sents the 1:1 line.

4.2. Spatial Variation of Soil 5*C across the TP

We found a great spatial pattern in soil §*3C, with an in-
creasing trend from the southeastern to the northwestern TP.
Such spatial patterns may be primarily associated with vegeta-
tion types (Wang et al., 2012), because we found that vegeta-
tion type was the most important factor in predicting soil §°C
(Figure S2). Plant litter was the primary source of soil organic
matter, exhibiting significant variation across ecosystem types.
Therefore, the substantial variations in leaf 5*3C among distinct
vegetation types can exert a noteworthy influence on soil §**C
(Wang et al., 2012; Yang et al., 2015). Plant species growing
in dry habitats generally have higher leaf §*3C values (Wang et
al., 2012). For example, in the high-altitude regions of the Ti-
betan Plateau, C,4 plants, which initially synthesize compounds
containing four carbon atoms (such as malic acid or aspartate)
when absorbing carbon dioxide from the air, exhibiting remark-
able resilience to severe drought conditions. These C,4 plants dis-
play significantly higher leaf §*3C values in comparison to Cs
plants, which utilize a different photosynthetic pathway involv-
ing the three-carbon compound 3-phosphoglyceric acid (Wang
et al., 2004). Meanwhile, the degree of carbon isotope fractio-
nation during the conversion of soil organic matter from dif-
ferent regions and plant residues varied, ranging from 0.5%o to
2%o (Cao et al., 2005). The southeastern TP is predominantly
characterized by forests, whereas the northwestern TP is main-
ly composed of deserts and grasslands (Wang et al., 2012). Con-
sequently, this stark contrast could potentially result in higher
soil 8'°C in the northwestern TP, while the southeastern TP
may exhibit lower soil §'°C (Figure 4). Therefore, through the
measurement of carbon isotope ratios across different vegeta-
tion types, we were able to accurately quantify and compare the
distribution patterns and sources of carbon among different types
of vegetation.

Besides vegetation types, climate factors also played a cru-
cial role in influencing the spatial variation of soil 5*C (Rao et
al., 2012; Wang et al., 2013; Zhao et al., 2017). Our results
revealed a notable negative correlation between soil §'°C and
temperature (Figure 3), indicating that temperature can exert a
significant influence on soil 5*°C. These results align with Rao
et al. (2017) and Zhang et al. (2020), which similarly reported
a decrease in soil 33C with increasing temperature. However,
our results diverged from those reported by Wang et al. (2012)
and Brunn et al. (2014), who observed a positive correlation be-
tween soil 3!°C and temperature. This contrasting results sug-
gest that the relationship between temperature and soil 5*°C is
complex (Rao et al., 2017). First, the temperature can affect soil
313C by changing vegetation and microbial 5'*C. For example,
temperature can affect the relative abundance of C; and C, plants
(Tieszen et al., 1997). Generally, a relatively higher abundance
of C, plants distribution is found in areas with high temperature
and low precipitation (Zhang et al., 2003). Second, temperature
can also affect carbon isotope by modulating the water-use effi-
ciency in plants (Zhao et al., 2017). Increasing temperature increas-
es leaf transpiration (Moore et al., 2021), which can potentially
cause water deficit in plants (Wu et al., 2018). Water deficits,
may lower either stomatal conductance or stomatal density in
the dry TP, resulting in higher water-use efficiency and positive
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Figure 5. Spatial distributions of soil 5*3C across the Tibetan Plateau.

leaf 51°C values in plants (Song et al., 2021; Laffitte et al., 2022).
Third, temperature could also affect soil §*3C by regulating lit-
ter decomposition rate and ecosystem respiration. Generally, high
temperature lead to high litter decom-position and ecosystem res-
piration (Kato et al., 2004; Cai et al., 2021), resulting in enriched
soil 8'3C. Fourth, temperature can also affect soil §'°C by chang-
ing the isotopic fractionation during the microbial decompose-
tion (Garten, 2006). Based on the microbial substrate utilizing
preference hypothesis (Natelhoffer et al., 1988), microbes tend
to use lighter 2C during decomposition. Most of the lighter 12C
is emitted into the atmosphere through microbial respiration (Qu
et al., 2022), and microbial residues contribute significantly, ac-
counting for 45.5% of SOC in grasslands (He et al., 2021). This
contribution enriches soil *C. Consequently, the relationships
between soil §'*C and temperature can be attributed to changes
in vegetation composition, vegetation water-use efficiency, ecosys-
tem respiration, and litter decomposition with its microbial char-
acteristics.

Precipitation is another important factor influencing soil
313C and soil 813C decreases with increasing precipitation (Fig-
ure 3). This finding is consistent with previous studies (Murphy
et al., 2009; Zhao et al., 2019). The mechanisms of the impact
of precipitation on soil '3C have been well elucidated. First,
when water is scarce, plants close their stomata to conserve wa-
ter, a process known as reduced transpiration (Farquhar et al.,
1989), leading to an increase in soil 8'*C. Second, the TP has
undergone a significant increase in precipitation over the past
several decades. This increases likely enhanced microbial bio-
diversity, quantity, and activity (Papatheodorou et al., 2004), re-
sulting in an accelerated decomposition rate of *2C to a certain
degree, and an enrichment of soil §'3C (Li et al., 2020). Howev-
er, it should be noted that although precipitation increased in
the TP, some regions still suffered from a lack of precipitation,
particularly in its northwestern part. Therefore, the northwest-
ern TP exhibited higher soil 3'3C compared to other regions with-
in the TP (Figure 4).
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Soil factors also importantly control soil §*C by altering
plant type, microbial activity, matrix quality, and effectiveness,
particularly in the TP cold and dry area (Wynn et al., 2006; Xu
etal., 2016; Zhou et al., 2022). In this study, we found a nega-
tive correlation between soil 3*C and SOC (Figure S1), which
is consistent with previous studies (Yang et al., 2015; Wang et
al., 2018). Volk et al. (2018) Proposed that the preferential sub-
strate use of 5'2C and the Kinetic fractionation of the heavier
13C during decomposition processes contribute to the emergence
of this phenomenon. Previous studies have also indicated that
soil texture could affect soil §*C. This could be attributed to
the reduction in particle size associated with soil texture, which
leads to the allocation of carbon enriched in soil 5**C to micro-
bial biomass. Subsequently, this carbon can be stabilized through
interactions with fine mineral phases in the soil (Sollins et al.,
2009; Kleber et al., 2011). However, we did not find significant
correlations between soil §'*C and soil texture (Figure 3). Such
finding may be attributed to potential discrepancies between the
datasets used and the spatial mismatch between observations
and the extracted environmental variables, which were obtained
at a spatial resolution of 500 m (see method section). Specially,
the soil silt was found to be less important compared to other vari-
ables due to fast change in climate variables in the TP, while the
soil texture remained more stable in a short term (Yang et al.,
2017). Notably, the TP is known to face relatively serious phos-
phorus limitation (Li et al., 2022). Hence, the combination of
higher temperatures and insufficient precipitation increases the
demand for rhizosphere microorganisms in transforming organ-
ic matter to obtain nutrients, thereby intensifying soil processes
(Zheng et al., 2022). Therefore, the large variability of topsoil
313C across the TP was closely associated to vegetation type,
climate and soil, which has an important implication to SOC
dynamics and highlighted complex environmental controls on
SOC. These complex processes should be further incorporated
the biogeochemical models to modeling regional or global SOC
dynamics because the majority of the interaction effects of soil,
vegetation and climate on SOC dynamics are largely simplified.
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Figure 6. Spatial distributions of soil # across the TP.

4.3. Spatial Pattern of g

Soil carbon turnover is a major determinant of the capacity
of soil carbon sequestration (Luo et al., 2003), and a decrease
in carbon turnover can sequestrate SOC without an increase in
carbon input (Jastrow et al., 2006). Because it is difficult to de-
tect changes in SOC stocks over short periods due to the large
pool size and huge spatial heterogeneity (Van Groenigen et al.,
2014), the predicted g across the TP could provide a reliable
method to evaluate the SOC turnover rate over a large spatial
scale (Brunn, et al., 2014; Gautam et al., 2017). Therefore, un-
derstanding the spatial variation of the § values is particularly
important.

The f values reflect the turnover rate of SOC in response
to microbial activities. The more negative the 4 values, the faster
the turnover of SOC (Acton et al., 2013; Zhao et al., 2019). The
average S value in our study was —1.81, which lied the range of
-1.77 to —2.87 (mean value of —2.31) from field observations
across the TP reported by (Li et al., 2020). Numerous studies
have compared /5 values across different ecosystem types through-
out the TP and have proposed that S serves as a valuable proxy
for comprehending generalized patterns of SOC turnover and
the underlying factors governing soil metabolism (Wang et al.,
2018). The predicted B showed a substantial spatial variability
across the TP, indicating a pronounced variation in soil carbon
turnover. This variability can be attributed to climatic variables,
with temperature and precipitation being key factors influenc-
ing SOC turnover (Wang et al., 2017; Li, et al., 2020). General-
ly, higher temperatures and precipitation have a positive impact
on vegetation development, resulting in an augmentation of bi-
ological sources of SOC (K&gel-Knabner, 2017; Deng et al., 2022).
Additionally, these climatic conditions enhance microbial biomass
and enzyme activity (Conant et al., 2011), further contributing
to SOC dynamics. The lowest g values, below —4, were ob-
served in the southern TP, suggesting a faster SOC turnover com-
pared to other regions of the TP. This finding may be related
with the higher abundance of precipitation and elevated tem-

peratures in the southern TP (Figures S3 and S4), which are
known to significantly enhance microbial activities involved in
SOC decomposition (Collins et al., 2008). Our result is consis-
tent with a previous study that demonstrated an increase in SOC
turnover that SOC turnover with rising temperature and preci-
pitation on a global scale (Wang et al., 2018).

In addition to climate, soil properties played a significant
role in determining SOC turnover. A previous study indicated
that 8 values were generally negatively correlated with sand con-
tent and positively correlated with clay content in the TP (Li et
al., 2020). Our results are in line with this study. Specifically,
we found higher g values in the northwestern TP, characterized
by low soil sand content and high soil clay content (Figures S5
and S6). Soil texture properties have well-established effects
on SOC turnover by influencing soil water-holding capacity,
water movement, and gas diffusion (Luo et al., 2006; Kaiser et
al., 2015; Xu et al., 2016). Meanwhile, soil pH can also influ-
ence SOC turnover through its impact on microbial community,
enzyme activity, and substrate availability (Priha et al., 2001).
Therefore, understanding the dominant environmental factors
driving £ values can enhanced our ability to predict spatial pat-
terns of SOC turnover and provided insights into the potential
response of SOC to future climate changes.

4.4, Limitations

In this study, we employed a modified MLP model me-
thod to predict the spatial patterns of topsoil §*C and g in the
TP, based on field observations. However, we noted several lim-
itations to consider. First, the MLP algorithm builds a model
based on the training dataset, which is often limited by data in
terms of quantity, quality, and representativeness. Uneven data
distribution has long been recognized as a significant issue in
numerous ecological studies worldwide, e.g., Jung et al. (2011)
and Xu et al. (2016). The field observations of topsoil 5°C were
mainly concentrated in the eastern and northern TP, while there
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was a lack of topsoil §3C field observations in the western and
northwestern TP. Therefore, the uneven coverage of observa-
tions was an important source of uncertainty in predicting top-
soil $*3C, which could cause biases in the MLP model towards
the areas with more observations. Enhancing the number of field
observations in the eastern and northern TP could improve the
capability to assess the spatial patterns of topsoil 3*3C across
the TP. Second, our dataset was limited to the topsoil within the
range of 0 ~ 3 cm, which constrained the model availability in
topsoil, while it could not capture carbon sequestration capabil-
ity in subsoil. It is widely accepted that the topsoil contains high-
er carbon content and exhibits greater sensitivity to environmen-
tal changes compared to subsoils. Therefore, modeling approach-
es for deeper soils would enhance our understanding of soil car-
bon dynamics and provide valuable insights into the response
of soil carbon to subsoils. Third, focusing on topsoil is another
limitation in current study. Luo et al. (2019) indicated that sub-
soil SOC storage was twice that of the topsoil. Therefore, fur-
ther studies focus on subsoil should be conducted to order to
have a comprehensive understanding of subsoil SOC dynamics
and turnover time.

5. Conclusions

In this study, we employed modified MLP model to pre-
dict the spatial patterns and the drivers of topsoil §**C and 4 at
a high spatial resolution of 500 m in the TP based on field ob-
servations and environmental factors, including vegetation, cli-
mate, and soil. Key findings revealed spatial heterogeneity, with
notable differences between the southeastern and northwestern
regions in terms of topsoil 5*3C and . Higher turnover rates of
SOC accelerated the carbon cycling process and reduced the
abundance of topsoil §*3C. Meanwhile, vegetation played a cru-
cial role in influencing carbon cycling, with temperature and pre-
cipitation emerging as important drivers. In addition, we found
that the MLP model, based on 10-fold cross validation, demon-
strated its ability to extrapolate data from a point scale to a re-
gional or global scale, providing a feasible approach for under-
standing carbon cycling processes in the TP amidst ongoing cli-
mate change. In conclusion, these findings contribute to a broad-
er understanding of the dynamics of the carbon cycle in the TP
and have practical implications for assessing the impact of cli-
mate change on SOC distribution and sequestration in this eco-
logically significant region.
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