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ABSTRACT
The Qinghai-Tibet Plateau (QTP), often referred as Earth's “Third Pole,” is warming nearly twice the global average, potentially 
amplifying carbon–climate feedbacks to a greater extent than in most other regions. However, substantial uncertainties remain 
regarding the magnitude, spatial distribution, and environmental controls of the region's soil organic carbon (SOC) stocks. Here 
we compiled a comprehensive dataset of 2442 soil profiles across the QTP and integrated it with high-resolution (90 m) environ-
mental covariates to generate spatially explicit, depth-resolved SOC stock estimates using machine learning models. Independent 
validation using newly collected whole-profile SOC measurements (n = 53) demonstrated substantially improved predictive accu-
racy compared to existing global and regional mapping products (e.g., SoilGrids, HWSD, and WISE). Specifically, our estimates 
reached coefficients of determination (R2) of 0.63 and 0.49 for the 0–0.3 m topsoil and 0.3–1.0 m subsoil, respectively; while the 
existing mapping products only reached a R2 of 0.01–0.35 in the topsoil and 0.01–0.15 in the subsoil. Across the QTP, our results 
estimated a total SOC stock of 62.0 (95% confidence interval: 54.9–69.1) Pg C within the top 2 m of soil, with more than 60% stored 
below 0.3 m depth. This value is much larger than most of the existing estimates in the same region. Alpine meadows ecosys-
tems accounted for approximately 38% of the total SOC stock, primarily due to their extensive coverage, while swamp meadow 
ecosystems exhibited the highest SOC densities. Spatial uncertainty was highest in the sparsely sampled northwestern QTP. 
Contemporary climate and paleoclimate factors collectively contributed over 50% to the explained variance in SOC distribution 
across the soil profile, highlighting the dominant role of climatic factors on SOC spatial pattern. This spatially explicit, high-
resolution SOC mapping provides a baseline for constraining carbon–climate feedback assessments on the QTP and underscores 
the region's heightened vulnerability to ongoing climate warming.

1   |   Introduction

As an integral component of the terrestrial carbon cycle, soil or-
ganic carbon (SOC) plays a vital role in maintaining ecosystem 
productivity, regulating climate systems, and ensuring global 

food security (Schlesinger and Andrews  2000; Stockmann 
et al. 2015; Crowther et al. 2016). The spatial distribution and 
stability of SOC are governed by complex interactions among 
climatic, biotic, topographic, edaphic, and anthropogenic fac-
tors (Jenny 1941; Stockmann et al. 2015). Global environmental 
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change, particularly warming, threatens the stability of SOC 
pools globally (Schlesinger and Andrews  2000; Davidson and 
Janssens  2006; Zhang et  al.  2024), posing substantial risks to 
long-term ecosystem function and carbon-climate feedback 
processes. This risk is particularly pronounced in cold regions 
where, on the one hand, they store a vast amount of SOC. For 
example, permafrost-affected high-latitude and high-altitude 
regions have SOC amounts of about 1300–1700 Pg C (Tarnocai 
et al. 2009; Hugelius et al. 2014; Schuur et al. 2015), accounting 
for more than half of the total SOC amount in global terrestrial 
soils. On the other hand, SOC in cold regions is more sensitive 
to global warming as low temperature has acted as a dominant 
rate-limiting control on SOC turnover (von Lützow and Kögel-
Knabner 2009; Garcia-Palacios et al. 2024). An advanced under-
standing of SOC storage and dynamics in cold regions is vital for 
cold ecosystem management and for reliable prediction of global 
carbon cycle-climate feedbacks.

The Qinghai-Tibet Plateau (QTP), which is widely recognized 
as Earth's “Third Pole” (Mao et  al.  2022), represents a such 
cold region and the world's largest high-altitude alpine sys-
tem. Alpine soils often accumulate carbon over long times-
cales due to low temperatures and constrained decomposition. 
The plateau's grasslands, steppe meadows, and permafrost 
soils store substantial amounts of SOC and nutrients, and has 
been expected as a major component of the global SOC res-
ervoir (Yang et  al.  2008; Ding et  al.  2016; Liang et  al.  2019; 
Mu et al. 2020; Chen et al. 2024). Additionally, the QTP exerts 
a disproportionate influence on regional and global climate 
systems (Yang et al. 2020; Huang et al. 2023). The plateau is 
also a major cryospheric reservoir, hosting extensive glaciers, 
seasonal snow cover, and permafrost (Bolch et al. 2012; Zou 
et al. 2017; Yang et al. 2019; Kuttippurath et al. 2024). These 
components regulate surface energy balance, albedo, and hy-
drological timing. Together with grazing intensification and 
land use change, ongoing warming on the QTP—occurring 
two times faster than the global average (Slomp et  al.  2013; 
Mu et  al.  2020)—has cascading implications for carbon–cli-
mate feedbacks, including permafrost thaw, altered SOC sta-
bility, and changes in ecosystem services (Zhu et  al.  2019; 
Wang et  al.  2020; Wang, Lv, et  al.  2022; Fu et  al.  2025; Ren 
et  al.  2025). Understanding SOC dynamics in this region is 
crucial for projecting carbon balances and for developing tar-
geted management strategies for unique ecosystem services 
provisioned by the QTP and the relevant cold systems.

However, estimates of SOC stocks on the QTP focus on the 
0–0.3 m topsoil with large uncertainties (Yang et  al.  2009; 
Chang et al. 2014). Rare studies have extended to the whole soil 
profile at the regional scale (Ding et al. 2016, 2017; Wang 2022). 
Regional estimates of SOC stocks (SOCs) across the QTP have 
been mainly conducted as part of either regional or global-scale 
mapping initiatives (Cao et  al.  2013; Jiang et  al.  2019; Wang 
et al. 2020; Mishra et al. 2021). However, substantial uncertainty 
persists in both the magnitude and spatial distribution of whole-
profile SOC stocks, with estimates ranging from 30 Pg C to 40 
Pg C (Yang et  al.  2008; Mu et  al.  2015; Zhao et  al.  2018; Han 
et al. 2022; Wang 2022). These uncertainties primarily arise from 
two interconnected reasons. First, the QTP's complex climatic 
gradients, heterogeneous vegetation patterns, steep terrain, and 
extensive periglacial processes generate pronounced spatial and 

vertical heterogeneity in SOC stock, which is poorly captured 
by coarser-scale global products (Chen, Zhang, et al. 2022). In 
particular, geomorphic processes such as erosion, landslides, 
cryoturbation, and lateral redistribution of surface SOC fur-
ther challenge traditional modeling approaches that rely solely 
on climatic and edaphic predictors (Chen, Zhang, et al. 2022). 
Second, past studies have employed diverse methodological ap-
proaches (e.g., geostatistical interpolation and diverse machine 
learning models) and datasets of varying quality and coverage 
(Ding et  al.  2016, 2017; Zhao et  al.  2018; Mishra et  al.  2021; 
Han et al. 2022), further amplifying inconsistencies in SOC es-
timates. Consequently, accurately quantifying SOC stocks and 
elucidating their dominant environmental controls remain criti-
cal knowledge gaps for the QTP region.

We address the gap by developing a unified, large data-driven, 
and spatially explicit modeling framework for whole-profile 
SOC stock estimation at the resolution of 90 m with explicit 
evaluation of environmental drivers and uncertainties. We first 
compiled a comprehensive dataset of 2442 soil profiles with 
measured SOC, coupled with high-resolution environmental 
covariates including climatic, edaphic, topographic, vegetative, 
and anthropogenic variables. Using this comprehensive dataset, 
we trained a machine learning model—random forest (RF)—
to predict SOCs across three depth layers (0–0.3, 0.3–1.0, and 
1.0–2.0 m), and to assess the relative importance of environmen-
tal drivers. Then, independent validation was conducted using 
newly collected SOC measurements from 53 sites, together 
with systematic benchmarking against four prominent global 
or regional SOC datasets: SoilGrids (Poggio et al. 2021), HWSD 
(FAO and CAS 2023), WISE (Batjes 2016), and recent regional 
predictions by Mishra et al.  (2021). Additionally, we evaluated 
spatial uncertainties by identifying regions where existing SOC 
estimates diverge most significantly among the mapping prod-
ucts. The specific objectives of this study were to: (1) Produce 
spatially explicit, high-resolution SOC stock estimates at dis-
tinct soil depth layers (0–0.3, 0.3–1.0, 1.0–2.0 m, and the total 
0–2.0 m profile) across the entire QTP; (2) identify and quantify 
the relative importance of contemporary and historical environ-
mental drivers influencing vertical and spatial distributions of 
SOC; and (3) generate validated SOC maps and delineate criti-
cal uncertainty hotspots to improve regional carbon accounting 
and inform sustainable land management strategies across the 
QTP under rapid environmental change. Collectively, this study 
provides a validated, high-resolution estimation of SOC stocks 
down to 2 across the whole QTP and offers critical insights for 
cold region carbon accounting and assessments of carbon–cli-
mate feedbacks under ongoing environmental change.

2   |   Materials and Methods

2.1   |   Study Region

The Qinghai-Tibet Plateau (QTP), often referred to as the “roof 
of the world,” spans from 26°00′–39°47′ N to 73°19′–104°47′ E 
(Li et  al.  2025), with an average elevation exceeding 4000 m 
(Bao et al. 2024). It is the largest and highest plateau on Earth, 
characterized by complex topography and pronounced spatial 
heterogeneity in climate, soils, and ecosystems. Vegetation ex-
hibits a pronounced southeast-northwest gradient, ranging from 
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forests in humid, low-altitude regions to alpine meadows, shrub-
lands, grasslands, and deserts in increasingly arid, high-altitude 
zones. Forests consist mainly of evergreen and deciduous spe-
cies, while alpine vegetation dominates in colder, harsher envi-
ronments (Fan and Bai 2021). Soils on the QTP are dominated 
by permafrost-affected Gelisols/cryosols and young mineral 
soils such as inceptisols, with notable areas of aridisols in the 
western plateau (Li et al. 2014). Human activities are generally 
limited but increasing in recent decades, such as grazing, land 
reclamation, and infrastructure development, which are modi-
fying vegetation cover and soil processes in some regions (Wang 
et al. 2014; Peng et al. 2020; Zhu et al. 2023). These contrasting 
climatic conditions, landscape properties, and land cover/use 
types are expected to result in substantially variability in SOC 
storage, vertical distribution along the soil profile, and underly-
ing controlling factors.

Especially, the QTP contains the most extensive permafrost 
area at middle and low latitudes, covering approximately 
1.30 × 106 km2, or 42% of the plateau's surface, with an average 
active layer thickness of 2.34 ± 0.70 m (Wang et al. 2020). The 
permafrost would exert strong control over SOC stabilization, 
particularly the vertical transportation and distribution along 
the soil profile induced by cryoturbation. This cryoturbation 
and associated frequent freeze–thaw cycles would lead to 
distinct SOC turnover behaviors compared to other regions, 
resulting in that SOC dynamics on the QTP cannot be pre-
dicted using models developed in other regions less affected 
by permafrost.

2.2   |   Data Collection

We assembled the most comprehensive dataset of SOC mea-
surements currently available for the QTP, comprising 2442 
soil profiles with SOC content (SOCc, g C kg−1 soil) measured 
in the fine earth fraction (< 2 mm) (Table  S1). Data were in-
tegrated from multiple sources, including public databases, 
national surveys, historical records, and peer-reviewed liter-
ature: (1) The World Soil Information Service (WoSIS, https://​
www.​isric.​org/​explo​re/​wosis​): SOC data from the QTP region 
extracted from this global soil database; (2) Second National 
Soil Census: Soil profile data collected across the QTP during 
China's second national soil survey (Pan and Shi  2015); (3) 
Historical survey records: Regional soil surveys reported in 
government publications for Tibet and its administrative di-
visions; (4) Published peer-reviewed literature: SOC profiles 
from peer-reviewed studies conducted across the QTP (Yang 
et al. 2008; Mu et al. 2015; Ding et al. 2016; Zhao et al. 2018; 
Liu et  al.  2019; Chen et  al.  2021; Cheng et  al.  2021; Gao, 
Zhang, et al. 2021). Although the soil profiles were compiled 
from different periods and methods, data scarcity across the 
QTP necessitated integrating all available sources. Given that 
spatial variability of SOC at the regional scale far exceeds tem-
poral or methodological differences, the assembled dataset 
provides the most representative basis currently available for 
large-scale analysis.

To facilitate cross-profile comparisons, SOCc was harmonized 
to four depth layers (0–0.3, 0.3–1.0, 1.0–2.0 m and the full pro-
file 0–2.0 m) using mass-preserving splines (Bishop et al. 1999; 

Malone et al. 2009), which are widely used in digital soil map-
ping (Batjes et al. 2024; Wang, Filippi, et al. 2024). We used this 
approach by fitting a smooth depth function at 1 cm resolution to 
discrete SOC observations while preserving the total SOC mass 
across the original sampling depth intervals, thereby minimiz-
ing distortion during depth harmonization. For profiles with 
SOC stock (SOCs, t C ha−1) reported, we directly used the re-
ported SOCs. For profiles without SOCs reported directly, SOCs 
were calculated for each depth interval using:

where D is the soil depth (i.e., 0.3, 0.7, 1.0, or 2.0 m in this 
study), BD is the bulk density of the fine earth fraction 
< 2 mm (kg m−3), and G is the gravel content (> 2 mm, % by 
volume). Missing BD values were estimated using a general-
ized XGBoost model (Wang, Guo, et  al.  2022; Wang, Zhang, 
et al. 2025) to ensure the full dataset was retained for subse-
quent analyses.

2.3   |   Environmental Covariates

Seven categories of environmental factors—climate, paleoclimate, 
topography, vegetation dynamics, human activities, lithology, and 
permafrost type—were selected, comprising 71 environmental 
covariates (Table  S2). These factors represent major biophysical 
controls on SOC formation, stabilization, and redistribution in the 
region. Climatic variables regulate SOC accumulation and turn-
over by controlling plant productivity and microbial decomposition 
(Schlesinger and Andrews  2000; Davidson and Janssens  2006), 
whereas paleoclimatic variables capture legacy effects of histori-
cal climate conditions on soil development and SOC preservation, 
particularly in permafrost regions (Ding et al. 2019). Topographic 
attributes influence microclimate, hydrological pathways, and 
erosion–deposition processes, thereby shaping spatial patterns of 
soil moisture and SOC redistribution, which would be particularly 
important on the QTP (Li et al. 2022; Hu et al. 2025; Xu et al. 2025). 
Vegetation-related variables (e.g., vegetation type and NDVI) serve 
as proxies for organic matter inputs and ecosystem productivity 
(Stockmann et al. 2015). Human activity indicators reflect land-
use disturbances that modify vegetation cover and soil properties, 
affecting SOC dynamics (Wang et al. 2014; Peng et al. 2020; Ren 
et al. 2025). Lithology and permafrost type further constrain SOC 
dynamics by controlling soil mineralogy, thermal regimes, and 
freeze–thaw processes that govern SOC stabilization (Batjes 2016; 
Chen et al. 2024). Together, these covariates benchmarks model-
ing of the spatial and vertical variability of SOC across the QTP.

Specifically, 11 temperature variables and eight precipitation 
variables were obtained from the WorldClim v2.0 (https://​www.​
world​clim.​org/​data), with a spatial resolution of 30 arcseconds, 
equal to about 1 km (Hijmans et al. 2005; Fick and Hijmans 2017). 
Because the variation of climatic variables within each 1 km grid 
cell is generally minimal, the subsequent resampling to 90 m 
resolution introduced only negligible errors. In brief, these cli-
mate variables were calculated based on climate station records 
during the period 1970–2000, representing a long-term average. 
Additionally, paleoclimate data, including 19 climate variables 
of the Mid-Holocene (about 6000 years ago) and the Last Glacial 

socs =
socc
100

× D × BD ×

(

1 −
G

100

)

× 10
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Maximum (about 22,000 years ago), were also obtained from the 
WorldClim v2.0.

Seven topographic attributes were considered in this study, 
including elevation, slope, aspect, curvature, topographic wet-
ness index, slope length and steepness factor and topographic 
roughness index. The elevation data are derived from the Shuttle 
Radar Topography Mission 4.0 (SRTM4.0). The remaining six 
variables were extracted and calculated from ArcGIS, SAGA-
GIS (http://​www.​saga-​gis.​org), RSAGA and other geographic 
software or R packages.

Vegetation properties include normalized differential vegetation 
index (NDVI) and vegetation type. The NDVI data were from 
the MODIS product MOD13Q1006 (https://​ladsw​eb.​modaps.​
eosdis.​nasa.​gov/​). Average values from the period 2001 to 2018 
were used in this study. Averaging across this time span pro-
vides a more robust representation of the long-term vegetation 
condition, thereby reducing the influence of interannual vari-
ability. The vegetation type was derived from the vegetation map 
of China (https://​www.​plant​plus.​cn/​doi/​10.​12282/​​plant​data.​
0155) (Zhang 2007).

Human activities include human land use, livestock density, 
and human population. The land use data were derived from 
land use maps interpreted from Landsat Thematic Mapper (TM) 
satellite imagery, provided by the Resource and Environment 
Science and Data Center, the Chinese Academy of Sciences 
(http://​www.​resdc.​cn). Population data (https://​lands​can.​ornl.​
gov/​lands​can-​datasets) were derived from the LandScan Global 
Vital Statistics Analysis database. The data on livestock density 
(http://​data.​tpdc.​ac.​cn) were derived from the National QTP 
Scientific Data Center, representing the actual animal den-
sity at the county level in 2010. Human activities would be the 
most time-relevant variables with limited data to quantify their 
temporal variability, changes over time, which could introduce 
uncertainty into our SOC estimates by altering carbon inputs, 
vegetation cover, and soil properties at different temporal scales.

Lithology type (https://​www.​geo.​uni-​hambu​rg.​de/​en/​geolo​gie/​
forsc​hung/​aquat​ische​-​geoch​emie/​glim.​html) was used to reflect 
15 types of soil rocks and parent materials, and derived from 
the Global Lithological Map Database v1.0. Three permafrost 
types, including permafrost, seasonally frozen permafrost, and 
nonfrozen soil (https://​data.​tpdc.​ac.​cn/​), were derived from the 
National QTP Scientific Data Center.

2.4   |   Driver Analysis and Digital Mapping

A machine learning model, random forest (RF), was trained to 
explain the variability of SOCs across the region using the 71 en-
vironmental predictors (Table S2). In addition, we also included 
the starting and ending depth of the depth interval as two pre-
dictors, which allowed us to obtain one single three-dimensional 
model. RF was used because of its demonstrated ability to cap-
ture complex nonlinear relationships and interactions among 
environmental variables, as well as its strong performance when 
handling large, heterogeneous datasets (Breiman 2001). These 
characteristics make RF particularly suitable for regional-scale 
SOC mapping in environmentally complex regions such as the 

Qinghai–Tibet Plateau. Prior to model fitting, multicollinearity 
among environmental predictors was controlled using variance 
inflation factors (VIF) with the vif function in the car package 
in R (v4.1.1). Predictors with VIF values greater than 10 were 
excluded to reduce redundancy among highly correlated vari-
ables. However, several ecologically important predictors (e.g., 
mean annual temperature and mean annual precipitation) were 
preferentially retained, to ensure explicit representation of key 
climatic controls on SOC. We further evaluated the impact of 
this VIF-based screening strategy on model performance and 
found that cross-validated predictive accuracy was not sub-
stantially reduced after removing highly collinear variables. 
Model hyperparameters (mtry, randomly selected predictors; 
splitrule, splitting rule; min.node.size, minimal node size) were 
optimized by using a fivefold cross-validated approach using the 
train function in the caret package in R 4.1.1, with 80% of data 
used to train the RF model, and the remaining 20% data used to 
validate the model projections (Figure S1). The best RF model 
was selected with the highest coefficient of determination (R2), 
followed by normalization of predictor importance, which was 
expressed as relative importance within the model.

To disentangle potential interrelationships among environmental 
drivers of SOCs of different soil layers, we fitted structural equa-
tion models (SEM). The 71 candidate environmental variables 
were categorized into seven groups, representing latent constructs: 
climate, paleoclimate, topography, vegetation, human activities, li-
thology, and permafrost type. Similar to the random forest model, 
only variables passing collinearity screening (i.e., VIF < 10) were 
retained for the SEM. A partial least square approach (PLS) was 
implemented to fit SEM using the plspm package in R (version 
4.3.2), which is well-suited for handling complex systems charac-
terized by complex latent constructs and potential multicollinear-
ity among observed indicators (Mao et  al.  2022; Wang, Zhang, 
et al. 2025). All input variables were standardized (z-score trans-
formation) to ensure comparability and to facilitate the interpreta-
tion of standardized path coefficients. To assess the stability and 
significance of path coefficients, nonparametric bootstrapping 
was performed with 200 resamples. The 95% bootstrap confidence 
interval was used to judge that whether the estimated path coeffi-
cients are significant.

The best three-dimensional model was used to map SOCs in the 
0–0.3, 0.3–1, 1–2, and 0–2 m depth layers at the spatial resolution 
of 90 m across the whole QTP. Before applying the model, we 
obtained depth to bedrock (DTB) data from the Global Depth to 
Bedrock Dataset for Earth System Modeling (http://​globa​lchan​
ge.​bnu.​edu.​cn/​resea​rch/​dtb.​jsp) (Yan et al. 2020). For each grid 
cell, if DTB is less than 2.0 m, SOCs were only predicted to the 
DTB. Predictors that are not at the resolution of 90 m (Table S2) 
were resampled to the target resolution. Specifically, all co-
variates were harmonized to a common 90 m grid. Continuous 
variables were resampled using bilinear interpolation, whereas 
categorical variables were resampled using nearest-neighbor 
assignment. Although resampling from coarser-resolution data-
sets may introduce uncertainty at fine spatial scales, the resa-
mpled covariates mainly represent broad-scale environmental 
gradients (e.g., climate) that exhibit limited variability at local 
scales. Given the regional scope of this study, the potential in-
fluence of resampling on SOC prediction accuracy is expected 
to be limited.
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For each grid cell, the predicted SOCs was represented by the 
mean of the 500 estimates produced by the individual trees of 
the fitted RF model, and the uncertainty was expressed as the 
95% confidence interval of these estimates.

2.5   |   Field Sampling

To derive an independent dataset to test our model, we addi-
tionally selected 53 points on the QTP with different elevations 
and climatic conditions to sample soils for SOC measurements 
(Figure  1). The elevation of the sampling points ranges from 
1648 to 5373 m with a mean annual temperature (MAT) ranging 
from −5.90°C to 13.93°C and mean annual precipitation (MAP) 
ranging from 66 to 1316 mm. The test sites encompass major 
vegetation types on the QTP, including alpine forest, broadleaf 
forest, shrubland, alpine steppe, alpine meadow, and cultivated 
vegetation. These ecosystem types together occupy the vast 

majority of the plateau's land area and represent the dominant 
ecological gradients controlling SOC variability across the re-
gion. Measured SOCs values (the 53 validation sites) were com-
pared with predicted SOC values at the corresponding locations, 
and the coefficient of determination (R2) was calculated.

Soils at the 53 sites were sampled and analyzed using standard-
ized field protocols and laboratory methods, ensuring compa-
rability and high data quality (Mao et  al.  2022). In brief, soil 
samples were collected from two depth intervals (0–0.3 and 
0.3–1.0 m; sampling to depth of > 1.0 m in this study was con-
strained by logistical challenges in high-altitude and permafrost-
affected environments). After transporting to the laboratory, the 
soil samples were air-dried at room temperature and then sieved 
to 2 mm to remove stones and visible roots. The air-dried sam-
ples were used to determine SOC content and bulk density, each 
measured in triplicate, and the average values were used to cal-
culate SOC stocks.

FIGURE 1    |    Location of soil carbon profile on the Qinghai-Tibet Plateau. Red dots represent profiles compiled from multiple published and public-
ly available sources and used for model development, with sampled soil depth distinguished by different color densities. Blue dots indicate indepen-
dent validation sites sampled by this study. The background map shows vegetation types classified into 10 categories with the corresponding profile 
numbers showed in the parentheses. The inset shows the elevation map of the study area, highlighting the altitudinal gradients across the plateau.
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2.6   |   Comparison With Other Mapping Products

To demonstrate the credibility of our estimates and identify re-
gions with relatively high uncertainties, we compared our es-
timates with those in the same QTP region included in three 
global mapping products of SOC: SoilGrids (Poggio et al. 2021), 
WISE (Batjes  2016), and HWSD (FAO and CAS  2023). These 
datasets are among the most established global SOC estimates 
and are frequently used in large-scale carbon modeling and en-
vironmental assessments. This comparison was conducted for 
four standardized depth intervals (0–0.3, 0.3–1.0, 1.0–2.0, and 
0–2.0 m), with a harmonization of the original datasets. For 
SoilGrids, SOC values in the four specific depth intervals were 
aggregated from reported layers. WISE and HWSD, which do 
not report SOCs for the required depth intervals, estimated SOC 
stocks based on SOC content, bulk density, and gravel content 
provided by mapping products and interpolated to match using 
mass-preserving splines (Bishop et al. 1999; Malone et al. 2009).

For each grid cell, we estimated the percentage relative differ-
ence by calculating the difference between our estimates and 
those from the other products divided by our estimates. To as-
sess the spatial variability among the four SOCs estimates, we 
calculated the coefficient of variation (CV) at each grid cell 
across our mapping product and SoilGrids, WISE, HWSD. In 
pixels where one or more datasets lacked estimates (due to some 
discrepancies in spatial coverage of different products), the CV 
was computed using the available data. These comparisons en-
abled a comprehensive evaluation of the spatial pattern of un-
certainties in current mapping products, highlighting regions 
with significant divergence among predictions. To ensure con-
sistency across datasets with different resolutions and minimize 

discrepancies, we aggregated our 90 m resolution mapping prod-
ucts to a resolution of 1 km.

At last, using SOC data from the 53 sampled sites, we evaluated 
the accuracy of our mapping product, SoilGrids, WISE, HWSD, 
and a regional product focusing on the permafrost region 
(Mishra et al. 2021).

3   |   Results

3.1   |   Observed SOC Stocks Across the QTP

Our compiled dataset of 2442 soil profiles shows that surface 
SOCs (0–0.3 m) across the QTP range from 1.4 to 1055.5 t ha−1 
(equivalent to a SOC content of 0.6–361.3 g kg−1), with an av-
erage of 67.6 t ha−1 (24.7 g kg−1) and a median of 43.9 t ha−1 
(15.0 g kg−1, Figure 2a). At greater depths, SOCs range from 2.9 
to 2475.2 t ha−1 (0.4–344.9 g kg−1) in the 0.3–1 m layer and 1.6 to 
4080.9 t ha−1 (0.03–403.5 g kg−1) in the 1.0–2.0-m layer, with cor-
responding average values of 52.8 t ha−1 (10.7 g kg−1, Figure 2b) 
and 57.4 t ha−1 (7.1 g kg−1, Figure 2c). Notably, nearly two-thirds 
of the total SOC stored in the top 2 m resides below 0.3 m, high-
lighting the importance of subsoil carbon in this high-altitude 
region.

SOCs differ significantly among vegetation types across all 
depth intervals (p < 0.001; Table  1). In the top 0–0.3 m layer, 
swamp meadow ecosystems exhibit the highest SOCs (mean: 
526.8 t ha−1), followed by broadleaf forests (100.9 t ha−1), al-
pine forests (98.8 t ha−1), and alpine meadows (92.0 t ha−1). 
Lower SOCs are observed in shrublands (64.9 t ha−1), cultivated 

FIGURE 2    |    Distributions of observed SOC stocks (SOCs) and comparisons with global mapping products. (a–c) The frequency distribution of the 
observed SOCs values, illustrating the range and skewness of SOCs at 0–0.3 m (a), 0.3–1.0 m (b), and 1.0–2.0 m (c). (d–f) Comparison between observed 
and predicted SOCs values from four mapping products at 0–0.3 m (d), 0.3–1.0 m (e), and 1.0–2.0 m (f), with R2 values indicating the determination 
coefficient.
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lands (53.3 t ha−1), unclassified (46.6 t ha−1), and alpine steppes 
(44.1 t ha−1), with deserts having the lowest SOCs (18.7 t ha−1).

In the 0.3–1.0 m layer, swamp meadows again show the high-
est SOCs (mean: 1035.3 t ha−1), underscoring their strong carbon 
sequestration capacity at depth. Broadleaf forests (104.6 t ha−1), 
alpine meadows (78.4 t ha−1), and alpine forest (65.5 t ha−1) retain 
relatively high SOCs, while shrublands (42.9 t ha−1), alpine steppe 
(36.9 t ha−1), and deserts (21.4 t ha−1) show lower values. SOCs de-
cline across all vegetation types in the 1.0–2.0 m layer, though 
broadleaf forests (110.6 t ha−1) and alpine meadows (90.6 t ha−1) 
continue to store substantial carbon. Swamp meadow data are 
sparse in this layer, likely due to sampling challenges in water-
logged soils.

3.2   |   Controls on SOCs Distribution

The random forest (RF) model integrating climate, paleocli-
mate, topography, vegetation, human activity, lithology, perma-
frost type, and soil depth explained 51% of the variance in SOCs 
across soil layers (Figure 3).

Among individual predictors, normalized difference vegeta-
tion index (NDVI) was most influential, accounting for 10.2% 
of the variance. SOCs showed a strong positive relationship 
with NDVI, reflecting vegetation productivity as a key driver of 
carbon input and thus SOC stocks. Mean annual precipitation 
ranked second in importance, followed by precipitation sea-
sonality, paleo-precipitation seasonality from the Last Glacial 
Maximum, and mean annual temperature. Specifically, mean 
annual precipitation, mean annual precipitation, and mean 
diurnal range of temperature contributed 9.1%, 5.6%, and 5.1% 
to the explained variance of SOC, respectively. Topographic 
variables including topographic roughness index (4.6%) and 
topographic wetness index (4.2%) also played an important 
role. Paleoclimate variables, including precipitation season-
ality of the Last Glacial Maximum and mean diurnal range 

TABLE 1    |    Observed soil organic carbon stocks (SOCs) in different layers (0–0.3, 0.3–1.0, 1.0–2.0, 0–2.0 m) among ecosystem types on the QTP.

Ecosystem types

SOCs (t ha−1)

0–0.3 m 0.3–1.0 m 1.0–2.0 m 0–2.0 m

Swamp meadow 526.8 1035.3 — —

Broadleaf forest 100.9 (83.0–118.8) 104.6 (75.6–133.6) 110.6 (50.5–170.8) 228.1 (180.3–275.8)

Alpine meadow 92.0 (82.4–101.6) 78.4 (61.5–95.4) 90.6 (32.7–148.4) 196.9 (162.1–231.6)

Alpine forest 98.8 (90.1–107.5) 65.5 (55.5–75.5) 56.3 (26.2–86.4) 169.6 (151.9–187.2)

Others 62.8 (36.5–89.2) 56.2 (17.6–94.8) 110.7 (−26.4–247.8) 131.3 (62.7–200.0)

Shrubs 64.9 (59.1–70.7) 42.9 (38.1–47.7) 38.9 (31.0–46.7) 111.8 (102.3–121.3)

Cultivated vegetation 53.3 (47.6–59.1) 48.6 (42.3–54.9) 42.6 (33.9–51.4) 108.1 (97.1–119.0)

Alpine steppe 44.1 (39.5–48.6) 36.9 (33.2–40.6) 41.5 (36.0–47.0) 92.0 (83.8–100.2)

Unclassified 46.6 (30.5–62.7) 26.6 (14.8–38.5) 21.0 (7.9–34.2) 75.4 (49.4–101.3)

Desert 18.7 (14.3–23.1) 21.4 (16.2–26.6) 33.9 (22.9–44.9) 53.7 (40.8–66.6)

Note: Values in parentheses are the 95% confidence intervals of SOCs. No CIs for swamp meadow soils due to small sample size (n = 2); no SOCs reported for swamp 
meadows at 1.0–2.0 and 0–2.0 m due to lack of profiles.

FIGURE 3    |    Relative importance of environmental factors for pre-
dicting soil organic carbon stocks (SOCs). A, aspect; ALS, carrying ca-
pacity; BIO1, annual mean temperature; Bio12, annual precipitation; 
BIO14, precipitation of driest month; BIO15, precipitation seasonality; 
BIO15_LGM, precipitation seasonality of the Last Glacial Maximum; 
BIO19_MH, precipitation of coldest quarter of the Mid-Holocene; 
BIO2, mean diurnal range; BIO2_MH, mean diurnal range of the Mid-
Holocene; BIO3_LGM, isothermality of Last Glacial Maximum; C, cur-
vature; END, ending depth of the soil layer; LITH, lithology; LS, slope 
length and steepness factor; LU, land use type; NDVI, normalized 
difference vegetation index; PER, permafrost type; POP, population; 
START, starting depth of the soil layer; TRI, Topographic roughness in-
dex; TWI, topographic wetness index; VEG, vegetation type. R2 show 
the determination coefficients of the verification set. The bottom right 
inset summarizes the summed relative importance of eight environ-
mental categories distinguished color.
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of the Mid-Holocene, explained 5.7% and 4.7%, respectively, 
reflecting past climate influences on current SOC storage. 
Human activity factors, like livestock carrying capacity, land 
use type, and population, accounted for 3.9%, 3.3%, and 3.2%, 
respectively, revealing the importance of human activities for 
influencing SOC on the QTP.

When aggregated into predictor groups, contemporary climate ex-
plained the largest share of explained variance (29.6%), followed 
by topography (20.9%), paleoclimate (18.5%), vegetation (12.4%), 
and human activity (10.4%; Figure  3). Path analysis further re-
vealed that contemporary climate exerted the strongest direct ef-
fects on SOCs at all depths (ρ = 0.43–0.50), while topography was 
influential in topsoil (ρ = 0.08) and subsoil (ρ = 0.10). Paleoclimate 
had strong indirect effects via permafrost extent but negatively 
influenced SOCs in deeper layers (ρ = −0.27; Figure 4). These in-
teractions highlight the combined influence of current and legacy 
climatic conditions on soil carbon storage across the QTP.

3.3   |   Spatial Patterns of SOC Stocks

We compared our observed SOC data with four global mapping 
products (SoilGrids, WISE, HWSD, Mishra et al. 2021). All four 
consistently overestimated SOCs at low observed values and un-
derestimated at high values, resulting in low predictive accuracy 
(R2 < 0.3 across all depths; Figure 2). In contrast, our RF model, 
trained on the compiled dataset, achieved a cross-validated R2 of 
0.51, outperforming existing products. When validated against 
a separate set of 53 new sampling sites, the model achieved R2 

values of 0.63 and 0.49 for the 0–0.3 m and 0.3–1.0 m layers, re-
spectively (Figure 5).

Using our model, we mapped SOCs across the QTP at 90 m 
resolution (Figure  6a,d,g,j). SOCs shows a clear southeast-to-
northwest decline across all layers. Mean SOCs was estimated 
at 207.7 (95% confidence interval: 184.0–231.4) t C ha−1 (0–2.0 m), 
72.9 (65.0–80.8) t C ha−1 (0–0.3 m), 70.7 (62.1–79.4) t C ha−1 
(0.3–1.0 m), and 64.1 (55.0–73.0) t C ha−1 (1.0–2.0 m). Total SOC 
stock in the 0–2 m profile across the QTP was estimated at 62.0 
(54.9–69.1) Pg C, with 35%, 34%, and 31% stored in the 0–0.3 m, 
0.3–1.0 m, and 1.0–2.0 m layers, respectively.

Among ecosystems, alpine meadows stored the largest total SOC 
(22.88 Pg C), followed by shrublands (10.33 Pg C), alpine steppes 
(9.57 Pg C), alpine forests (6.17 Pg C), and unclassified ecosys-
tems (4.81 Pg C). Broadleaf forests (2.42 Pg C), deserts (2.05 Pg C), 
cultivated land (0.58 Pg C), and swamp meadows (0.36 Pg C) con-
tributed less to the total SOC stocks (Figure 6c,f,i,l), primarily 
due to their limited spatial extent across the QTP. Compared to 
existing datasets, our total 0–2 m SOC estimate is lower than 
that from SoilGrids but higher than estimates from WISE and 
HWSD (Figure S3).

3.4   |   Uncertainty and Variability

Despite improvements compared to existing mapping products, 
considerable uncertainty remains, particularly in the western 
QTP where data are sparse (Figure 6b,e,h,k). We calculated the 

FIGURE 4    |    Path analysis results of the controls over SOC stocks in three depth intervals. (a) Direct and indirect effects of seven latent variables 
on the SOCs of different layers. The numbers show the path coefficients, with one set of values in three rows representing the coefficients for the three 
soil depth layers from top to bottom, and with a single value representing indirect effects which is independent of soil depth. The arrows indicate the 
effect direction, while the red and blue paths indicate that the effect is significantly (p < 0.05) negative and positive, respectively. The magnitude of 
the path coefficients is also represented by the arrow width. The indicators for the relevant latent variables are shown in Table S2. R2 shows the de-
termination coefficient for the corresponding variable, indicating the variance explained by the model. (b–d) Standardized direct, indirect, and total 
effects of the seven latent variables in the path analyses. The total effect is defined as the sum of direct and indirect effects.
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9 of 14Global Change Biology, 2026

coefficient of variation (CV) across four SOC mapping prod-
ucts to assess inter-product variability (Figure  7). Mean CVs 
were 46.0% (0–0.3 m), 48.5% (0.3–1.0 m), 57.5% (1.0–2.0 m), and 
46.1% (0–2.0 m). The highest uncertainties were observed in 
central and northeastern QTP, especially in the Qaidam Basin 
and alpine desert regions. CVs also varied by ecosystem. Desert, 
grassland, and “other” vegetation types showed the highest un-
certainty across depths (e.g., CV > 60%), while alpine meadows, 
cropland, and unclassified had lower variability (CV < 50%). 
Notably, alpine meadows showed the lowest uncertainty in 
the deepest layers, reinforcing their value for regional carbon 
accounting.

4   |   Discussion

Building upon a comprehensive dataset, this study provides 
a high-resolution mapping of SOC stocks down to 2 m depth 
across the QTP, thereby improving regional carbon accounting 
in one of the world's most climate-sensitive ecosystems. Our 
findings reveal that a substantial proportion (30.8%) of the total 
SOC stock is stored in the subsoils (typically 1.0–2.0 m), which 
is consistent with global studies indicating that a substantial 
proportion of SOC is stored below 30 cm (Jackson et al. 2017). 
This important component of the SOC stock remains under-
represented in many global and regional inventories. Although 
deep SOC is often assumed to be relatively stable, its vulnera-
bility under ongoing environmental changes—including per-
mafrost thaw and altered hydrological regimes—remains poorly 
constrained (Gao, Wang, et al. 2021; Zhang et al. 2022). These 
results underscore the critical need to incorporate deep-soil 
carbon dynamics of permafrost ecosystems into Earth system 
models, which currently focus largely on surface layers and may 
underestimate long-term carbon-climate feedbacks.

We observed pronounced spatial heterogeneity in SOCs across 
the QTP, shaped by the region's biophysical complexity and by 
interactions among climate, vegetation, and topography. Among 
individual predictors, NDVI, precipitation, and precipitation 
seasonality emerged as key predictors. Across environmental 
covariate categories, climate emerged as the dominant driver, 
however, the RF model attributed a higher relative importance 
to vegetation than the SEM model. This discrepancy may reflect 
nonlinear climate effects on vegetation that are not fully cap-
tured by the SEM framework. NDVI, in particular, integrates 
both biomass production and microenvironmental conditions 
(e.g., moisture and temperature), offering a proxy for both SOC 
inputs and decomposition (Zehetgruber et al. 2017; San Román 
et al. 2024). Under environmental change, altered precipitation 
patterns and vegetation shifts may either exacerbate or buffer 
SOC losses (Zhang et al. 2015; Ding et al. 2019; Zhao et al. 2021; 
Yan et  al.  2022; Ren et  al.  2025). Thus, vegetation should be 
viewed as both a driver and a mediator of climate impacts on 
SOC, and its role should be explicitly incorporated into SOC pre-
diction frameworks.

Our refined estimate of SOC stocks of 62.0 Pg C in the upper 
2 m depth of QTP soils confirms the region as a globally sig-
nificant high-altitude carbon reservoir (Chen, Ju, et  al.  2022). 
However, this estimate diverges from global estimates such as 
SoilGrids (79.0 Pg C), WISE (46.9 Pg C), HWSD (30.0 Pg C), high-
lighting substantial uncertainties in current global spatial es-
timates. These discrepancies may reflect differences in model 
structures, training datasets, and predictor sensitivity, particu-
larly in regions with complex topography and sparse observa-
tions. For example, we found that in alpine meadow and alpine 
steppe, SoilGrids and HWSD predicted higher SOC, likely due to 
their coarser resolution and broader generalizations, while our 
model better captured the SOC variability in these ecosystems 
(Figure 7). Compared to SoilGrids and HWSD, WISE performed 
relatively better in these areas, providing predictions closer to 
ours. In contrast, in desert and swamp meadow, WISE gener-
ally predicted lower SOC compared to SoilGrids, HWSD and 

FIGURE 5    |    Independent verification of five mapping products. 
From top to bottom, comparison of the measurements at 53 verification 
sites with our mapping products, SoilGrids, WISE, HWSD, Mishra's 
prediction, respectively. Left and right panels show the results for the 
0–0.3 m and 0.3–1.0 m depths, respectively.
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10 of 14 Global Change Biology, 2026

the estimates in this study. In regions with unclassified or other 
vegetation types, all three databases predicted lower SOC than 
ours. These differences underscore the importance of region-
ally calibrated approaches to better reflect regional ecological 
properties. Notably, several regional-scale estimates focusing 
on the same 0–2 m depth interval on the QTP have estimated 
a SOC stock of 37.71 Pg (Wang et al. 2021) and 40.11 Pg (Han 
et al. 2022), which are also lower than our estimates. These dif-
ferences may largely stem from the heterogeneities in spatial 
coverage of the data used for model development.

We identified pronounced spatial uncertainty in SOC estimates, 
with hotspots concentrated in the Qaidam Basin and adjacent 
alpine steppe-desert transition zones. These areas exhibited the 

highest coefficients of variation (CVs) among datasets, which 
may be induced by sparse observations, complex terrain attri-
butes, and novel climate-plant–soil interactions. This pattern is 
consistent with previous studies highlighting the challenges of 
SOCs quantification in ecologically fragile, data-poor dryland 
regions (Wang, Kumar, et al. 2024). The arid climate and patchy 
vegetation in these zones amplify spatial heterogeneity in carbon 
stocks, inhibiting representative soil sampling and development 
of accurate models (Stanley et al. 2023; Ou et al. 2024; Wang, 
Sun, et al. 2025). In contrast, the southeastern QTP, dominated 
by alpine meadows and cultivated vegetation with higher obser-
vational density, exhibited lower uncertainty, underscoring the 
critical role of observational density and ecosystem homogene-
ities in reducing estimation errors (Ding et al. 2016, 2017; Han 

FIGURE 6    |    Spatial distribution of soil organic carbon stocks and their uncertainties. Panels from top to bottom: Four soil layer depths (i.e., 0–0.3, 
0.3–1.0, 1.0–2.0, 0–2.0 m), respectively. Panels from left to right: Soil organic carbon stocks; stock uncertainties represented by the standard error (SE) 
of ensemble predictions; and stock distribution among vegetation types with error bars indicating the 95% confidence intervals.
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11 of 14Global Change Biology, 2026

et al. 2022). These spatial patterns provide strategic guidance for 
future monitoring studies, indicating that future sampling and 
model refinement efforts should prioritize uncertainty hotspots 
to improve reliability of SOC inventories.

Despite providing the depth-resolved and spatial-explicit SOC 
estimates to date for the QTP, our study has several limitations. 
First, while our analysis quantified SOC stocks to a depth of 2 m, 
many areas—particularly under alpine grasslands and alpine 
meadows—have soils extending well beyond this depth. Depth-
to-bedrock data indicate that 90.8% of our study area exceeds 
2 m in depth, and 87.4% exceeds 3 m, suggesting our total SOC 
stock estimate is likely conservative. Future efforts should aim 
to extend measurements and models to greater depths, partic-
ularly in regions with deeper soils. Second, although the 90 m 
spatial resolution captures broad-scale variation, many surface 
processes on the QTP—especially in mountainous areas like 
the Himalayas—occur at finer spatial scales. Microclimatic 
heterogeneity, topographic variation, and abrupt biome transi-
tions occur over meters rather than tens of meters. Accurately 
representing SOC patterns in such environments will require 
integrating high-resolution environmental data and expanding 
the spatial granularity of SOC models. Third, our study does not 
explicitly account for permafrost dynamics. The QTP contains 
widespread permafrost, where SOC stabilization is strongly 
mediated by the seasonal dynamics of the active layer and the 

depth of the talik. Due to limited sample coverage in perma-
frost zones—particularly below the active layer—our stratified 
soil layers (0–0.3, 0.3–1.0, and 1.0–2.0 m) may not correspond 
to actual freeze–thaw boundaries. This mismatch could lead to 
under- or overestimation of SOC vulnerability in frozen soils, 
calling for better integration of thermal and hydrological data in 
future assessments.

5   |   Conclusions

This study presents the most comprehensive and spatially ex-
plicit quantification of soil organic carbon (SOC) across the 
Qinghai-Tibetan Plateau (QTP) to date, providing both a valu-
able data resource and advancing conceptual understanding of 
depth-dependent SOC dynamics. Our results reveal pronounced 
vertical stratification and spatial heterogeneity in SOC distribu-
tion, shaped jointly by contemporary climatic conditions and 
paleoclimatic legacies, including historical permafrost extent. 
Surface-layer SOC (0–0.3 m) is largely governed by present-
day vegetation characteristics and precipitation patterns, while 
deeper-layer SOC (1.0–2.0 m) predominantly reflects the in-
fluence of historical climatic regimes. These depth-dependent 
controls highlight the importance of integrating both con-
temporary and paleoenvironmental variables (e.g., vegetation 
type, precipitation regime, historical permafrost conditions) 

FIGURE 7    |    Comparison of our estimates of soil organic carbon stocks with that in three global databases. Panels from left to right: The coeffi-
cient of variation (CV) of our predictions, SoilGrids, WISE, HWSD; the percentage relative difference between our prediction and SoilGrids, WISE, 
and HWSD, respectively. Panels from top to bottom show the results for the four soil depth layers (0–0.3, 0.3–1.0, 1.0–2.0, and 0–2.0 m). HSWD only 
estimated the 0–1 m soil depth.
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into SOC modeling frameworks, particularly within alpine and 
permafrost-dominated ecosystems. Benchmarking our high-
resolution SOC map against three global soil databases (e.g., 
SoilGrids, HWSD, WISE) revealed substantial discrepancies 
in low-data regions, further emphasizing the need for region-
specific, observation-informed models. The datasets and in-
sights generated in this study have direct implications for Earth 
system modeling (refining carbon–climate feedback projec-
tions), carbon budgeting (enhancing regional carbon inventory 
accuracy), and land management (guiding sustainable practices 
and conservation efforts). To address remaining knowledge gaps 
in QTP carbon dynamics, future efforts should: (1) extend sam-
pling beyond 2 m depth in key ecosystems; (2) intensify observa-
tional efforts in uncertainty hotspots such as the Qaidam Basin 
and ecotonal zones; and (3) develop high-resolution models 
integrating remote sensing and localized field observations. In 
permafrost regions, coordinated efforts are particularly essen-
tial to quantify SOC distributions across freeze–thaw layers and 
evaluate their responses to climate-induced thaw.
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Table S1: Source of soil profiles with soil organic 
carbon measurements. Table S2: Information of environmental factors. 
Table S3: Comparison of mean values for numeric variables before and 
after resampling. Figure S1: Random forest model performance for 
driver analysis. The red line is the regression line of calibration set; the 
blue line is the regression line of validation set; the grey dashed line 
represents the 1:1 line. Figure S2: Random forest model performance 
of digital mapping. The red line is the regression line of calibration set; 
the blue line is the regression line of validation set; the grey dashed line 
represents the 1:1 line. Figure S3: Total soil organic carbon stocks on 
the QTP predicted by different mapping products. Error bars indicate 
the 95% confidence intervals of predictions. 
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