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 A B S T R A C T

Despite growing attention on soil organic carbon (SOC) stocks and dynamics, uncertainties persist in our 
understanding of their regulating factors, especially in the subsoil. Here, we examined regional patterns of 
SOC stocks and their relation to land use and other potential predictors, including average soil temperature, 
average soil moisture, and topography. To this end, we took 96 soil cores in the Fichtelgebirge mountains, 
Germany, including three different land use types (cropland, coniferous forest, and meadow) up to a depth of 
one meter, and sliced them into 10 cm increments.

The influence of land use was evident down to one meter but not across all soil depth increments. 
Coniferous forests exhibited the highest SOC stocks both in the topsoil (including the organic layer) and in total. 
On average, over 20 % of SOC was stored below 30 cm in all land use types, however with a high variability. 
Land use was the relatively most important factor explaining SOC stock patterns in the top 20 cm of soil. In 
the subsoil, climatic factors and topography became more relevant to explain the SOC stocks. Soil temperature 
was positively associated with SOC stocks in the topsoil, but this relationship reversed and became negative 
in deeper soil increments. A similar but less-pronounced trend with depth was observed for soil moisture. The 
declining relative importance of all predictors with depth underscores the need for high-resolution, depth-
resolved field measurements to disentangle and quantify interactions among SOC stock predictors, particularly 
in the subsoil.
. Introduction

Soil organic carbon (SOC) plays an important role in the car-
on cycle, as it is the biggest terrestrial carbon reservoir (Jobbágy 
nd Jackson, 2000). Safeguarding this crucial carbon pool is essential 
or mitigating climate change, as strategic management of SOC has 
merged as a potential approach for sequestering atmospheric CO2
Lal, 2004; Paustian et al., 2019), while simultaneously preserving soil 
ertility and ensuring food security (Paustian et al., 2019; Poeplau et al., 
020). Therefore, increasing attention has been directed towards un-
erstanding stocks and dynamics of SOC, particularly SOC stabilization 
echanisms and distribution across land use types and soil depths 
Kögel-Knabner and Amelung, 2014; Wiesmeier et al., 2016).
Land use and management practices are among the key global 

rivers of SOC stock dynamics (Beillouin et al., 2022). Land use is as-
ociated with different vegetation types, which influence the potential 

∗ Corresponding author at: Institute of Physical Geography, University of Frankfurt, Altenhöferallee 1, 60438 Frankfurt am Main, Germany.
E-mail address: behaas@uni-frankfurt.de (B. Haas).

carbon input into the soil via plant material (Reicosky et al., 1995). 
Both root depth and root biomass differ between perennial and annual 
plants. For example, Norway spruce can root down to 2.5 m while oats 
have 95% of the root biomass located in the upper 78 cm and maize in 
the upper 89 cm (Puhe, 1994; Canadell et al., 1996; Monti and Zatta, 
2009). Also root traits further influence decomposition dynamics, with 
tree roots typically decomposing more slowly than herbaceous roots 
(Solly et al., 2014; Silver and Miya, 2001). Additionally, factors such 
as climate, topographical features (e.g., altitude) and soil properties 
(e.g., clay content) can also exert a significant influence on SOC stocks 
(Paltineanu et al., 2024; Poeplau et al., 2020). Topographic character-
istics, such as the topographic wetness index (TWI), reflect potential 
zones of SOC accumulation and indicating areas of enhanced water 
retention driven by local relief (Sørensen et al., 2006). Together with 
climatic factors like precipitation and temperature, they influence soil 
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moisture and temperature (Baumberger et al., 2025). These parameters 
regulate microbial activity and carbon decomposition, thereby affecting 
SOC stocks (Li et al., 2019; Coûteaux et al., 2001). Furthermore, plant 
growth and the associated carbon input to the soil are also regulated 
by climatic factors (Forstner et al., 2021). Moreover, soil properties — 
such as soil type and texture — also play a crucial role for SOC stock 
dynamics (Wiesmeier et al., 2015).

The relative impact of these drivers varies depending on spatial 
scale (Wiesmeier et al., 2019). For example, in Bavarian forests, pH, 
temperature, precipitation, parent material, slope, elevation, and clay 
content were identified as key determinants of SOC stocks in the 
topsoil (including the organic layer) while temperature, precipitation, 
and elevation were significant factors in the subsoil (Wiesmeier et al., 
2013b). In agricultural soils of Bavaria, land-use history was identified 
as the dominant driver for SOC stocks in the topsoil, while soil type and 
topographic features were more relevant in the subsoil (Mayer et al., 
2019). Kühnel et al. (2019) investigated SOC stock changes over the 
past 20 years in the top 10 cm of Bavarian grasslands and concluded 
that the main drivers were changing climatic conditions, land use 
management, and pedogenic-topographic factors. For agricultural soils 
in Germany, Vos et al. (2019) found that land use (and its history), 
clay content, and electrical conductivity (EC) were identified as the 
main drivers for topsoil SOC stocks, whereas the combination of parent 
material, relief, and EC were more influential in the subsoil. Thus, 
the impact of environmental factors on SOC stocks is strongly context-
dependent—varying with spatial scale, geographic setting, and soil 
depth. In addition, the drivers can interact in complex ways. This 
highlights the need for more region-specific studies that incorporate 
multiple land-use types and vertical soil variability to better model SOC 
stocks and disentangle the combined effects of SOC stock driver as a 
basis for possible strategic SOC management (Muñoz-Rojas et al., 2012; 
Rial et al., 2017; Paustian et al., 2019).

Based on existing knowledge of spatial SOC stock patterns in Ger-
many, croplands generally exhibit the lowest total SOC stocks, while 
grasslands have the highest, with forests representing intermediate 
values; however, variability between sites remains high (Poeplau et al., 
2020; Wellbrock and Bolte, 2019). A similar pattern has also been re-
ported for smaller regions within Germany, such as Bavaria (Wiesmeier 
et al., 2012). This study also shows that, in forest soils, the majority 
of SOC in the mineral soil is stored in the subsoil. Therefore, subsoil 
SOC stocks represent a particularly important carbon pool in forest 
ecosystems.

Many analyses are limited to the topsoil (Kühnel et al., 2019; 
Rial et al., 2017; Yigini and Panagos, 2016), or — as in the studies 
mentioned above — top- and subsoil are treated as two separate enti-
ties comparing both against each other. However, soils are vertically 
heterogeneous, with processes that vary in importance with soil depth, 
even within individual horizons. Also, some papers use a Pedotransfer 
function (PTF) for predicting bulk density instead of measuring at 
multiple depth to calculate SOC stocks, which can lead to high over- 
or underestimation, especially in the subsoil, where the stone content 
can be unpredictable (Rumpel and Kögel-Knabner, 2011; Bretas et al., 
2025). Higher stone content leads to lower SOC stocks per unit volume, 
as the proportion of fine earth is reduced. Accurate determination of 
stone content is therefore essential to obtain reliable bulk density data 
and, consequently, precise SOC stock estimates (Poeplau et al., 2017). 
This need becomes particularly evident when considering the impor-
tance of subsoil carbon for the global soil carbon pool, as approximately 
63–71% of the total soil carbon stored within the upper 100 cm of soil 
is located below 30 cm depth (Batjes, 2014). Therefore, it is important 
to investigate multiple depths precisely-especially of the subsoil.

Understanding the drivers of SOC stocks is essential for predicting 
ecosystem responses to environmental change. Identifying these drivers 
and possible predictors is also critical for accurately modeling the spa-
tial distribution of SOC stocks across landscapes, thereby supporting the 
development of effective land management and carbon sequestration 
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policies (Beillouin et al., 2022; Liu et al., 2015; Poeplau and Don, 
2013). Such models are fundamental for forecasting future SOC stock 
dynamics and their responses to environmental change (Yigini and 
Panagos, 2016).

However, most research on SOC stock controlling factors has been 
conducted under laboratory conditions, with limited assessment of their 
relevance in natural environments (Rumpel and Kögel-Knabner, 2011). 
Because field conditions are inherently variable and lack the stability 
of controlled settings, advanced modeling approaches are required to 
disentangle and quantify the interactions among SOC stock predictors. 
Generalized linear mixed models (GLMM) allow flexible modeling of 
non-normally distributed response variables and estimate the effects 
of multiple explanatory variables while accounting for random effects 
such as spatial or sampling-related variability (Berridge and Crouch-
ley, 2011). In contrast, Machine learning (ML) approaches are more 
complex, but particularly useful for assessing variable importance and 
exploring patterns in heterogeneous field data without requiring strong 
parametric assumptions (Ryo and Rillig, 2017).

Existing field studies, however, often focus exclusively on the top-
soil (Rial et al., 2017), treat the subsoil as one entity (Angst et al., 
2018), are limited to a single land use (Oppong Sarkodie et al., 2023), 
or rely on predicted rather than measured SOC values in the sub-
soil (Bretas et al., 2025). Therefore, additional field-based studies in-
corporating multiple land use types across the entire soil profile are 
urgently needed.

The aim of this study was to provide novel insights into spatial 
patterns of SOC stocks across various soil depths and their possible 
predictors on the regional scale — at the example of the Fichtelgebirge 
mountains (Bavaria, Germany). Since root depth and root biomass 
production differ substantially among meadows, cropland, and forests, 
and therefore carbon input (Jackson et al., 1996), we hypothesized that 
(i) land use has an effect on SOC stocks across all soil depths down 
to one meter, but (ii) its relative importance decreases with depth, 
where (iii) other factors such as topography and soil climatic conditions 
become more important. Extensive fieldwork was conducted to quantify 
SOC stocks across multiple depths (up to 1 m in 10 cm increments), 
land use types (meadow, cropland, and coniferous forest), and time 
points (96 sampling campaigns evenly distributed over one year). 
GLMMs were used to compare SOC stocks across depths and land-use 
categories. To study the joint effect of multiple predictors and complex 
interactions in more detail, we additionally used random forests in 
combination with explainable machine learning to gain insights into 
the relative importance of predictors. The trained model is further used 
for predicting the spatial and vertical patterns of SOC stocks within the 
landscape.

2. Methods

2.1. Study area and sampling

To determine SOC stocks, soil cores were taken in the Fichtelgebirge 
mountains, northeast Bavaria, Germany, in a 20 × 20 km square area 
around the ‘‘Großer Waldstein’’ (877 m a.s.l.). The study area is located 
in the temperate climate zone with an annual mean temperature of 
6.5 ◦C and annual precipitation sum between 800 and 1000 mm (Bay-
erisches Landesamt für Umwelt, Germany, 2018a). The parent material 
is mainly weathered granite, weathered greywacke and partly bedrock 
dominated by amphibolite, and phyllite (Bayerisches Landesamt für 
Umwelt, Germany, 2018b; Rösch and Hahne, 2024). ‘‘Großer Wald-
stein’’ is part of the low mountain range ‘‘Fichtelgebirge’’ that extends 
diagonally from south-west to north-east through the study area and is 
predominantly covered by coniferous forest. The surrounding landscape 
is rural, characterized by agricultural land (cropland and grassland), 
interspersed with small forest patches and small towns and villages. 
Numerous rivers and streams flow through the area.
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The area contains multiple land use types that are nearly evenly 
represented in terms of spatial coverage. They are characterized by 
similar parent material that results in similar soil types and textures. 
Yet, the study area exhibits climatic gradients due to its low-mountain 
terrain. These conditions allow us to exclude soil type and texture as 
potential SOC stock predictors and to focus instead on factors such as 
soil temperature and soil moisture.

The field campaign was conducted between December 2021 and 
December 2022. We sampled 32 plots per land use type (i.e. forest, 
meadow, cropland). As a sampling approach and to ensure randomiza-
tion, we divided our study area into 64 grid cells (Fig.  A.1). At each 
sampling date, one cell for each land use type was randomly selected. 
The plot location was chosen depending on approachability and per-
mission. We ensured that no cell was sampled more than once per land 
use type. With this sampling design, we aimed to capture the full range 
of environmental gradients within each land-use type. For example, 
forest sites were selectively chosen at lower elevations and on gentle 
slopes, even though forests dominated at high elevations and/or steep 
slopes. This was necessary to ensure comparability with the other land-
use types. No land-use type had significantly different soil moisture, 
soil temperature or TWI values compared to the others. We restricted 
the sampling to terrestrial soils: Cambisols and Cambic Podzols with 
a loamy texture were sampled (FAO) because they dominate in the 
study area. Other soil types that occur sporadically (e.g., gleysols) were 
excluded. Forest samples were taken in Norway spruce (Picea abies L.) 
dominated coniferous forests with an organic layer thickness between 
4–18 cm.

2.2. Bulk density and SOC stocks

On each plot two soil cores were taken with a soil column cylinder 
auger (Eijkelkamp, 100 × 8 cm sampling size) and a gasoline driven 
hammer (Cobra 148, Atlas Copco). Each core was sliced in 10 cm 
increments, respectively, directly in the field. For determination of bulk 
density, one core set was dried at 105 ◦C and subsequently sieved 
(2 mm). Stone content was determined to avoid overestimation of the 
bulk density, which was calculated according to Eq.  (1): 

𝐵𝐷𝑠𝑜𝑖𝑙 [g∕cm3] =
𝑚𝑎𝑠𝑠𝑠𝑜𝑖𝑙 [g]

𝑣𝑜𝑙𝑢𝑚𝑒𝑠𝑎𝑚 [cm3] − 𝑚𝑎𝑠𝑠𝑠𝑡𝑜𝑛𝑒 [g]
𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑠𝑡𝑜𝑛𝑒 [g∕cm3]

(1)

Mass𝑠𝑜𝑖𝑙 is the total mass of soil < 2 mm of the volume of a sample 
(volume𝑠𝑎𝑚). Coarser fractions were classified either as organic material 
(e.g. roots) or stone content (mass𝑠𝑡𝑜𝑛𝑒). For the density of the stone 
content an approximating value of 2.6 g/cm3 was used (Don et al., 
2007). The second set of soil samples was sieved to 2 mm at field 
moist conditions and subsamples were dried at 40 ◦C. Also, roots of 
each soil sample were manually extracted, and its dry mass (40 ◦C) was 
determined. For organic carbon and nitrogen quantification, the dried 
soil was milled with an oscillating mill (MM40 Retsch) and measured 
with an element analyzer (EA/TC-IRMS Nu Horizon, Hekatech/Nu 
Instruments). The SOC stocks were calculated for each 10 cm increment 
separately using the following equation, suggested by Poeplau et al. 
(2017): 

𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘 [t ha−1] =
𝑆𝑂𝐶𝑐𝑜𝑛 [%] ∗ 𝑚𝑎𝑠𝑠𝑠𝑜𝑖𝑙 [g]

𝑣𝑜𝑙𝑢𝑚𝑒𝑠𝑎𝑚 [cm3]
∗ 𝑑𝑒𝑝𝑡ℎ [cm] (2)

where SOC𝑐𝑜𝑛 is the SOC content, mass𝑠𝑜𝑖𝑙 the weight of dried and 
sieved soil in a known volume (volume𝑠𝑎𝑚) multiplied by its
depth/increment thickness.

Sampling to a depth of one meter was sometimes not possible due to 
lower soil thickness above the parent material. Therefore, the average 
values of soil properties in the deeper increments are based on a lower 
number of replicates than those of the topsoil, as indicated in Table 
1. For the total SOC stocks all available soil core increments were 
summed up. In cases where the auger could not reach one meter due 
to bedrock, the SOC stock for that depth increment was assumed to be 
3 
zero because the parent material was weathered granite and greywacke, 
often covered by a stone rich solifluction base layer that typically 
contains negligible proportions of fine soil. Due to the loamy texture, 
there was no problem with soil loss from the auger during extraction.

2.3. Predictor data

We complemented the data set with potential explanatory variables 
for SOC stocks: We selected land use type, mean annual soil temper-
ature, mean annual soil moisture, TWI, and soil depth as predictors. 
These predictors were chosen due to their process-related relevance 
based on literature (Wiesmeier et al., 2019) and spatial availability 
for the study area to enable spatial predictions of SOC stocks. All 
data sets were available at a resolution of 10 m × 10 m for the 
400 km2 study area. We derived land use from the German land 
use map (Geobasisdaten: Bayerische Vermessungsverwaltung, 2020c) 
and differentiated between arable land and grasslands based on the 
German soil inventory (nationwide evaluation system for agricultural 
soil) (Geobasisdaten: Bayerische Vermessungsverwaltung, 2020a). We 
calculated the TWI from the digital elevation model (Geobasisdaten: 
Bayerische Vermessungsverwaltung, 2020b). For the mean annual soil 
temperature and the mean annual soil moisture, we used the spatial 
data from Baumberger et al. (2024), where both variables were mod-
eled for our study area at 10 m spatial and hourly temporal resolution 
for the year 2022. For the organic layer, soil temperature and moisture 
were derived from predictions based on an extended version of the 
same model. We calculated an annual average of soil temperature and 
soil moisture for each depth and assumed that the year 2022 provides 
representative spatial patterns. The predictor values were extracted 
from the spatial predictor data for each measurement site.

2.4. Generalized linear mixed model

To test the effect of land use with depth on SOC stocks we used 
a generalized linear mixed model (GLMM) with the glmmTMB func-
tion of the same-named package (McGillycuddy et al., 2025) using R 
Statistical Software v.4.2.2 (R. Core Team, 2021). Residual diagnostics 
were performed using the DHARMa package (Hartig, 2022) and no 
spatial correlation was found. The response variable, the SOC stock, 
was square-root transformed to reduce heteroskedasticity and skewness 
in the distribution of the residuals. The model included depth, land use 
type, and their interaction as fixed effects, while allowing for a non-
linear relationship between depth depending on the land use type and 
SOC stocks by incorporating a quadratic term. The plot ID was included 
as a random intercept. The Tweedie distribution was selected for the 
error structure due to the characteristics of the SOC stock distribution, 
which includes continuous, positive values, and many very low values. 
Dispersion was allowed to vary as a function of depth and land use type 
to account for heteroskedasticity within the SOC stock data to improve 
model fit.

There was still a small under-dispersion within the first 60 cm, 
below 60 cm a small over-dispersion, but estimated significance levels 
should be conservative. To determine at which depths the effects of 
depth and land use on SOC stock are significantly different, we per-
formed pairwise comparisons at various depths based on the GLMM. To 
this end, we used EMMs (estimated marginal means) of the emmeans 
package (Lenth and Piaskowski, 2025) that provide a robust method for 
estimating and comparing SOC stock while adjusting for the effects of 
other co-variates in the model. Figures were conducted with the ggplot2 
packages (Wickham, 2016).
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Table 1
Soil properties derived from soil core increments. In total, 32 soil cores were sampled for each land use type, respectively. The number of replicates varies with 
sampling depth, as reaching bedrock before 100 cm prevented sampling at lower depths, thereby reducing the number of replicates in deeper increments. The 
mean and standard deviation was calculated for bulk density, stone content, SOC content and SOC stocks per 10 cm increment for cropland (Crop), coniferous 
forest (For) and meadow (Mea).
 Depth Nr of replicates (n) Bulk density [g/cm3] Stone content [Vol%] SOC content [%] SOC stock [t ha−1]
 [cm] Crop For Mea Crop For Mea Crop For Mea Crop For Mea Crop For Mea  
 Organic – 32 – – 0.22 – – – – – 33.47 – – 55.8 –  
 layer ±0.15 ±9.80 ±37.2  
 0–10 32 32 32 1.01 0.66 0.82 11 9 2 2.48 4.77 4.90 22.1 24.8 38.3  
 ±0.20 ±0.18 ±0.12 ±6 ±8 ±3 ±0.65 ±1.81 ±1.69 ±6.3 ±10.8 ±10.7  
 10–20 32 32 32 1.11 0.88 1.07 12 17 11 2.34 2.48 2.87 22.4 16.8 27.1  
 ±0.19 ±0.20 ±0.13 ±6 ±13 ±8 ±0.43 ±1.26 ±0.99 ±3.9 ±6.5 ±8.8  
 20–30 32 31 32 1.17 0.99 1.22 15 18 14 1.68 1.66 1.43 16.9 11.5 14.6  
 ±0.22 ±0.23 ±0.26 ±8 ±11 ±10 ±0.56 ±0.88 ±0.66 ±6.7 ±6.7 ±6.9  
 30–40 32 30 32 1.20 1.08 1.33 18 17 17 0.79 1.2 0.79 7.9 9.6 8.4  
 ±0.26 ±0.24 ±0.28 ±12 ±11 ±12 ±0.42 ±0.77 ±0.73 ±4.6 ±7.8 ±7.8  
 40–50 31 29 32 1.32 1.21 1.43 18 22 18 0.54 0.92 0.62 5.2 7.0 7.2  
 ±0.25 ±0.23 ±0.25 ±13 ±14 ±12 ±0.31 ±0.78 ±0.69 ±3.2 ±6.4 ±8.9  
 50–60 29 28 32 1.43 1.31 1.44 17 22 18 0.41 0.64 0.35 4.0 4.8 4.1  
 ±0.22 ±0.25 ±0.27 ±14 ±14 ±13 ±0.29 ±0.54 ±0.28 ±3.0 ±5.8 ±3.9  
 60–70 27 24 32 1.46 1.35 1.58 17 23 17 0.31 0.44 0.28 2.7 3.0 3.3  
 ±0.24 ±0.29 ±0.25 ±13 ±15 ±15 ±0.27 ±0.29 ±0.18 ±2.2 ±3.5 ±2.3  
 70–80 26 21 32 1.44 1.38 1.55 16 22 17 0.26 0.33 0.26 1.8 2.1 2.9  
 ±0.24 ±0.29 ±0.22 ±12 ±14 ±14 ±0.25 ±0.32 ±0.3 ±1.5 ±2.9 ±3.6  
 80–90 24 17 30 1.48 1.45 1.63 21 14 17 0.20 0.38 0.19 1.6 1.0 1.6  
 ±0.29 ±0.36 ±0.39 ±15 ±21 ±15 ±0.17 ±0.37 ±0.09 ±2.1 ±2.2 ±1.1  
 90–100 20 7 25 1.41 1.33 1.69 13 9 13 0.14 0.23 0.16 0.7 0.2 1.2  
 ±0.27 ±0.33 ±0.26 ±14 ±15 ±14 ±0.07 ±0.13 ±0.09 ±1.0 ±0.8 ±1.4  
2.5. Random forest model

To investigate the complex relationship between SOC stocks and its 
predictors: land use type, mean annual soil temperature, mean annual 
soil moisture, TWI, and increment depth, we trained a random forest 
model. Therefore we used the R Statistical Software v.4.4.1 (R. Core 
Team, 2021) and the ranger package (Wright and Ziegler, 2017) for 
spatial prediction and for analyzing relationships between predictors 
and SOC stocks, as random forests can capture non-linear relation-
ships, are robust to multicollinearity, and provide measures of variable 
importance, making them well suited for exploring complex inter-
actions in heterogeneous field data. To estimate model and spatial 
prediction accuracy, we accounted for spatial dependence during model 
evaluation to avoid spatial leakage and overly optimistic performance 
estimates. Specifically, we tested a spatially informed cross-validation 
approach (Milà et al., 2022; Linnenbrink et al., 2024), which constructs 
folds such that the distribution of distances between training and 
validation locations reflects the distance structure between the training 
data and the prediction area. Due to the relatively even spatial distribu-
tion of the reference data across the study area, this approach resulted 
in cross-validation splits that were effectively similar to random split-
ting. We therefore proceeded with a random partitioning strategy. We 
separated an independent test set prior to model training by randomly 
selecting six measurement sites per land-use type and including all 
soil depths. The remaining sites were used for model training. For 
hyperparameter tuning, we applied 10-fold random cross-validation. 
Thereby, iteratively one fold was held back for validation and used 
to find the model with the lowest root mean squared error (RMSE), 
while testing all combinations of the hyperparameters mtry (number 
of predictors in each split) and the minimum node size. We used a 
fixed number of 100 trees in the random forest. A final model was 
trained with the best hyperparameters mtry = 2 and minimum node 
size = 20. We applied the trained model on the test set to determine 
the prediction performance. As a performance measure, we calculated 
the RMSE and the coefficient of determination R2. To make spatial 
predictions of SOC stocks within the study area, we applied the trained 
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model to the spatial raster data of the five predictors land use type, 
mean annual soil temperature, mean annual soil moisture, TWI, and 
increment depth, arriving at 10 m resolution spatial predictions of SOC 
stocks for the entire 20 km × 20 km study area. Since we had several 
increment depths, we spatially predicted SOC stocks for each depth 
separately by including the respective increment depth. This allowed to 
make a prediction of SOC stocks for the study area in 10 cm increment 
down to a depth of 90 cm (90–100 cm soil depth was not predicted 
due to missing spatial rater data of mean annual soil temperature and 
mean annual soil moisture). To estimate the spatial reliability of the 
model predictions for each depth, we calculated the dissimilarity index 
for the predictors in each pixel on the basis of which we defined the 
area of applicability (Meyer and Pebesma, 2021). This excludes model 
predictions for conditions that differ from the training data, i.e the 
model was not trained for these conditions and predictions have to be 
considered highly uncertain.

2.6. Shapley additive explanation

We used Shapley additive explanation (SHAP), an interpretable 
machine learning method, to analyze the relationships learned by the 
random forest to model SOC stocks. SHAP values were computed and 
visualized in R Statistical Software v.4.4.1 (R. Core Team, 2021) using 
the TreeSHAP (Lundberg et al., 2020) and shapviz packages (Mayer, 
2022). Shapley additive explanation describes the effect of the respec-
tive predictor values on the target variable (Lundberg and Lee, 2017), 
i.e. SOC stocks. SHAP values and SHAP importance was determined for 
all soil depths, but also separately for each depth by splitting the data 
according to soil depth. From this, we determined the effects of the 
predictors land use type, mean annual soil temperature, mean annual 
soil moisture and TWI on SOC stocks for each depth.

3. Results

3.1. Soil properties of the extracted soil cores

Soil samples were collected down to a depth of 1 meter; however, 
in some cases, the auger could not reach the full 100 cm due to shallow 
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soil profiles or the presence of large stones. This was particularly the 
case in the coniferous forest (Table  1).

Soil bulk density generally increased with depth across all land use 
types. Meadow soil was on average marginally denser compared to 
cropland soils and soil of coniferous forests was slightly less dense than 
cropland soil.

Stone content varied between 9–23 Vol% in agricultural soil (crop-
lands and meadows), except for the first 10 cm of meadows, where 
on average only 2% of the volume were stones. In coniferous forests, 
the average stone content was, except for the first 10 cm and the 
last 20 cm, higher than in meadows and croplands and varied be-
tween 10%–25% on average. The standard deviation consistently ex-
ceeded 50% of the mean, sometimes even exceeding the mean (meadow 
0–10 cm & 90–100 cm, forest 80–90 cm & 90–100 cm, cropland 
90–100 cm).

SOC content exhibited a pronounced decrease with depth in conif-
erous forest and meadow soils, while remaining relatively consistent in 
the top 30 cm of cropland soil before declining. Generally, the highest 
SOC content was observed in coniferous forests, followed by meadows 
and croplands.

When considering SOC stocks per 10 cm depth increment, meadow 
soils exhibited the highest average SOC stocks in the upper 20 cm (ex-
cluding the organic layer), despite higher SOC concentrations in forest 
soils, due to their lower bulk density. At 20–30 cm depth, cropland 
showed the highest SOC stocks. Between 30 and 60 cm, coniferous 
forests had the highest SOC stocks per depth increment, whereas from 
60 to 100 cm, meadow soils again exhibited the highest values.

3.2. Influence of land use on SOC stocks

The total SOC stock within one meter varied significantly across all 
land use types, with coniferous forest exhibiting the largest SOC stock 
with 137 ± 52 t ha−1 (organic layer included), followed by meadow 
109 ± 32 t ha−1 and cropland 85 ± 23 t ha−1 (Fig.  1).

This pattern persisted even when considering only the topsoil
(0–30 cm), where forest significantly maintained the highest stock. The 
subsoil SOC stocks of meadow, croplands, and coniferous forest showed 
a different trend. There were no significant differences between the 
land use types, where SOC stocks varied between 24–31 t ha−1, on 
average.

Examining the distribution of total SOC stocks within one land use 
until one meter depth (Fig.  2) revealed that across all land use types, 
the highest SOC stock (> 72%) was concentrated near the surface 
(0–30 cm) with a notable decline in the SOC stock with increasing 
depth.

Coniferous forest soils stored on average 40% of their total SOC 
stock in the organic layer alone and 58% when including the first 
10 cm. Approximately 80% of the total SOC stock in coniferous forests 
was concentrated within the organic layer and topsoil (0–30 cm).

In agricultural soil almost 75% (72% cropland and 74% meadows) 
of the total SOC stock was stored in the topsoil on average. SOC stocks 
in coniferous forest and meadow soils decreased almost exponentially 
with depth, whereas cropland soils exhibited a more uniform distribu-
tion within the top 30 cm. However, more than 20% of the total SOC 
stock was stored in the subsoil across all land use types.

A detailed look at the distribution of the SOC stock in the mineral 
soil per depth (Fig.  3) showed again, that the SOC stocks continually 
decreased with increasing soil depth across all land use types. This 
trend was most pronounced in the top 40 cm of soil, where the decline 
in SOC stocks was steepest and became more gradual with depth. 
Among the land use types, meadows exhibited the highest SOC stock 
values in the upper 20 cm of mineral soil, then coniferous forests had 
the highest SOC stocks per depth increment. Croplands consistently 
had the lowest or second lowest SOC stock values throughout the soil 
profile. It should be noted that there was a high variability in all land 
use types within the data, especially in the upper soil increments.
5 
Fig. 1. Accumulated SOC stocks per land use. The mean stocks of each depth 
increment are accumulated for each land use, respectively. Bars that do not 
share a letter differ significantly from each other (𝑝 < 0.05). In case that 
bedrock was reached within 100 cm depth, SOC stocks of the respective depth 
increments were considered to be zero to calculate realistic SOC stocks in our 
study area (n=32).

Fig. 2. Depth distribution of SOC stocks per land use type in percentage, 
expressed as the percentage of total SOC stock stored in each depth increment. 
In case that bedrock was reached within 100 cm depth, SOC stocks of the 
respective depth increments were considered to be zero to calculate realistic 
SOC stocks in our study area (n=32).

Significant differences were observed at various depths within one 
meter (Table  2). In the 0–10 cm increment, meadows contained signif-
icantly higher SOC stocks compared to both croplands and coniferous 
forests, with estimated mean differences of –14.57 t ha−1 (cropland–
meadow) and –17.30 t ha−1 (forest–meadow). This meadow–forest 
difference persisted in the 10–20 cm increment and appeared again in 
50–60 cm, but with coniferous forests exhibited higher SOC stocks than 
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Fig. 3. Relationship between SOC stock (t ha−1) and soil depth (cm) across different land use types (cropland, coniferous forest, meadow). The data points and 
predicted lines (GLMM model) with a confidence interval (95%) illustrate how SOC stocks decrease with depth for each land use type.
Table 2
Predicted differences between the SOC stocks of crop-
land, coniferous forest and meadow [t ha−1]. The differ-
ence between the means (estimated marginal means) are 
based on the model (n=17–32).
 Depth Cropland- Cropland- Forest-  
 forest meadow meadow 
 0–10 2.73 −14.57* −17.30* 
 10–20 1.09 −4.63 −5.73*  
 20–30 0.15 −0.98 −1.13  
 30–40 −0.39 0.20 0.58  
 40–50 −0.67 0.42 1.09  
 50–60 −0.82 0.29 1.11*  
 60–70 −0.88 0.05 0.93  
 70–80 −0.90 −0.22 0.69  
 80–90 −0.90 −0.48 0.41  
 90–100 −0.88 −0.76* 0.12  
* Significant differences are marked with an asterisk.

meadows. Between 20–50 cm and 60–90 cm, no significant differences 
among land uses were detected. Significantly lower SOC stocks in crop-
lands compared to meadows appeared only in the deepest increment 
(90–100 cm), after the initial difference in the 0–10 cm increment. No 
significant differences in SOC stocks between cropland and coniferous 
forest soils were observed in any depth.

3.3. Influence of topography, land use, soil temperature and moisture on 
SOC stocks

SHAP values allow to determine whether specific land use types or 
feature values (e.g., low or high soil temperature) contribute positively 
or negatively to SOC stocks. Analysis of the SHAP importance of land 
use, mean soil temperature and moisture, and topographic wetness 
index (TWI) on SOC stocks revealed a decreasing influence of land use 
with soil depth. With this decreasing importance of the land use type, 
soil climatological factors (soil temperature and soil moisture) as well 
as topography (described as TWI) become more relevant for SOC stocks 
in the deeper soil increments. However, the SHAP importance of soil 
temperature, soil moisture and TWI varied across depths (Fig.  4b).

In the first 10 cm, meadows were associated with the highest, 
while croplands were associated with the lowest SOC stocks (Fig.  4 a). 
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Coniferous forests, in contrast, were associated with SOC stocks that 
were slightly below the predicted mean values. Between 10–20 cm, 
forests and croplands reversed their relative impacts, with forest soils 
having the lowest SOC stocks compared to meadow and cropland. 
Meadows continued to have higher SOC stocks. Beyond this depth, 
the influence of land use gradually diminished, as indicated by the 
convergence of the point clouds near the center. Between 20–60 cm, 
meadow soils remained associated with slightly elevated SOC stocks, 
while cropland and forest soils generally showed lower values. An 
exception was the 20–30 cm increment, where cropland had SOC stocks 
above the mean. At greater depths (60–90 cm), the influence of land 
use became negligible, with no clear trends observable.

Soil temperature influenced SOC stocks differently across depth in-
crements. In the organic layer, lower soil temperatures were associated 
with lower SOC stocks. In the topsoil, this trend was still present, but 
it reversed below 30 cm where low temperature values were coupled 
with higher SOC stocks. Across all depths, there was a positive trend 
with soil temperature and SOC stocks.

A similar profile pattern to that of soil temperature was observed 
for soil moisture; however, no clear trend was visible in the organic 
layer. Additionally, the positive effect of soil moisture in the topsoil 
was less pronounced. When comparing all depths, the negative trend 
in the subsoil was more dominant than the slight positive trend in the 
topsoil—opposite to the pattern observed for soil temperature.

Low TWI values were associated with both below- and above-
average SOC stocks, indicating no consistent pattern. Only high TWI 
values showed a slight trend, with a negative influence on SOC stocks 
in the organic layer and upper 40 cm, followed by a minor positive 
influence at greater depths. Over all depths, no clear or consistent 
pattern was observed in relation to TWI.

When comparing all predictors based on their SHAP importance, 
soil temperature and TWI showed by far the highest relative importance 
in the organic layer. Land use types had the greatest relative influence 
in the top 20 cm of the soil profile, with their impact decreasing 
markedly with depth. Below 20 cm, SOC stocks were primarily in-
fluenced by soil climate and topographic parameters, which exhibited 
similar relative importance and a decreasing impact with depth.

For spatial predictions of SOC stocks across multiple soil depths (Fig. 
5), the random forest model was used. Model performance evaluation 
revealed a RMSE of 7.61 t ha−1 and a R2 showing the proportion of 
explained variance of 0.78.
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Fig. 4. a Shapley additive explanation (SHAP) values for the predictors across all depths (top row) and separated per depth. The position of a point on the x-axis 
determines the effect (positive or negative) of the predictor on the target variable SOC, whereby the color indicates whether the predictor value is high or low. 
In case of land use the color indicate the respective land use type. b SHAP importance of the predictors for all depths (top row) and separated per depth.
The highest SOC stocks per depth were predicted in the organic 
layer of the forest with values between 40 t ha−1 and 80 t ha−1. The 
SOC stocks were comparatively low in the center of the study area 
along the mountain range, while the highest SOC stocks were predicted 
in the coniferous forests located in the lower plain. In mineral soils, 
SOC stocks of individual depth increments were predicted between 0 t 
ha−1 and 40 t ha−1, decreasing with depth. At a depth of 0–10 cm, 
meadows exhibited markedly elevated SOC stocks compared to the 
other land use types. At soil depths of 10–20 cm and 20–30 cm, the 
structures of the forest areas with lower SOC stocks than in meadows 
and cropland were clearly visible. Below a soil depth of 30 cm, only 
small variations were evident within the study area but the structure 
of the mountain range, which extends diagonally from the south-west 
to the north-east through the study area, was still reflected in the SOC 
stock patterns across all depth increments. Along the mountain range, 
large areas were outside the area of applicability as the bedrock was 
close to the surface and the soil cores could not always be taken down 
to a depth of 1 m and thus there were less training data available 
for the deeper increments here (Table  1). Predictions were made for 
the whole study area, including semi-terrestrial and stagnic soils even 
though data were collected exclusively on terrestrial soils. These areas 
were predominantly outside the area of applicability, as the moisture 
conditions differed from those in the training data. Consequently, the 
area of applicability limits the SOC stock predictions to the reliable ones 
— including areas and depths for which sufficient and representative 
training data were available (Fig.  5).

4. Discussion

4.1. Land use effect on total SOC stocks

SOC stocks declined with increasing depth, yet the subsoil (30–
100 cm) still contained more than 23 t ha−1, corresponding to about 
20% of the total SOC stored down to 1 m (Fig.  2). In agricultural 
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soils (including croplands and meadows), the relative contribution of 
subsoil SOC to the total SOC stock was slightly higher (26%) than in 
forests, but still markedly lower than the 36% reported for Bavaria 
by Mayer et al. (2019). While their mean topsoil SOC stock (71.7 t 
ha−1) was comparable to our estimate (70.7 t ha−1), their mean subsoil 
SOC stock was substantially greater (41.5 t ha−1 versus 26.3 t ha−1 for 
meadow and cropland soils in our study (Table  1). Mayer et al. (2019) 
identified soil type as a dominant control on SOC stocks, showing 
that agriculturally managed Cambisols store less SOC in both topsoil 
and subsoil than other soil types such as Gleysols or Colluvisols. In 
contrast, major landform was highlighted as a key predictor of SOC 
stocks, with higher values on plains (< 2◦) and gently sloping terrain 
(2–6◦) compared to steeper slopes. Notably, 98% of our sampled plots 
were located on slopes < 6◦. Taken together, these findings suggest 
that contrasting abiotic conditions explain our results: lower subsoil 
SOC stocks than those previously reported are likely influenced by the 
predominance of Cambisols in our study area, whereas topsoil SOC 
stocks remain close to the regional mean due to the dominance of 
gently sloping landforms, less dependent of soil type.

Croplands had the lowest SOC stock within one meter (or down to 
bedrock) compared to forest and meadow soils (Fig.  1). This finding 
is consistent with the representative inventory of total SOC stocks 
in Bavaria by Wiesmeier et al. (2012) as well as with the national 
inventory of agricultural soils (Vos et al., 2019). The German inventory 
study concluded that topsoil SOC stocks are primarily influenced by 
land use, whereas subsoil SOC stocks are shaped by other factors such 
as parent material and relief. Our finding supports the hypothesis that 
the impact of the intensity of agricultural use on SOC stocks is mainly 
restricted to the topsoil.

In a study focusing on the state Bavaria including the Fichtelgebirge 
mountains, Wiesmeier et al. (2013a) concluded that differences in SOC 
stocks between meadows and croplands were primarily driven by soil 
moisture–induced SOC stabilization in the subsoil. In contrast, our 
results indicate that the larger total SOC stock observed in meadows 
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Fig. 5. Predicted SOC stocks for multiple soil increments in the 20 km × 20 km large study area in the Fichtelgebirge mountains, Germany. The top left panel 
shows the SOC stocks of the organic layer, which was only present in forests. The remaining panels show SOC stocks in the mineral soil in 10 cm segments down 
to a soil depth of 90 cm.
is mainly attributable to higher SOC stocks in the topsoil. A possible 
explanation for this discrepancy lies in the extend of the study area: 
Wiesmeier et al. (2013a) considered sites across the entire state of 
Bavaria, covering a wide variety of climatic conditions and parent 
materials, whereas our study was conducted within a comparatively 
small region with limited climatic variation and relatively uniform 
parent material. Also, soils with permanently high soil moisture, such 
as fluvisols or gleysols, were excluded from our study. However, the 
national inventory by Vos et al. (2019), which covers an even wider 
range of climatic conditions and parent materials across all soil groups, 
supports our findings. Again, the spatial scale may provide an ex-
planation, as soil moisture–induced SOC stabilization in the subsoil 
could play a particularly important role in Bavaria, with its numerous 
mountain ranges (Wiesmeier et al., 2013a), but may be less relevant 
at the national scale across Germany. Also, it is important to note that 
soil properties and environmental conditions influence the choice of 
land use type (Poeplau et al., 2020), as for example fertile soils with 
favorable climatic conditions are preferentially used as croplands. This 
might be especially evident at a regional scale, but possibly less at 
state or national scale. Altogether, this highlights the importance of 
investigating SOC stock predictors also on a regional scales in order 
to disentangle the complex interactions among multiple influencing 
factors.

While the representative inventory of total SOC stocks in
Bavaria (Wiesmeier et al., 2012) showed meadows to have higher SOC 
stocks than forests, our study revealed that coniferous forests had the 
highest SOC stocks, despite shallower soil profiles (< 100 cm) compared 
to other land use types (Table  1). Total SOC stock in coniferous forest 
was 136.6 t ha−1 and 80% was stored above 30 cm. This is above the 
median for Bavarian forests, but still aligns with the ranges reported 
by Wiesmeier et al. (2012) and the Bavarian Forest Soil Inventory 
(Schubert, 2010). Total SOC stocks in Bavarian forests were strongly in-
fluenced by climate factors (temperature and precipitation) (Wiesmeier 
et al., 2013b). Thus, the high SOC stocks in the coniferous forests of the 
Fichtelgebirge low mountain range may be attributed to the region’s 
cold and humid climate, which promotes organic carbon accumulation 
in Bavarian forests (Wiesmeier et al., 2013b). This supports previous 
findings, that SOC storage is probably not solely determined by land 
use, a point that will be elaborated in the Section 4.3 section.
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4.2. Land use effect by depth

Land use had a significant effect on total SOC stocks within the up-
per one meter. These findings were supported by previous studies (Vos 
et al., 2019; Poeplau and Don, 2013; Mueller and Koegel-Knabner, 
2009), but, to our knowledge, it is the first study showing that the 
influence of land use on SOC stocks is not consistent across all depths 
at a regional scale (Table  2). In the upper 10 cm, significant differ-
ences were observed between cropland and meadows, and between 
coniferous forest and meadow, while no significant differences were 
found between cropland and forest despite the contrasting properties 
of these land use types. The rather low SOC stocks in croplands in 
the first 10 cm likely result, among others, from regular plowing and 
mixing of plant residues within the first 30 cm, thereby preventing 
SOC accumulation at the soil surface (Fig.  1). In coniferous forests, 
SOC stocks were comparable to those of croplands despite higher SOC 
content. This can be mainly attributed to the low bulk density of forest 
soils in the top 10 cm (Table  1).

Meadows are consistently observed to store more SOC than crop-
lands in total, as also documented by Hassink (1997), Paltineanu et al. 
(2024), Wiesmeier et al. (2012, 2013a). This may result from a higher 
proportion of root-derived carbon in meadows, as suggested by Ja-
cobs et al. (2020), rather than differences in carbon input quantity. 
However, our study indicates that this difference arises mainly from 
higher SOC stocks in the topsoil, particularly the first 10 cm (Fig.  3). 
Despite different root depth and root abundance between permanent 
vegetation and annual crops (Lasisi et al., 2018; Monti and Zatta, 2009), 
no significant difference in SOC stocks was observed between meadows 
and cropland below this depth.

Other studies have also found that the effect of land use on SOC 
stocks in German agricultural soils is confined to the topsoil (Vos et al., 
2019). However, our detailed analysis showed significant differences 
between meadows and cropland in the 0–10 cm and 90–100 cm incre-
ment, but the difference in the deepest increment was rather small with 
0.76 t ha−1 on average compared to the 14.57 t ha−1 in the 0–10 cm 
increment (Table  2). Thus, the effect is mainly restricted to the surface. 
This is particularly relevant, as the soil surface is highly vulnerable to 
changing climatic conditions, one of the main predictors of SOC stocks 
in Bavarian meadows (Kühnel et al., 2019).

Despite carbon losses due to biomass removal by mowing or graz-
ing, meadows exhibited significantly higher SOC stocks in the first 
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20 cm than coniferous forests (Table  2). This may be explained by 
fertilization of the meadows in the study area, which can enhance SOC 
stocks (Poeplau et al., 2018). Additionally, a substantial proportion of 
SOC in the coniferous forests in our study — on average 41% — is 
stored in the organic layer above the mineral soil. Coniferous forests are 
characterized by low pH and slow SOC turnover (Amelung et al., 2018), 
which explains the observed accumulation of SOC as organic layer (on 
average 9 cm) above the mineral soil. Still, in mineral soil, the highest 
SOC content among all land use types and depths occurred in the top 
10 cm in forest soils. Yet, the bulk density was about 23% lower in the 
topsoil compared to meadow soils. SOC content consistently decreased 
with depth while bulk density increased, except in the 90–100 cm 
increment (Table  1). This resulted in significantly higher subsoil SOC 
stocks in forests compared to meadows (50–60 cm). This is likely 
attributable to deeper tree root systems contributing to organic carbon 
input directly into the subsoil (Heinze et al., 2018; Angst et al., 2018). 
Indeed, larger amounts of roots were recorded in soil samples of forests 
than of meadows and croplands (root dry biomass in 30–100 cm: 
cropland 35 g ± 44 g, coniferous forest 546 g ± 553 g, meadow 
28 g ± 30 g, data not shown). Below 40 cm, the number of coniferous 
forest samples declined because many forest soils were shallower than 
100 cm (only 20 of 32 profiles reached full depth), whereas all meadow 
soils exceeded at least 80 cm depth (Table  1). This reduced sampling 
depth in coniferous forests resulted in lower observed SOC stocks in 
the subsoil and may explain why SOC stocks below 60 cm were not 
significantly higher in coniferous forests compared to meadows.

Statistically significant differences in SOC stocks per 10 cm incre-
ment between land use types were observed only in the 0–20 cm, 
50–60 cm, and 90–100 cm increments, with no detectable variation 
between 20–40 cm and 50–90 cm. Although an aggregated comparison 
of topsoil versus subsoil suggested a land use effect limited to the 
topsoil, our detailed analysis revealed significant differences among 
land uses within specific subsoil depths. This highlights the importance 
of conducting comprehensive, depth-resolved soil studies to accurately 
assess SOC stocks and dynamics across different land use types—
particularly when comparing agricultural soils with coniferous forest 
soils.

As outlined above, significant differences in SOC stocks were ob-
served down to 100 cm, but not consistently across all depth incre-
ments. Consequently, we must reject our initial hypothesis (i) that land 
use has a detectable effect on SOC stocks at every measured depth 
increment.

4.3. Effect of topography, soil climate and land use on SOC stocks

While land use had a significant impact on SOC stocks, other factors 
such as soil climate, topography, soil texture, and bedrock material 
also play crucial roles (Mayer et al., 2019; Vos et al., 2019; Wiesmeier 
et al., 2019; Poeplau et al., 2020). In our study, conducted within a 
relatively small area of 40 km2, the bedrock was predominantly granite, 
and soil texture varied only from sandy loam to loamy sand (according 
to German Soil classification (Sponagel et al., 2005)). These relatively 
uniform conditions allowed us to minimize the influence of factors such 
as parent material, enabling a more detailed assessment of the effects 
of land use, topography, soil temperature, and soil moisture on SOC 
stocks across different depths.

Land use had the highest SHAP importance within the top 20 cm, 
whereas abiotic factors had higher SHAP importance below this depth 
(Fig.  4). This could indicate that topsoil SOC stock dynamics are 
mainly driven by different carbon inputs, as regulated by vegetation 
type, whereas carbon input patterns are less important in the subsoil 
- a conclusion consistent with (Vos et al., 2019). In addition, tillage 
usually affects the upper 30 cm of cropland soils, which alters the 
SOC stocks (Alcántara et al., 2016) due to SOC relocation and reduced 
bulk density. The higher importance of land use in the topsoil was also 
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reported in other studies (Mayer et al., 2019; Vos et al., 2019), but our 
data showed the decreasing importance with depth.

Across all depths, SHAP values indicated higher SOC stocks in 
meadows and lower SOC stocks in coniferous forests and croplands, 
despite the higher total SOC stocks observed in coniferous forests. 
This discrepancy arose because the organic layer, which contributes 
substantially to SOC stocks in forests, was separated in the prediction. 
Cropland was associated with the lowest SOC stocks in the first 10 cm, 
but with higher SOC stocks in 20–30 cm than average. This may 
resulted from SOC relocation to deeper topsoil increments by plowing. 
The higher meadow SOC stocks in the topsoil are probably a result 
of fertilization and the root biomass, as discussed above. Between 
30–60 cm, meadow soils remained associated with higher SOC stocks, 
while forest and cropland soils were linked to lower SOC stocks, 
despite the significantly higher stocks in coniferous forests compared 
to meadows. Bioturbation plays a key role in the translocation of 
SOC into deeper soil increments (Rumpel and Kögel-Knabner, 2011). 
However, bioturbation is typically limited in coniferous forest soils due 
to acidic conditions, resulting in lower biological mixing compared to 
meadows (Taylor et al., 2019). In croplands, tillage can further disrupt 
bioturbation processes (Torppa and Taylor, 2022), potentially limiting 
the downward transport of organic matter and contributing to lower 
SOC stocks in deeper soil increments.

Climate factors, such as soil temperature and moisture regulate SOC 
stocks by influencing microbial activity and carbon decomposition (Li 
et al., 2019; Coûteaux et al., 2001) and also plant growth and therewith 
carbon supply to the soil (Forstner et al., 2021). Additionally, water 
can also lead to translocation of SOC to deeper soil increments (Lorenz 
and Lal, 2005). Our results generally indicated a positive association 
between SOC stocks and soil temperature, particularly in the top-
soil, including the organic layer. However, with increasing depth, this 
trend reversed. Increased temperature can stimulate biomass produc-
tion (Forstner et al., 2021), thereby enhancing SOC inputs; however, 
it can also accelerate decomposition rates (Meyer et al., 2018). It is 
plausible that the amount of carbon input plays a greater role in main-
taining SOC stocks in the topsoil, whereas the faster decomposition rate 
is comparatively more important in the subsoil. Thus, soil temperature 
has a different influence depending on depth, but for the total SOC 
stocks higher temperatures were associated with higher SOC stocks.

Soil moisture showed the opposite trend for the total SOC stocks, 
but had a similar profile pattern: low soil moisture was associated with 
low SOC stocks in the topsoil, but this relationship shifted at greater 
depths till 40 cm. Below this depth, no clear trend was visible. Low 
soil moisture and droughts can reduce biomass production resulting 
in lower carbon inputs (Deng et al., 2021), whereas limited water 
availability inhibits carbon decomposition (Xiao et al., 2023). In our 
study area, drought-induced inhibition of SOC decomposition likely had 
a greater impact in the subsoil, whereas reductions in biomass pro-
duction under drought were more relevant for topsoil SOC stocks. The 
higher total SOC stocks observed under lower soil moisture suggest that 
decomposition inhibition was the dominant influence. Consequently, 
total SOC stocks appeared to be negatively influenced by soil moisture, 
although this effect was also depth-dependent.

Both soil climate factors exhibited a similar but decreasing SHAP 
importance with depth, except for the organic layer. Here, temperature 
and TWI had by far the highest importance. The importance of climate 
factors was also confirmed in Wiesmeier et al. (2013b) and Mayer et al. 
(2019) for Bavarian forest, meadow and croplands.

The topographic wetness index highlights areas where water but 
also plant material accumulates due to the topographic position. In 
the Fichtelgebirge mountains, no clear trend was observed despite a 
visible SHAP importance in every depth. There would be probably 
a clear trend if semi-terrestrial and stagnic soils were included as 
both Wiesmeier et al. (2019) and Mayer et al. (2019) found a positive 
correlation between TWI and total SOC stock in Bavarian land use 
systems.
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In general, the importance of almost each predictor decreased with 
depth, paralleling a reduction in SOC stock differences among land-
use types. Consequently, differences in subsoil SOC stocks may become 
more pronounced at larger spatial scales, such as state or national 
levels, where the range of abiotic predictors is broader. Nevertheless, 
substantial uncertainty in subsoil SOC stock predictors was also re-
ported in a national-scale study by Mayer et al. (2019), underscoring 
the need for more comprehensive, depth-resolved datasets to develop 
effective strategies for enhancing subsoil carbon sequestration and 
preventing SOC losses.

The chosen predictors not only had direct effects but also interact 
with one another. Land use indirectly affects the soil climate parameters 
by altering soil temperature and moisture through plant interactions. 
For instance, plant shading can reduce soil temperature, while plant 
water uptake influences soil moisture availability. Conversely, land use 
type is also chosen by soil properties e.g. topography and climate (Poe-
plau et al., 2020) and higher elevation or the inclination of a slope 
can lead to different soil climates. In our study area, spatial land use 
patterns were driven by climate and topography: shallow, rocky and 
colder soils were predominantly forested and wetter soils were primary 
used for meadows (Baumberger et al., 2024). With ongoing climate 
change and the increasing frequency of summer droughts, wetter soils 
that are currently used as meadows may become more attractive for 
conversion to cropland, which — as shown in this study — stores less 
carbon in the subsoil.

Despite — and partly because of — the interdependence among 
predictors, it is essential to investigate them jointly to obtain a com-
prehensive understanding of SOC dynamics. For example, climatic 
conditions showed relatively low importance for SOC stocks in agri-
cultural soils across Bavaria (Vos et al., 2019), whereas they were 
identified as major predictors in Bavarian forest soils (Wiesmeier et al., 
2013b). This contrast underscores the need to consider both, all land 
use types and broader environmental factors, across the full soil profile 
(to at least one meter depth). In our study the relative importance 
of land use decreased with depth(ii) and the abiotic factors (TWI, 
soil temperature and soil moisture) become more important (iii). Such 
depth-resolved and integrative analyses are crucial for refining car-
bon models and improving predictions of SOC stocks under changing 
environmental conditions (Dubeux et al., 2024; Todd-Brown et al., 
2013).

5. Conclusion

Our study demonstrated that land use influenced SOC stocks within 
a depth of 100 cm, but not consistently. This effect was detectable only 
through high-resolution sampling in 10 cm increments, whereas aggre-
gated comparisons of topsoil versus subsoil could have masked these 
differences. Most SOC was stored in the topsoil, where it is primarily 
influenced by land use, whereas abiotic controls (TWI, soil temperature, 
and soil moisture) exert a stronger influence on SOC stocks in the larger 
soil volume (20–100 cm). Climate change is expected to modify soil 
temperature and moisture regimes, which may lead to changes in SOC 
dynamics that are not yet well understood. By examining SOC stock 
patterns in a region with relatively uniform soil type and texture, we 
highlighted the value of depth-resolved analysis for disentangling the 
effects of land use and environmental conditions.
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See Fig.  A.1.

Fig. A.1. Study area map (OpenStreetMap, EPSG:3857) with an 8 × 8 grid 
used for plot selection (coordinates: 11.72◦ E–11.99◦ E, 50.05◦ N–50.24◦ N). 
Blue squares indicate coniferous forest plots, brown squares cropland, and 
green squares meadow sites.
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