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Abstract. More than 90 % of the total carbon (C) in alpine ecosystems is stored belowground, yet spatial estimates of soil organic
carbon (SOC) stocks remain scarce due to limited accessibility and the demanding nature of SOC stock estimates in rocky alpine
terrain. By combining new measurements at 144 sites across the Swiss Alps with data from existing inventories, we compiled a
comprehensive dataset on SOC stocks totalling 307 sites from treeline to the permafrost region (1750 m — 3100 m a.s.l.). We
15 predicted the spatial distribution of SOC by linking stock measurements to environmental covariates using Quantile Regression
Forests (QRF) and produced a SOC stock map at 25 m resolution illustrating the spatial SOC variability in alpine terrain. Our
results show that SOC stocks average 7.3 + 3.3 kg m™2 in alpine grasslands and 1.8 + 1.7 kg m™ in partly vegetated areas around
and above the vegetation line. Overall, the alpine region of Switzerland, which covers one-third of the total country area, stores an
estimated amount of 47.6 Mt SOC, representing a non-negligible share of the Swiss greenhouse gas inventory. Vegetation
20 productivity, represented by the Normalized Difference Vegetation Index (NDVI) and topo-climatic covariables, together with
vegetation-derived indicators of humus content and soil pH, were highly informative for spatial predictions. This study identifies
hotspot regions of SOC storage and influential spatial predictors of its distribution, providing a quantitative baseline for assessing
the status-quo and future changes in alpine SOC stocks under continued climate and land-use change. The observed increase in
SOC stocks with increasing NDVI suggests that climate change-driven greening at high elevations, where vegetation cover is

25 currently sparse, may enhance SOC storage, although the rates and magnitude of these changes require further investigation.
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1 Introduction

Worldwide, cold regions bear the greatest soil organic carbon (SOC) pool in terrestrial ecosystems, with the majority being stored
across the northern circumpolar regions (Hugelius et al., 2014; Jobbagy & Jackson, 2000). Whereas at high latitudes, organic
matter stocks from arctic soils are well documented (Bockheim & Munroe, 2014; Hugelius et al., 2013; Ping et al., 2008; Siewert,

35 2018; Wagner et al., 2023), the amount of SOC stored in alpine regions is poorly known due to the difficulty of accessing as well
the high heterogeneity of rocky soils (Hagedorn et al., 2019). Yet, mountain regions, covering almost 30 % of the surface area
worldwide, provide a variety of ecosystem services (Grét-Regamey & Weibel, 2020; Ioan et al., 2025) and are expected to be most
strongly affected by climate change, with profound consequences for species distributions and ecosystem functions such as carbon
(C) storage (Hagedorn et al., 2019; Pepin et al., 2022; Steinbauer et al., 2018; Trautmann et al., 2023).

40
As global temperatures rise, alpine regions are experiencing shifts in vegetation dynamics, commonly referred to as "alpine
greening" (Choler et al., 2021, 2024; Rumpf et al., 2022). Alpine greening could significantly influence C cycling within these
ecosystems, due to greater C input through roots and litter, potentially leading to C gains (Quan et al., 2024), particularly above
the current vegetation line, where the potential to sequester additional C is high (Udke et al., submitted). However, future sink

45 function may be counteracted by enhanced microbial respiration, driven by warmer temperatures, resulting in higher SOC-derived
CO; release (Bright et al., 2025; Y. Chen et al., 2024; Hagedorn et al., 2010). As alpine permafrost warms and thaws, SOC may
become subject to mineralization, including C release from mineral-stabilized C pools that are considered relatively resistant to
decomposition (J. Chen et al., 2020; Streit et al., 2014). Given the large uncertainty in the net-response of alpine SOC stocks to
warming and vegetation shifts, there is an urgent need for a baseline assessment of existing SOC stocks in alpine landscapes,

50 especially across elevational gradients and vegetation transitions.

The magnitude and spatial distribution of SOC stocks are shaped by the combined influence of vegetation, climate, topography,
parent material, and time, with their interactions often leading to overlapping and complex effects on SOC patterns across the
landscape (Baruck et al., 2016; Bonfanti et al., 2025; Guidi et al., 2025; Jenny, 1946; Wiesmeier et al., 2019; R. Yang et al., 2015;
55 Y. Yang et al., 2008). Input of SOC is primarily regulated by vegetation productivity and biomass turnover, while the long-term
stabilization of SOC is constrained by microbial decomposition processes and the availability of reactive mineral surfaces linked
to parent material (Fang et al., 2019; Jia et al., 2024; Maier et al., 2025; Rowley et al., 2018). Alpine grasslands above the treeline
are typically SOC rich, because low temperatures suppress microbial decomposition while dense root systems of perennial alpine
plants and leaf litter continuously supply organic inputs to the soil (Peng et al., 2025; Trautmann et al., 2023). In contrast, sparsely
60  vegetated habitats at higher elevation with poorly developed soils on unconsolidated scree material currently store little SOC, and
stocks drop abruptly at the vegetation line (Udke et al., submitted). However, these zones have shown the strongest increases in
plant productivity and vegetation cover under ongoing warming (Choler et al., 2021). Alpine species can readily colonize such
areas under an alpine greening scenario, where loose substrate allows for rooting and organic matter retention. Exposed bare rock,
however, impedes colonization due to the lack of physical soil development (Figure 3). Therefore, distinguishing these three major
65 land-cover types (alpine grasslands versus partly vegetated scree and bare rock) is essential for quantifying current SOC stocks

and assessing how C storage potential may shift across these early-successional alpine ecosystems.

Numerous soil property maps are available for most low elevation regions of Switzerland (Gupta et al., 2024; Reusser et al., 2023;

Stumpf et al., 2023, 2024). Explicit spatial estimates of SOC stocks in Switzerland exist for forest soils (Baltensweiler et al., 2021;
2
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70  Nussbaum et al., 2014; Perruchoud et al., 2000), and for agricultural land (Leifeld et al., 2005; Stumpf et al., 2018). Regarding
SOC stocks in alpine regions, earlier efforts such as Zollinger et al. (2013) linked SOC data from a limited number of topsoil
profiles to the elevational distribution of permafrost. Leifeld (2005) estimated that alpine pastures contain about 6.3 kg m2 of SOC,
while another study with a limited number of soil profiles reported 5.5-10.2 kg m™ for the uppermost 30cm of natural alpine
grasslands (Budge et al., 2011). For comparison, Swiss forest mineral soils store around 12.6 kg C m™2 (Nussbaum et al., 2014),

75 and permanent lowland grasslands and arable soils contain approximately 9 kg m™= (Leifeld et al., 2005), highlighting the
comparatively high SOC stocks stored in alpine ecosystems. However, efforts to quantify the spatial distribution of SOC stocks
are constrained by limited sampling density and sampling depth alongside a low economic interest in these regions. A recent study
by Udke et al. (submitted) addressed this limitation by extensively sampling soil pits down to parent material along elevational
gradients from the treeline to permafrost regions. While their study presents the most detailed quantification of the elevational

80 distribution of alpine SOC stocks, a comprehensive spatial SOC stock assessment remains absent for the Swiss Alps. Furthermore,
improving the spatial quantification of SOC through adequate sampling density in alpine regions would strengthen national C

accounting, which is part of Switzerland’s mandatory greenhouse gas reporting under the Paris Agreement (FOEN, 2025).

To quantify SOC stocks across the alpine landscape, we collected topsoil SOC stock data (0-20 cm) at 147 sites distributed
throughout the Swiss Alps and complemented this data with existing soil inventory data from Biodiversity Monitoring Switzerland
85 (BDM), capturing the topographic and environmental variability. We further incorporated data from several summit surveys of the
Global Observation Research Initiative in Alpine Environments (GLORIA) (Adamczyk et al., 2019), extending coverage into high-
alpine and sparsely vegetated summit zones resulting in a total of 307 sites. To estimate SOC stocks beyond the sampled depth of
20 cm, we established pedotransfer functions (PTF) based on depth-dependent distributions of soil variables down to bedrock by
Udke et al. (submitted). We then developed a predictive spatial model using Quantile Regression Forest (QRF), integrating
90 topographic, climatic, and vegetation-derived covariates, to model SOC stocks on an alpine-wide scale, addressing the question:
How much SOC is stored in the alpine soils of Switzerland on an areal base (kg m™) and in the entire alpine zone (Mt C)? What
are informative spatial predictors for SOC stocks, what are the differences among major landcover zones and what is the spatial
distribution? In light of the pressing need for robust spatial data on alpine SOC, we provide a comprehensive assessment of SOC

stocks based on in-situ data from the treeline to permafrost regions in the Swiss Alps.

95 2 Materials and Methods

2.1  Study area

The study area covers the alpine region of Switzerland located above the climatic treeline, roughly extending from 1750 m a.s.l.
to the nival zone with permanent snow and ice cover. This region is characterized by pronounced climatic gradients resulting from
its highly heterogeneous topography. Mean annual air temperature ranges from approximately 1.2 °C, measured at the long-term
100 Stillberg treeline research site (2090 m a.s.l) (Lechler et al., 2024) to about -7 °C as measured at the high-alpine Jungfraujoch
climate station at 3571 m a.s.l. (MeteoSchweiz, 2024). The northern Alps have a humid oceanic climate with about 1200-2000 mm
of precipitation, while the central Alps have a continental regime with 500-900mm (MeteoSchweiz, 2022). Geological parent
material varies substantially throughout the Swiss Alps: while calcareous substrates dominate the Pre-Alps and parts of
southeastern Switzerland, metamorphic and crystalline rocks are more common in the Central and Southern Alps, giving rise to a

105 complex mosaic of parent materials and strong variation in soil-forming factors. Soil types across the Swiss alpine region are
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predominantly Cambisols and Podzols around the treeline to Cryosols, Rankers, Rendzinas and Leptosols at the vegetation line

and above (Baruck et al., 2016; Bednorz et al., 2000; Musso et al., 2019).

2.2 Soil sampling campaigns

The soil data originate from three sampling campaigns conducted in the Swiss Alps spanning elevations from 1,750 to 3,150 m
a.s.l. covering the entire environmental space of the alpine region. (1) We collected soil data at 97 sites of the Intercantonal
Measurement and Information System (IMIS), a climate station network established across the Swiss Alps in the late 1990s located
mostly on remote plateaus or gentle slopes to improve avalanche forecasting (Rhyner et al., 2002). To increase topographic
heterogeneity, we complemented the IMIS data further with 47 additional sites sampled along five elevational transects, targeting
steeper slopes, higher elevations, and calcareous bedrock areas, which were underrepresented in the IMIS dataset. We placed two
elevation gradients on calcareous bedrock and three on siliceous bedrock with approximately 175 m elevational difference between
sites. Since sampling at the elevational transects followed the same protocol as at the IMIS stations, we refer to them collectively
as “IMIS” throughout the study, resulting in a total of 144 sites within this campaign (nnwiis = 144). (2) The second dataset (ngpm =
143) originates from the national soil survey of the Swiss Biodiversity Monitoring programme (BDM), which follows a grid-based
sampling design (for details, see Reusser et al., 2023), whereby we filtered the BDM data for sites above 1750 m a.s.l. (3) A
detailed methodological comparison supporting the combination of BDM and IMIS data is provided in Appendix C. The third
dataset (ngroria = 20) stems from mountain summits included in the GLORIA mountain research initiative (Adamczyk et al.,
2019), providing SOC stock data for high elevation sites on summits above 2500 m a.s.l. Samples were taken at six different
summits in each cardinal direction approximately 10 - 15 m below the summit, resulting in 20 sites, following the GLORIA

protocol (Pauli et al., 2015).
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Figure 1: Schematic overview of the workflow. Topsoil data from three monitoring campaigns; Biodiversity Monitoring Switzerland (BDM),

Global Observation Research Initiative in Alpine Environments (GLORIA), and the Intercantonal Measurement and Information System (IMIS)
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including soil profile sites (Udke et al., submitted). Corresponding values of ten environmental covariables available at the national scale (mean
summer air temperature, mean precipitation, vegetation greenness derived from the NDVI, vegetation-derived humus-proxy (Landolt-H),
130 vegetation-derived topsoil pH-proxy (Landolt-R), northness, curvature, TWI, slope, and melt-out day) were extracted at each sampling location
and used to train a QRF model with 5-fold spatial cross-validation (CV), where hyperparameters were optimized and performance metrics
obtained. The final QRF model based on optimal hyperparameters was applied to the masked covariates to generate spatial SOC stock predictions

as well as associated uncertainty maps, and to calculate the total spatial SOC stocks.

Three of the five elevation gradients within IMIS included soil pits reaching the parent material, to sample complete SOC profiles

135 from treeline to permafrost regions (1998 m — 3120 m a.s.l.) (Udke et al., submitted). In total, 17 soil pits were excavated, including
5 on calcareous, and 12 on siliceous bedrock. In these soil pits, soil samples of large volumes were taken, allowing us to quantify
soil mass and stone content to a greater accuracy compared to topsoil sampling. These profile data were then used to constrain
pedotransfer functions (PTF) to quantify the subsoil SOC stocks below 20 cm at all 307 sites used for spatial modelling (Figure
2).

140 2.3  Estimation of fine earth (FE) density and rock fragment fraction

Estimation of fine earth bulk density (referred to as “fine earth density”: FE density) and rock fragment fraction was conducted in
the same way in all campaigns, although we acknowledge that potential discrepancies may arise due to different sampling volumes
(Figure C2). Soil samples at IMIS sites were taken using a lightweight custom-made metal corer (diameter 2 cm), suitable for
sampling in remote areas with difficult access. At each of the sites, we took four spatial replicates with each of them pooled from
145 three cores sampling soils at the depth intervals 0-5, 5-10, and 10-20 cm (Figure 2, Figure C3). For BDM samples, four replica
samples were collected using a Humax corer (Martin Bruch AG, Rothenburg, Switzerland) with a diameter of 4.8 cm to a target
depth of 20 cm. Given that GLORIA summit soils are typically shallow and rocky, soil samples were collected by excavating four
standardized 5 x 10 x 10 cm cubes in each of the four cardinal directions. In all sampling campaigns, four replicates were taken
plumb vertically per site, and the organic layer was removed prior to soil sampling. In cases where the soil cores or cubes could
150  not reach the full target depth (e.g. due to stones) of 20 cm for IMIS and BDM, or 5 cm for GLORIA, respectively, the sampled
depth was noted, the unprobed portion was conservatively assumed to consist of rock and added to the rock fragment fraction of
the probed part of the corresponding soil column. Oven-dried samples (60°C) were sieved into coarse rock fragments (>2mm),
roots, and FE (<2mm). FE density was calculated as the mass of dry FE (<2mm) per volume of FE, by subtracting the volume of
the coarse rock fraction (>2mm) from the sampling unit volume (Poeplau et al, 2017), assuming a rock density of 2.7 g cm™ for

155 all campaigns. The rock fragment fraction (>2mm) is the volume-percentage of rock (free of SOC) per sampling unit.

2.4  Estimation of SOC stocks for topsoil stocks (<20 cm)

SOC concentrations (SOCy) of the FE were quantified using an automated elemental analyser (Euro EA 3000, Euro Vector,
Germany) coupled with a continuous flow isotope ratio mass spectrometry (IRMS, Delta C advanced, Thermo Fisher Scientific
Inc., USA) after the FE was milled and homogenized using a ball mill (Retsh, Germany). To calculate SOCq, at (1) BDM sites, the
160 carbonate content was subtracted from the total C content (Gubler et al., 2018), whereby the total carbonate content was determined
using hydrochloric acid according to the Agroscope CaCOs reference method (Agroscope, 2020; Reusser et al., 2023). For IMIS

and GLORIA sites on calcareous bedrock, FE samples were acid fumigated to remove inorganic C contents (Walthert et al., 2010).

SOC stocks were collectively determined by multiplying SOCs, with FE density estimates (g cm™?) and the depth of the sampling
unit, corrected by the rock fragment fraction for each depth interval i (Eq. 1) (Poeplau et al., 2017).
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165 SOC stock; = SOCy, X Fine earth density X depth; X (1 —rock fragment fraction) Eq. 1

If applicable, SOC stocks of depth intervals i were vertically aggregated for each of the replica, and a mean across all four replica
was taken per site. The C stored in roots was not considered in the calculation of SOC stocks. A direct comparison of SOC stocks
derived from soil cores and those measured in the uppermost 20 cm of excavated soil profiles showed very high correlation between

the two approaches (Figure C1b).

170 2.5  Pedotransfer functions (PTF) for subsoil SOC stocks (>20 cm)

SOC stocks for deeper soil layers (>20 cm) were estimated by adding depth-extrapolated subsoil stocks to the measured topsoil
stocks (0-20 cm). Extrapolation was done using PTF derived from SOCy, FE density, and the rock fragment fraction measured at
the 17 soil profiles from three elevational transects on different bedrock (12 on silicious, 5 on calcareous bedrock) (Udke et al.,
submitted), which extended to approximately 60-80 cm depth down to parent material (Appendix B). PTF were applied to topsoil
175 site data using soil properties from corresponding profile sites stratified by bedrock type (calcareous vs. siliceous) and elevation
bands (£200 m of the top-soil target site's elevation) that correspond to the topsoil target site. These selected profiles were used to
parameterize site-specific depth functions fitting the exponential decline of SOCy, and linear increases of the FE density and the
SOC-free rock fragment fraction (for details, see Appendix B). For each topsoil site, we fitted PTFs from two to six different
profile sites, that matched the topsoil site with respect to bedrock and elevation and selected the best-fitting PTF for each variable
180 in Eq. I based on the least-squares method (Figure B5). SOC stocks for the subsoil layers were then calculated at 1 cm resolution
according to Eq. I, vertically aggregated within 10 cm depth intervals, and added to the measured topsoil stocks. To validate the
overall stocks obtained by the PTF approach, we compared modelled against measured values from corresponding profile data for

17 sites where topsoil cores and profiles were sampled (Figure Cla).
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Figure 2: Measured and PTF-modelled SOC stocks and soil properties at an exemplar IMIS site BOG2, 2299 m a.s.l. The left panel shows SOC
185 stocks calculated from measured- and PTF-modelled data. Depth-aggregated SOC stocks (kg m™) for each soil layer are shown as bars,
distinguishing measured topsoil stocks (< 20 cm; brown) from subsoil stocks derived from PTF-models (> 20 cm; grey). Stocks were calculated
from the variables SOC concentration (SOCv), fine earth (FE) density, and rock-fragment fraction shown in the right panels based on Eq. 1. For

the upper 20 cm, small points represent measured values from soil-core replicates (SC1-SC4), while large points indicate depth-interval means
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for 0-5, 5-10, and 10-20 cm. For the subsoil below 20 cm, grey dotted lines represent the PTF-modelled depth functions, while grey points

190 indicate the mid-interval values used to calculate subsoil SOC stocks.

2.6  Spatial covariates

We selected six covariates for predicting SOC stocks based on a priori hypotheses, while scale-dependent topographic variables
were evaluated using a multiscale approach (Behrens et al., 2010; Lamichhane et al., 2019). A priori variables were selected based
on their expected influence on soil formation and SOC dynamics according to Jenny (1946), which describes soils as a function of
195 climate, organisms, relief, parent material, and time (Table A1). Mean summer temperature (2 m above ground, averaged over the
summer months June-August) and mean daily precipitation (average from 1981-2010) was derived from CHELSA high resolution
climatologies for Switzerland at 90 m resolution (Zilker & Karger, 2025), representing the climatic soil-forming factor. The period
from June to August was chosen to minimize confounding effects of snow cover, as this period represents the period of maximum
snow-free extent in alpine terrain. The soil-forming factor “organisms” was captured using the Normalized Difference Vegetation
200 Index (NDVI). NDVI was derived at 25 m resolution from Sentinel-2 scenes and aggregated into a median summer mosaic (June—
August) for the period 2015-2018 after cloud and shadow correction in the Google Earth Engine environment (Copernicus/S2_SR).
NDVI reflects vegetation greenness and productivity and has been recognised as a strong predictor for SOC (Gomes et al., 2019;

Lamichhane et al., 2019).

Furthermore, the length of the vegetation period, which is closely linked to the duration of the winter snow cover in alpine
205 ecosystems, relates directly to primary production (Choler, 2015) and thus the amount of above-ground litter input over the
vegetation season. The snow-covered period also influences the frequency and intensity of freeze—thaw cycles, which in turn
constrain microbial activity and the transformation of litter into SOC (Gavazov et al., 2017; Perez-Mon et al., 2022). We therefore
included a spatial snow melt-out covariable with averaged melt-out dates between 2011-2022 at 30 m resolution computed for

areas above 1750 m asl (Bayle et al., 2025).

210 Parent material has direct effects on weathering, soil formation, mineral composition and thus SOC stocks (Bonfanti et al., 2025;
Lamichhane et al., 2019; Trautmann et al., 2023; Wiesmeier et al., 2019). As detailed spatial information of the surface (quaternary)
geology is not available for Switzerland, we incorporated a national-scale topsoil pH indicator map from Descombes et al. (2020)
at 93 m resolution to approximate bedrock and pH characteristics. The map is derived from plant community composition and
associated ecological indicator values (Landolt et al., 2010), using millions of individual georeferenced plant species records to

215 infer underlying soil-chemical properties. It has been empirically demonstrated that Landolt-R (reaction value) correlates strongly
with in-situ soil pH by linking community-weighted Landolt-R values to different soil databases (Descombes et al., 2020; Meuli
et al., 2017). We further used a humus-indictor map, developed in the same way from plant observations and their respective
Landolt-H (humus value), which represents a plant species’ preference for humus content, and thus may serve as a suitable spatial

predictor for SOC.

220  As opposed to the effect of climate, vegetation, and parent material, relief-related soil-forming factors are inherently scale-
dependent. Accordingly, we evaluated a broad suite of topographic covariates from Baltensweiler et al. (2017, 2020) derived from
a 25 m digital elevation model using a multiscale approach (Table A2). This procedure has been shown to be beneficial in digital
soil mapping (Behrens et al., 2010; Lamichhane et al., 2019). All candidate topographic covariates were grouped into four
conceptual feature types: (1) regional terrain, (2) local curvature, (3) slope related attributes, and (4) aspect related attributes.

225 Multiple formulations were considered for each feature type, each computed at several spatial scales using different smoothings
7
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(e.g. 2-, 4-, and 8-cell neighbourhoods), amounting to a total of 46 candidates after removing highly collinear variables. To reduce
conceptual redundancy, we selected the highest-ranking candidate within each topographic feature type based on node impurity,
derived from a model that evaluated all candidate predictors together with the previously defined a priori covariates (Figure Al).
The selected topographic predictors were TWI using the System for Automated Geoscientific Analyses (SAGA), Casorati
230 curvature (both computed using an 8-cell smoothing), the average slope of the local terrain, and northness (defined by the cosine
of the aspect) (Table A2). The SAGA TWI characterizes potential water accumulation at an intermediate spatial scale,
distinguishing hydrologically convergent areas (valleys and basins) from well-drained ridges and slopes. In convergent areas, water
accumulation can promote bog and fen formation, with persistently wet conditions reducing mineralization rates and thereby
facilitating SOC accumulation (Grabs et al., 2009; Wiesmeier et al., 2014). Casorati curvature expresses the magnitude of local
235 terrain bending, whereby high positive values indicate areas of sharp bending in multiple directions (Minar et al., 2020). As such,
it clearly distinguishes sharp, often rocky ridges and peaks from gentler landforms and valley bottoms. Lastly, the average slope
reflects terrain steepness and erosion potential, while northness directly relates to areas with reduced solar radiation and thus, on

average, lower soil temperatures, limiting decomposition.

In conclusion, we selected six spatial covariates representing the principal soil-forming factors a-priori and complemented this
240 framework with a multiscale evaluation of DEM-derived terrain parameters to identify four additional topographic covariables of
importance. To assess potential collinearity among all ten final covariables, we calculated the Variance Inflation Factor (VIF) for
each variable using the usdm R-package (Naimi et al., 2014), whereby no multicollinearity was indicated. The selected variables

are described in detail in Table A1l.

2.7  Quantile Regression Forest

245 Quantile Regression Forest (QRF) (Meinshausen, 2006) models build on the Random Forest (RF) algorithm (Breiman, 2001) and
are well established as a reliable approach for achieving high accuracy in mapping soil variables with the key advantage of
capturing non-linear covariable relationships (Baltensweiler et al., 2021; Hengl et al., 2015; Lamichhane et al., 2019; Li et al.,
2011; McBratney et al., 2003; Minasny & McBratney, 2016). The QRF model for spatial cross-validation was trained using the
ranger engine (Wright & Ziegler, 2017) within the caret R-package (Kuhn, 2008). The data were partitioned into five spatially

250 contiguous folds based on coordinate proximity, such that, in each iteration, 80 % of the data were used for model training and 20
% were held out for spatially independent validation using the blockCV package (Valavi et al., 2019) (Figure A2). Out-of-fold
predictions were used to calculate residuals per site, which were subsequently visualized to assess potential spatial patterns of
model bias (Figure 8, Figure A5). To better represent low SOC values in very high elevation regions and to reduce bias towards
the central range of the training data (G. Zhang & Lu, 2012), pseudo-zeros were weighted by a factor of three during model fitting.

255 Hyperparameter tuning was performed across the full range of possible mtry values using spatial cross-validation to evaluate model
performance for each configuration (Figure A3). Model performance was assessed based on out-of-fold predictions using Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R?). Performance metrics are
reported for the hyperparameter combination that minimized prediction error (lowest RMSE) across spatially contiguous folds,
which was selected for the final QRF model used for spatial prediction of SOC stocks. We trained the final QRF used for spatial

260 extrapolation of SOC stocks on the entire dataset with the quantreg = TRUE option in the ranger package (Wright & Ziegler, 2017).
The relative importance of spatial covariables was evaluated using impurity-based variable importance native to the ranger package

and permutation-based feature importance with 200 randomization runs using the im/ R-package (Molnar et al., 2018). Partial



https://doi.org/10.5194/egusphere-2026-835
Preprint. Discussion started: 16 February 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

dependence analyses were conducted using the iml R package to explore the direction and relative magnitude of the marginal
effects of individual covariables on predicted SOC stocks while holding all other predictors constant.
265
For spatial prediction, all covariables with coarser native resolutions were resampled with bilinear interpolation if needed. This
step serves only to harmonize grids and does not create new spatial information. Therefore, the effective spatial detail of the
predictions reflects the native resolution of the underlying predictors and the density of field observations. Spatial predictions were
generated at 25 m resolution using the ferra package, with the median (50" quantile) of the predicted conditional distribution used
270 as the final SOC estimate. Lastly, we computed the total stocks for the alpine region and the cover classes grassland, (partly

vegetated) scree, and bare rock areas, by spatially aggregating all predictions.

2.8  Model uncertainty

To identify regions where model predictions can be considered reliable, we computed the Area of Applicability (AOA) using the
CAST package (Meyer & Pebesma, 2021). The AOA approach quantifies the multivariate similarity between all spatial prediction
275 data and the model’s training space via a Dissimilarity Index (DI). Pixels with DI values exceeding the cross-validated threshold

are flagged as outside the model’s domain, indicating limited representativeness of the training data in those areas ( Figure 9a).

Instead of averaging predictions as an ensemble, QRF keeps individual trees and their prediction distribution (Meinshausen, 2006;
Vaysse & Lagacherie, 2017). We then computed the 5%, and 95™ quantiles (qos, qos) of the prediction spread, whereby the 50
280 quantile represents the median predicted SOC stock at each pixel. Local accuracy can thus be expressed as the difference between
the qos and qos quantiles of this probability distribution at each pixel, representing the range where 90 % of individual tree
predictions fall. We approximated the standard deviation (SD) at each pixel from the 90 % prediction interval (i.e. within quantiles

(vs—qos) assuming a near-normal distribution, where 90 % of predictions lie within +£1.645 SD (£q. 2).

SD =~ d0.95—40.05
2 X1.645

285 (Eq. 2)

The resulting uncertainty map provides a continuous spatial representation of the model uncertainty across the alpine region (Figure

9b)

2.9  Spatial mask and landcover classes

290 To delineate the treeless alpine zone of Switzerland, we used the topographic landscape model (TLM3D) provided by the Swiss
Federal Office for the Environment (Swisstopo, 2024b). The area above 1750 m a.s.l. was subdivided into five areas: (1) forest,
(2) alpine grassland, (3) (partly vegetated) scree, (4) bare rock, and (5) water bodies or permanent ice/snow (Figure 1). For this,
we reclassified the original landcover categories in the TLM3D the following way: “forest” and “shrubby forest” were combined
into forest. Classes such as "scree" and "boulder fields", which may be vegetated by up to 80 % (Swisstopo, 2025), were grouped
295 as (partly vegetated) scree, while "rock" (i.e. exposed, bare rock) was held separate (Figure 3). Areas of glaciers, permanent snow
and standing water bodies were combined into a separate group and assumed to not contain any SOC. The remaining area above
the treeline was classified as alpine grassland. Heath vegetation above the treeline was included within the alpine grassland class,
as no land-cover product is currently available that reliably distinguishes ericaceous shrub belts from alpine grasslands. For details
of the reclassification, see Table D1. The 307 sampling sites were distributed across alpine grassland (n = 259), (partly vegetated)
300 scree (n = 37), and exposed bare rock (n = 11). We added a set of expert-led pseudo-zero points (n = 11) located above 3150 m
9
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310

315

a.s.l. in permanently snow- and ice-covered areas and on bare rock to inform model behaviour in these high-elevation environments
as suggested by Wadoux et al., (2020). Sites located within forested areas (n = 21) were excluded from the analysis, and areas
assigned to “forest” were removed from the final SOC stock map. This classification allowed a spatially explicit comparison of
total SOC stocks across the three distinct alpine landcover types and was used to mask forested areas above 1750 m a.s.l. as well

as regions permanently covered by snow and ice.

Figure 3: From left to right: a) Alpine grassland dominated by graminoids and forbs on gentle slopes. b) (Partly vegetated) scree. ¢) Exposed
bedrock at high elevation.

3 Results

3.1 Measured SOC stocks

SOC stocks, including measured topsoil stocks and modelled subsoil stocks, ranged from 0.1 to 19.8 kg m2 and varied among
landcover classes (Figure 4a, Table A3). All values are reported as mean + SD. On average, grassland (n= 259) sites stored 7.3 £
3.3 kg m2, (partly vegetated) scree (n=37) contained 1.8 £+ 1.7 kg m2 and terrain dominated by bare rock (n=11) contained 1.2 +
1.4 kg m2 (Figure 4a). Across all sites, the majority of SOC was stored in the upper 20 cm of the soil profile, accounting for 77 %
(4.9 £2.7 kg m™2) of total SOC stocks down to the parent material (Figure 4b).
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Figure 4: Mean SOC stocks by cover class and depth. a) Differences in SOC stocks among cover classes grassland, (partly vegetated) scree, and

areas dominated by exposed, bare rock. b) Vertical distribution of SOC stocks across all sites (n=307). Bar lengths represent mean SOC stocks
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per depth interval, and error bars show the mean + 95 % confidence interval. Three quarters of SOC was stored within the top 20 cm (topsoil),

with remaining stocks located in deeper subsoil layers modelled using PTF. The depth distributions by cover class are shown in Figure D1.

320 3.2  Model performance and accuracy

The performance of the QRF model was evaluated using five-fold spatial cross-validation, where geographically separated training
and validation subsets were generated using spatial blocking (Valavi et al., 2019). Hyperparameter tuning identified that a
minimum node size of 7 and an mtry value of 7 resulted in the best overall performance (Figure A3). Across the spatial folds, the

model achieved an R? of 0.49 a RMSE of 2.7 kg m™2, and a MAE of 2 kg m™, indicating a moderate predictive skill fit.

325 3.3  Relative importance of model predictors

NDVI and Landolt-H, the humus content proxy, emerged as the most influential splitting variable, followed by temperature and
Landolt-R, the pH-proxy (Figure 5). While the topographic variables northness and TW1I ranked relatively high among topography-
related variables, the terrain attributes of curvature and slope ranked among the least important in this impurity-based importance
metric. Similarly, precipitation showed a negligable importance among, underscoring temperature and vegetation-derived proxies
330 as more informative for modelling the spatial distribution of SOC. Landolt-R played an important role in partitioning decisions,
indicating a meaningful effect of bedrock and surface pH on SOC stocks. Similarly, feature importance analysis based on RMSE
loss identified Landolt-H and NDVT as the most important variables for model accuracy (Figure A4). These variables showed
distinctly higher RMSE loss (averaged over 200 random permutations) when randomly permutated compared to the next lower

ranking covariables Landolt-R, northness and temperature (Figure A4).
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Figure 5: Contribution of covariables to internal tree splitting. The relative importance value shows the total decrease in node impurity attributed

to each covariate across all trees relative to the highest-ranking variable. Higher values indicate greater influence on model partitioning decisions.

Partial dependence analyses revealed the direction and relative magnitude of covariate effects on predicted SOC stocks within the
QREF, expressed as changes in predicted SOC stocks across the observed range of each spatial covariable while holding all other
340  predictors constant (Figure 6). Predicted SOC stocks increased notably with higher temperatures while the second climatic factor,
precipitation, showed only a marginal positive effect. Among topography-related variables, TWI showed the strongest positive
association, with higher predicted SOC stocks in areas of hydrological convergence (Figure 6). Northness and slope steepness
exhibited a modest negative influence, with marginally higher predicted SOC on more south-facing slopes and lower SOC stocks

on steeper terrain. Later snowmelt dates were associated with lower SOC stocks, although the effect was relatively small. Predicted

11
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345 SOC stocks increased strongly with increasing NDVI but levelled off at NDVI values above ~0.65. The Landolt-H (humus
indicator) showed a strong positive relationship with predicted SOC stocks and exhibited the widest range of change across its
gradient, whereas the Landolt-R (pH indicator) showed a negative relationship and a comparatively narrower range of change with
more pronounced effects at the lower end (representing higher pH). These general trends are consistent with the direction of effects
observed in the exploratory bivariate relationships between SOC stocks and individual covariables, including the elevational

350 decline of SOC stocks (Figure A7, AS).
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Figure 6: Partial dependence of predicted SOC stocks: Shown are the marginal effects of all covariables: mean summer air temperature and
mean daily precipitation, Casorati curvature (magnitude of surface bending), topographic wetness index (TWI), northness (cosine of aspect),
slope steepness (in radians), melt-out day of year (DOY) (timing of snow disappearance), NDVI (vegetation greenness), Landolt-H (plant
355 community humus preference), and Landolt-R (plant community reaction value as a proxy for soil pH and parent material). Lines represent the
mean partial dependence across all observations, with other predictors held at their observed distributions. The y-axis reflects changes in predicted

SOC relative to the QRF model’s average response.

3.4  Spatial total and the distribution of predicted SOC stocks

The predicted map of SOC stocks shows a pronounced spatial variability across the alpine region, with higher SOC stocks in the
360 lower alpine belt, and a distinct decrease towards higher elevations (Figure 7). The highest predicted SOC stocks occur just above
the treeline and in areas of hydrological convergence. In total, approximately 47.6 Mt of SOC are stored above the treeline (total
area: 10°420 km?), with 34.9 Mt contained in alpine grasslands (mean elevation: 2167 m a.s.l., area: 5’166 km?) and 6.2 Mt in
(partly vegetated) scree (mean elevation: 2520 m a.s.l., area: 2’675 km?) and 6.5 Mt in areas with exposed, bare rock (mean
elevation 2573 m a.s.1, area: 2’578 km?). For the spatial mapping of SOC stocks, areas corresponding to standing water bodies as
365 well as permanently ice- and snow-covered surfaces were excluded. Consequently, these areas are coloured in icy white in the

SOC stock map (Figure 7).
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Figure 7: Spatial distribution of modelled SOC stocks above the treeline. Darker brown tones indicate higher SOC stocks. Areas with permanent
ice- or snow-covered areas are coloured in icy white. The colour ramp was stretched to +2 standard deviations around the map-wide mean, with

370 extreme values squished to the scale limits to enhance contrast in the dominant value range.

3.5 Model residuals and uncertainty assessment

Residuals were symmetrically distributed around zero for most sites, with no apparent large-scale spatial clustering (Figure 8).
However, a systematic compression of extreme values was evident, where low-SOC stock sites tended to be slightly overestimated
and high-SOC sites underestimated (Figure A5a). This pattern reflects the characteristic regression-toward-the-mean behaviour of
375 RF models that arises from averaging predictions across multiple decision trees (Zhang & Lu, 2012). Across the elevational
gradient, residuals showed no severe directional bias (Figure ASb), indicating that prediction errors were not systematically related
to elevation. However, residual variance tended to decrease with increasing elevation and thus lower measured SOC stocks.
Conversely, sites with very high SOC stocks showed larger residuals and a tendency towards underestimation, marked by three
extreme outliers with measured SOC stock values of ~20 kg m associated with particularly pronounced negative residuals (Figure
380  8).

Residual (kg m™) _

-10 -5 0 5

Figure 8: Spatial pattern of prediction residuals (predicted — observed SOC stocks, kg m™) across all sampled sites. Orange colours indicate

overestimation, purple indicates underestimation. Residuals appear spatially random, with no large-scale regional clustering.
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The AOA analysis revealed that most of the alpine region fell within the environmental space covered by the training data,
385 indicating good applicability of the QRF model (Figure 9a). Regions classified as “not applicable” were mainly located on steep
north-facing scree slopes, and areas in the lower Engadin valley (south-east of Switzerland) and the Prealps, where calcareous
substrates dominate. Standard errors were generally low to moderate and in line with the RMSE of 2.7 kg m2 across large parts of
the alpine region (Figure 9b). The highest standard errors occurred predominantly in zones just above the treeline, where SOC

stocks are generally higher, but dropped significantly towards higher elevations (Figure A6, supplementary data: SD_map.tif).

390

(@) (b)

Standard Error (kg m‘z) "

Applicability . Not applicable Applicable 1 5 3 4

Figure 9: Spatial model applicability and uncertainty. a) Area of applicability (AOA) (Meyer & Pebesma, 2021) of the QRF model predicting
SOC stocks across the alpine region of Switzerland. Yellow areas indicate regions where environmental conditions are represented within the
model’s training space (applicable), whereas purple areas denote extrapolation beyond model’s training domain (not applicable). b) Spatial
395 distribution of model uncertainty based on the spread of predictions of the QRF model (Meinshausen, 2006; Michel 2024) for SOC stocks across
the Alpine region of Switzerland. Higher, more yellow values indicate areas where the model predictions are less certain, whereas darker areas
show greater model confidence. The colour ramp was stretched to +2 standard deviations around the map-wide mean, with extreme values

squished to the scale limits to enhance contrast in the dominant value range.

4 Discussion

400 In this study, we provide the first spatially explicit estimate of SOC stocks in alpine soils above the treeline in Switzerland, showing
distinct decreases in SOC stocks with increasing elevation and decreasing vegetation greenness (NDVI). We estimate that these
high-elevation systems store approximately 47.6 Mt of SOC, indicating that alpine soils above the treeline constitute a non-

negligible share of the Swiss national SOC pool.

4.1  Alpine SOC stocks in context

405  We found that measured SOC stocks in alpine grasslands averaged 7.3 + 3.3 kg m (Figure 4a), which is comparable to the range
reported by Budge et al. (2011), who estimated 5.5-10.2 kg m2 (0-30 cm) across five typical alpine grassland sites in Switzerland.
As expected, SOC stocks generally declined with lower temperatures, reflecting the well-documented decrease in SOC stocks
above the treeline in mountain regions (Bonfanti et al., 2025; Hagedorn et al., 2019; Kuhry et al., 2022; Udke et al., submitted)
(Figure 6, Figure A8). Our data indicate a non-linear decline of SOC stocks with elevation. While SOC stocks remain almost
410 constant in grasslands up to an elevation of 2500 m a.s.l. (Figure A9), they decrease sharply towards (partly vegetated) scree with
average stocks of 1.8 + 1.7 kg m2, and further to 1.2 + 1.4 kg m2 in areas dominated by bare, exposed rock with minimal vegetation

14
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cover (Figure 4a). Our measured averages are lower than SOC stocks in Swiss forest soils, which average 12 — 13 kg m2 excluding
the organic layer (Guidi et al., 2025; Rogiers et al., 2025). Our averages are also below estimates for permanent (lowland) grassland
(9.2 kg m™) and arable land (9 kg m™) reported by Leifeld et al. (2004). However, our average of 7.2 kg m for all grasslands

415 above the treeline aligns well with their estimate for managed alpine grassland of 6.3 kg m™=.

With an average of 7.2 + 3.4 kg m for alpine grasslands in Switzerland, SOC stocks are lower than those reported for alpine
grasslands on the Tibetan Plateau, where reported stocks range from 9-16 kg m™ (Liu et al., 2016; Y. Yang et al., 2008). This
contrast likely reflects the younger, less developed soils of the Swiss Alps formed after late-glacial deglaciation, their higher
skeletal content (frequently exceeding 50 %; Figure B4), the steeper terrain, and the influence of a more oceanic climate, whereas
420  the Tibetan highlands are characterized by older, more pedogenically mature soils and a more continental climate, where colder
conditions slow organic matter turnover. Similarly, permafrost affected soils of the Arctic taiga and tundra, which are typically
characterized by thick organic layers, store substantially larger amounts of C, often exceeding 30 kg m (Hugelius et al., 2014;
Ping et al., 2008; Siewert, 2018). Nevertheless, the data presented here are unique in that spatial SOC stock assessments for

mountain regions are still rare.

425 For areas classified as bare, exposed rock, we measured an average SOC stock of 1.2 + 1.4 kg m2, while (partly vegetated) scree
sites showed slightly higher values of 1.8 + 1.7 kg m~ (Figure 4a). These estimates from poorly developed high-elevation soils are
consistent with values reported for comparable landscapes in the high central Andes (Kuhry et al., 2022) and for high-latitude
mountain soils in North America (Ping et al., 2008). However, sampling in these areas was limited, particularly for sites classified
as bare rock (n = 12), as soil collection on predominantly bare rock is often impractical due to the absence of sufficient soil material.

430 Moreover, it is difficult to reliably quantify the small amounts of SOC that may accumulate in rock crevices, originating from
sparse cushion plants or isolated alpine specialists. Ancient SOC originating for warmer periods in the Holocene which are buried
under stones may additionally contribute to SOC in periglacial environments (Pintaldi et al., 2021). The modest difference between
bare, exposed rock and scree thus likely reflects a sampling bias: sites located within the bare rock zone were probably sampled
only where substrate was present, thereby overestimating actual stocks in this category. Nevertheless, spatial predictions at high

435 elevation (>3000 m a.s.l.) remain representative, as the inclusion of pseudo-zero observations effectively constrains model

behaviour in nival areas where SOC stocks are approaching negligible amounts.

Aggregating spatial SOC stock predictions across the study area, we estimate that approximately 47.6 Mt of SOC are stored above
the treeline, corresponding to a total area of 10’400 km?, of which about 38 Mt are held in alpine grasslands and roughly 7.9 Mt in
(partly vegetated) scree (2°000 km?) and 8.2 Mt in areas dominated by bare, exposed rock (2°600 km?). For context, Leifeld et al.
440 (2005) reported a spatial total of 36.5 Mt C in managed areas classified as alpine meadows and pastures. However, their estimates
only cover agricultural land, whereas our sampling notably extends into sparsely vegetated alpine terrain at higher elevation beyond
the agricultural zone, which may explain this higher total stock estimate. All agricultural soils, including lowland areas, were
estimated to contain about 2.5 times as much SOC, while Swiss forest soils store roughly three times more SOC than alpine regions
(Bolliger et al., 2008; Hagedorn et al., 2018). However, the spatial total of 47.6 Mt SOC stored in alpine soils surpasses the
445 estimated 30 Mt of SOC stored in the remaining organic peat soils in Switzerland, which have lost roughly 80 % of their estimated
203 Mt C since 1850 due to long-term drainage and land-use change (Hagedorn et al., 2018). Thus, SOC stocks above the treeline

contribute a non-negligible addition to existing national SOC estimates.
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4.2 Predictors of SOC stocks

The set of environmental covariates used in the QRF broadly represents the principal soil-forming factors after Jenny (1941):
450 climate (temperature, precipitation and melt-out), organisms (NDVI, Landolt-H), relief (TWI, curvature, northness, slope), and
parent material (Landolt-R). The soil-forming factor time and detailed lithological relationships are not explicitly represented, as
no adequate spatial data are available at the scale of this analysis. Across the different analytical approaches, NDVI, Landolt-H
and temperature consistently ranked among the most influential covariables in the QRF, although their relative ranking varied
slightly between node impurity-based and permutation-based variable importance (Figure 5, Figure A4). Impurity-based variable
455 importance quantifies the cumulative reduction in variance of SOC stocks achieved by all splits where a given covariable is used
across the forest. Accordingly, NDVI and Landolt-H as a proxy for vegetation productivity and humus content and provide the
strongest partitioning of SOC stocks in the model, which indicates that these gradients play a key role in structuring spatial
predictions. Temperature ranked as the third most important predictor and reflects the strong elevational temperature gradient
characteristic of mountainous regions. Thus, the observed patterns are generally in line with the elevational decline of SOC stocks

460 previously reported for mountainous regions.

The alpine temperature- and elevation gradient alone implicitly integrates a wide suite of soil-forming factors and is inversely
related to NDVI. The relationship between above- and below-ground productivity (represented by NDVI in our model) and SOC
storage is well documented in East-Asian grassland ecosystems (S. Chen et al., 2018; Peng et al., 2025; Quan et al., 2024; Y. Yang
etal., 2008). Aspect (northness) ranked high in node-impurity metrics and even higher in the permutation-based feature importance

465 (Figure A4), with more south-facing slopes associated with higher SOC stocks. This pattern contrasts with previous studies
reporting higher SOC stocks on north-facing slopes (Egli et al., 2009; M. Zhang et al., 2025). In our study, this relationship is
likely driven by enhanced vegetation productivity on warmer, south-facing slopes (Figure A9), which highlights the role of plant-
derived C input in the alpine region, represented by the high importance of NDVI.

The TWI showed a positive association with high predicted SOC stocks (Figure 6) and is known to play a key role in spatial SOC
470  predictions in other regions (Hengl et al., 2015; Lamichhane et al., 2019; Wiesmeier et al., 2014). As an indicator of regional
moisture accumulation potential, TWI can highlight areas prone to alpine bog and mire formation, where some of the highest
measured SOC stocks in our dataset were measured. In contrast, the comparatively minor influence of slope and curvature in
impurity-based importance implies that their effects on SOC are either less pronounced or already captured better by the higher-
ranking variables. For instance, Casorati curvature is highest at sharp mountain ridges and may largely be captured by the
475 temperature—elevation gradient. Lastly, precipitation showed only weak relevance in our models, contrasting with findings from
more arid regions (e.g. Yang et al., 2008) and Swiss forest ecosystems (Guidi et al., 2025), where higher soil moisture is associated
with increased SOC stocks. The limited importance of precipitation in Alpine soils may be attributed to the long lasting snow cover
and lower water losses through evapotranspiration, leading to an adequate water supply (Meusburger et al., 2022) and the

predominance of well-drained soils along mountain slopes that hinder the development of anaerobic conditions.

480 The positive relationship between NDVI and SOC stocks and the negative temperature effect that we found above the treeline
contrasts with forest ecosystems, where elevation-dependent changes in above-ground productivity and SOC storage are
decoupled. As opposed to the studied alpine soils, total SOC stocks in forest soils show minor changes with elevation, and net
primary productivity is even negatively correlated with SOC stocks, while mineralogical and geochemical controls of SOC stocks

play a more important role (Bramble et al., 2024; Guidi et al., 2025). A recent study within the lower alpine vegetation belt, where
16
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485 biomass production is comparatively uniform relative to the pronounced gradients from the treeline to permafrost-affected regions
as in our study, showed that mineralogical control appears to dominate in this elevation belt (Maier et al., 2025). However, in high-
alpine ecosystems, soils become increasingly shallow and vegetation cover sparse, and low temperatures strongly constrain
decomposition rates and plant growth. Under these conditions, SOC accumulation may be particularly sensitive to plant-derived C
inputs (Peng et al., 2025), consistent with the strong role of NDVI observed in our models. At the same time, partial dependence

490 analyses suggest that the positive effect of NDVI on predicted SOC stocks saturates beyond an NDVI threshold of approximately
0.65 (Figure 6). This NDVI range is characteristic of grasslands in the lower alpine belt (c. 2,000-2,300 m a.s.l.) (Figure A9). The
plateauing indicates a reduced sensitivity of SOC stocks to further increases in aboveground biomass once a relatively dense cover

is established, consistent with the findings by Maier et al. (2025).

Predicted SOC stocks declined with increasing Landolt-R values, indicating lower SOC storage in soils with higher pH, in line
495 with findings from similar studies (Bonfanti et al., 2025; Udke et al., submitted). This pattern can first be explained by pH-
dependent microbial processes: acidic conditions on siliceous parent material limit microbial enzymatic activity, whereas higher
pH conditions on carbonate bedrock favour microbial decomposition and mineralization of organic matter (Jones et al., 2019;
Malik et al., 2018; Wang & Kuzyakov, 2024). In addition, differences in soil mineralogy may contribute to this pattern. Carbonate
weathering produces little secondary clay, thereby limiting the availability of mineral surfaces for organo-mineral associations,
500 although calcium-mediated interactions can effectively stabilize SOC in carbonate soils (Rowley et al., 2018). In contrast, in soils
developed on siliceous parent materials with lower pH, chemical weathering promotes the formation of secondary clay minerals
and Fe- and Al-(hydr)oxides that provide reactive surfaces for organo-mineral associations, facilitating the stabilization and storage
of SOC (Fang et al., 2019; Jia et al., 2024; Maier et al., 2025). Both bedrock types are associated with characteristic microbial and
plant species communities reflecting their preference for basic or acidic soil chemistry (Adamczyk et al., 2019; Gigon, 1987,
505 Landolt et al., 2010). We acknowledge that we did not use a “true” surface pH covariable, because a reliable spatial product for
surface geology and their pH or other detailed geochemical information in alpine regions is yet lacking for Switzerland. We
therefore encourage efforts to produce a high-resolution surface pH map for Switzerland, which would support more direct spatial
mapping of soil properties. However, we showed that the pH proxy map derived from individual plant occurrences and their
respective pH preferences of Descombes et al. (2020) can capture this relationship between bedrock, soil pH and plant community
510 composition on a spatial scale. Indeed, the Landolt-R covariable, a proxy for surface pH, significantly contributed to the model
accuracy, although not ranking among the most important variables for tree-splitting (Figure 5). Random permutation of this
covariable reduced model RMSE by approximately 1.3 kg m, which indicates a substantial contribution to predictive performance.
This highlights that, even across a pronounced elevational gradient where NDVI is most informative for SOC predictions, parent

material, associated mineralogical controls and pH remain an important mechanistic component of SOC storage.

515 The vegetation-derived humus indicator (Landolt-H) (Landolt et al., 2010) was very frequently used to partition SOC stocks within
the decision trees (Figure 5) and even showed the highest variable importance based on accuracy loss (Figure A4). Ecological
indicator values are derived from plant species’ realised niches; in this case, reflecting preferences for humus-rich or humus-poor
soil conditions. Accordingly, the high rank in the importance metrics reflects shared variation with SOC rather than an independent
mechanistic driver or a controlling factor of SOC. Nevertheless, this result indicates that spatial information inferred from

520 aboveground vegetation composition can improve the performance of spatial SOC models. As the density of georeferenced plant
observations from national monitoring programmes and citizen science projects outnumber soil profiles and point measurements

by orders of magnitude, the use of vegetation-derived proxies to predict topsoil characteristics on a spatial scale seems reasonable.
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Future work could assess whether the remaining ecological indicator values mapped by Descombes et al. (2020), such as
temperature-, nutrient-, or soil dispersion preference, could further improve the spatial prediction of soil properties, especially
525 when updated with the species occurrence data collected in recent years, including the substantial increase in records during and

after the COVID-19 period (InfoFlora, 2024).

4.3 Uncertainties in modelling SOC stocks on a larger scale

Three types of uncertainties commonly encountered in digital soil mapping: (1) Uncertainty from measurement errors in the input
data, (2) uncertainty related to the limited size and representativeness of the training dataset, and (3) uncertainty resulting from the

530 fact that the covariates capture only part of the variability in SOC stocks.

Estimating fine-earth density is particularly challenging in alpine soils, where coarse-fragment content, rockiness, and SOC
concentration vary substantially over short distances. These challenges are amplified when different sampling volumes are used or
when data from multiple campaigns are combined. Even when resampled at the same sites, we sometimes observed differences for
SOC stocks between the two sampling approaches, although the tested sites were generally in high agreement (R? = 0.8) (Figure
535 C2). Nevertheless, to the best of our knowledge, we compiled the most comprehensive SOC stock dataset to date for alpine regions.
Sampling densities in comparable high-elevation (or high latitude) studies are typically even lower than in our dataset (e.g. Weiss
et al., 2017; Liu et al., 2016). Our sampling encompassed 307 sites, capturing a sufficiently large environmental gradient and
allowing for a good model representativeness for the alpine area of Switzerland. Although a sampling density of approximately 33
plots per km? has been suggested for accurately modelling SOC stock distribution in alpine terrain (Hoffmann et al., 2014), this is
540 clearly unrealistic at the national scale. Given our much lower sampling density, a relatively large prediction error can be expected.
The RMSE of 2.7 kg m™ obtained from spatially cross-validated test data is thus a reasonable reflection of data limitations and

spatial heterogeneity.

Overall model performance was moderate (R? = 0.49). This indicates that a considerable proportion of SOC stock variability could
not be explained by the model and the resulting map, even though the main spatially available predictors expected to influence
545 SOC storage in alpine regions were included. However, model performance was comparable to, or slightly better than, similar
modelling approaches used to estimate SOC stocks at larger spatial scales (R? = 0.3-0.5, depending on the soil depth compartment
and ecosystem) (Bui et al., 2009; Gomes et al., 2019; Hounkpatin et al., 2020; Martin et al., 2011; Nussbaum & Burgos, 2021;

Wiesmeier et al., 2014), and thus in line with expectations for SOC stock mapping.

The use of PTF allowed us to account for subsoil SOC stocks, which represent about 20 % of the total stocks (Figure 4b). Subsoil
550 stocks are typically difficult to measure directly in the field, especially for remote stony soils at this scale, and therefore, we
consider this modelling approach worthwhile. However, the accuracy of PTF-based extrapolation depends on the similarity of local
conditions to those represented in the reference dataset of 17 deep soil profiles by Udke et al (submitted). Sites to model subsoil
stocks were chosen based on best-possible environmental match between each topsoil site and a corresponding soil profile site
(Figure B5). While the set of profiles used for PTF cover a large environmental gradient, they do not necessarily reflect the exact
555 in-situ conditions at all topsoil sites, thus introducing an additional model uncertainty, which we did not additionally validate
through excavating additional soil pits at randomly picked topsoil sites, as this exceeded the extent and labour of this study. We
did, however, compare the stocks measured by soil profiles with the stocks from topsoil cores with added subsoil stocks (modelled
through PTF) at the same site, which resulted in very high correlations (R?> = 0.91 for silicious bedrock, 0.86 for calcareous bedrock,

Figure Cla), supporting the internal consistency of the PTF approach to model subsoil SOC stocks.
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560 To assess uncertainties arising from input data limitations and model representation, we (i) evaluated the spatial distribution of
residuals, (ii) produced an uncertainty map based on QRF (Meinshausen, 2006), and (iii) quantified the area of applicability (AOA)
following Meyer & Pebesma (2021). The AOA analysis confirmed that most of the environmental space in the alpine zone is
covered by our training data (Figure 9a). Conversely, the AOA highlights regions where higher sampling density could further
improve the accuracy of alpine SOC stock maps. These are mainly high elevation areas in the northern Pre-Alps, and north-facing

565 scree dominated slopes on calcareous parent material, which could represent priorities for additional sampling in future surveys.
(Supplementary data: AOA.tif). Moreover, our dataset includes several samples from carbon-rich bogs and fens, which is reflected
in the final SOC map by the pronounced representation of SOC-rich depressions driven by the variable TWI, as illustrated in the
local detail maps. These patterns seem to accurately capture areas where bogs and fens occurred (at least historically), although
the predicted SOC stocks (~10 kg m™) are underestimated for such organic-rich soils. This underestimation is partly

570 methodological: QRF provide median predictions, which tend to be lower than mean predictions in strongly right-skewed SOC
distributions. As a result, SOC-rich but spatially limited environments, such as mires and valley bottoms, are smoothed towards
more typical conditions, leading to conservative estimates in these SOC hotspots. Incorporating additional samples from the

remaining alpine mires would allow these fine-scale features to be further refined.

Model residuals were symmetrically distributed around zero for most sites, with no large-scale spatial clustering (Figure 8). Despite
575 higher weights to pseudo-zero values and sites with high SOC stock values in the model training, we observed heteroscedasticity
(overestimation of low SOC stocks and underestimation of high ones; Figure A5a). However, this is expected for ensemble tree-
based algorithms such as RF models, which inherently regress predictions towards the mean (Meinshausen 2006, Zhang & Lu,
2012). Importantly, this heteroscedasticity does not translate into a severe systematic bias along the elevational gradient: residuals
did not show consistent over- or underestimation in low- versus high-elevation areas (Figure ASb), indicating model robustness
580  across the elevational gradient. The few extreme negative residuals correspond to sites with exceptionally high SOC stocks
exceeding 15 kg m2, resulting in a tendency of underestimation in lower regions. The narrowing residual spread with increasing
elevation further suggests that uncertainty is smaller where SOC stocks are naturally low and less variable. Because areas with a
tendency of underestimation are spatially more extensive (i.e. lower alpine belt) than areas with overestimation towards narrowing

mountain peaks, the resulting total SOC stock estimate of 47.6 Mt is likely conservative.

585 We computed uncertainty maps based on the quantiles of the spread of predictions, which is an important and widely used tool to
estimate spatial uncertainty in digital soil mapping (Meinshausen, 2006; Vaysse & Lagacherie, 2017; Wadoux & Heuvelink, 2023).
Areas of the lower alpine region showed the highest SD, reaching up to 5 kg m™ (Figure 9b), coinciding with the residual spread
of model predictions at out-of-fold sites. This was expected, as SOC variability is substantially higher and more variable at lower
elevations. Areas of particularly high uncertainty are concentrated just above and around the treeline and hydrologically convergent
590 terrain with high SOC stock predictions, whereas uncertainty decreases with increasing elevation (Figure A6). Within the alpine
grassland belt, which contains the largest share of SOC, SD typically ranges between 2 and 3 kg m™2, consistent with the overall
model RMSE of 2.7 kg m™2. The provided uncertainty maps should be taken into account when interpreting the provided SOC

stock map.
44  Outlook

595 We observed a decline in SOC stocks with higher elevation and lower NDVI, which highlight the C sink function of alpine soils
given that elevation acts as a space-for-time substitute for future warming and greening. There is ample evidence that the alpine

regions are experiencing shifting vegetation into higher elevations (Iseli et al., 2023; Steinbauer et al., 2018; Vitasse et al., 2021;
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Walther et al., 2005), increased productivity (Choler, 2015; Choler et al., 2024; Rumpf et al., 2022), and earlier plant growth (Shen
et al., 2022; Zehnder et al., 2025). These changes may facilitate soil formation and SOC accumulation through increased biomass
600 production and C input in high alpine regions that further promotes colonization by upward shifting vegetation — analogous to SOC
formation along retreating glaciers or debris flow fans (Egli et al., 2010; Y. Zhang et al., 2023). It was recently suggested that
particularly the areas in the sparsely vegetated nival belt could function as emerging C sinks because of currently low C input rates
(Udke et al., submitted). However, not all high-elevation areas are equally suitable for plant colonization. Loosely aggregated scree
and areas dominated by exposed, bare rock each occupy a similar spatial extent (= 2,600 km?), yet extensive vegetation greening
605 on bare rock remains limited, effectively excluding some areas to function as substantial C sinks. Future work should therefore
aim to identify high-elevation locations with a greater potential for plant colonization, as these areas may represent zones of
elevated future C uptake — although limited in spatial extent. In contrast, SOC accumulation in alpine grasslands, which cover
extensive areas in the lower alpine belt, is constrained by the availability of reactive mineral surfaces, as high(er) C inputs lead to
a high SOC saturation in the soil, thereby reducing their capacity for additional SOC storage (Georgiou et al., 2025). Notably, SOC
610 stocks within the alpine grassland belt show only a weak decline with elevation in the grassland belt, but decrease sharply at the
vegetation line (Figure A8). Consequently, alpine grassland soils may be more vulnerable to SOC losses despite potentially higher
aboveground C inputs, as observed in accelerated SOC mineralisation near the treeline under experimental warming (Hagedorn et

al., 2010; Streit et al., 2014).

This study identified alpine SOC hotspots primarily in areas around the treeline and in hydrologically convergent terrain, such as
615 alpine mires and high-alpine valley bottoms. However, the persistence of such SOC hotspots under future climate change remains
uncertain. Rising temperatures, reduced snow cover, and an increasing frequency of summer droughts are expected to promote soil
drying, potentially shifting alpine environments that currently experience relatively persistent soil moisture towards intermittently
dry conditions (Marty et al., 2017; MeteoSwiss; & ETH, 2025; Richter & Marty, 2026). As a result, SOC stocks that are presently
stabilized by cool and moist conditions may become increasingly vulnerable to accelerated C losses, offsetting or even outweighing
620 potential gains above the current vegetation line. How the net C balance will evolve across alpine landscapes over space and time

therefore remains an open question and deserves further investigation (Bright et al., 2025).

5 Conclusion

Alpine SOC stocks were estimated using a combination of measured topsoil stocks and extrapolated subsoil stocks based on PTF.
Using QRF, we generated the first high-resolution SOC stock map at 25 m for the Alpine terrain in Switzerland, while providing
625 both spatial predictions and associated uncertainty. Our results highlight NDVI, temperature, and ecological indicator maps derived
from large plant species datasets as informative spatial predictors for the study region. Overall, alpine SOC stocks were estimated
to be 47.6 Mt, whereby an average of 7.3 + 3.4 kg m™2 was stored in alpine grasslands, highlighting the importance of land above
the treeline as a major contributor to the total national C inventory, but also the general importance of alpine regions for C storage.
How alpine SOC stocks will develop under future warming and greening remains uncertain, though the observed decline in SOC
630 stocks with elevation suggests a C sink function on unconsolidated substrate at high elevation that can be colonized by upward

shifting vegetation and associated new input of C into soils.
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A. Appendix A): Modelling and environmental variables

Table Al: Description and sources of spatial covariates in final QRF model and their expected effects on SOC stocks.

Variable Resolution Source Description and expected influence on SOC
Landolt-H (-) 90 m Descombes et al. | Represents Landolt humus value (Landolt et al., 2010) averaged from georeferenced species records.
(2020) It is a proxy for topsoil humus content.
Landolt-H shows a positive correlation with SOC as it was empirically assessed based on humus
preference of a given plant species.
Landolt-R (-) 90 m Descombes et al. | Represents Landolt reaction value (Landolt et al., 2010) averaged from georeferenced species
(2020) records. It is a proxy for topsoil pH.
Higher Landolt-R values (higher pH, calcareous bedrock) are associated with lower SOC stocks due
to shallow soils and limited formation of reactive mineral surfaces for SOC stabilization (Wiesmeier
etal, 2019, Trautmann et al., 2024, Rowley et al., 2018)
NDVI (-) 25m Sentinel-2,  Google | Normalized Difference Vegetation Index (NDVI) represents vegetation greenness; derived from
Earth Engine | Sentinel-2 bottom-of-atmosphere scenes and aggregated into a median (June — August) for 2015—
(Copernicus/S2_SR) 2018.
>
g. In alpine regions, higher NDVT is associated with higher SOC stocks via greater C inputs.
3
=
Temperature (°C) 90 m Zilker & Karger | Mean summer air temperature (CHELSA) averaged across the months of June — August using the
(2025) source data.
In alpine environments, higher temperatures support increased decomposition and leading to higher
SOC stocks (Bonfanti et al., 2025; Trautmann et al., 2024).
Precipitation (mm day ') 90 m Zilker & Karger | Precipitation represents the average daily precipitation, averaged across all months from source data.
(025) . o _— .
Higher precipitation increases SOC stocks by promoting biomass production and limiting
decomposition (Jobbagy & Jackson, 2000).
Melt-out day (DOY) 25m Bayle et al. (2025) Average annual melt-out day of year (DOY') between 2012 and 2022 calculated above 1750 m using
source.
Earlier melt-out is associated with longer growing seasons and increased biomass production
(Choler, 2015), favouring SOC accumulation in alpine soils.
Northness (-) 25m Derived from DEM | Cosine of the aspect, which affects potential solar radiation, primary production, evapotranspiration
(Swisstopo, 2024a) and soil temperatures. Higher values indicate more north-facing slopes.
SOC stocks are higher on north-facing slopes due to lower temperature limiting decomposition.
Slope (rad) 25m Derived from DEM, | The average local slope steepness, capturing erosion potential.
=2 (Baltensweiler et al., . . . .
£ 2020) Steeper slopes are associated with lower SOC stocks due to enhanced erosion, and faster drainage,
=
2 which limit SOC accumulation.
®
3
5 Curvature (-) 25m Calculated from | Casorati curvature, derived from the DEM. It is a measure of the magnitude of surface bending,
=]
3 DEM, (Baltensweiler | calculated after smoothing with an 8-pixel kernel.
Y
<) etal., 2017) o . L . .
~ SOC stocks decrease with high casorati-curvature because of limitted organic matter retention or
=)
£ surface instability and soil erosion on sharp ridges or in steep depressions.
&
z TWI (-) 25m Calculated from | SAGA TWI, smoothed with an 8-pixel kernel, integrates local slope and upslope contributing area
DEM, (Baltensweiler | to approximate the potential for soil moisture accumulation and drainage. Higher values indicate
etal., 2017) concave positions with greater water convergence and reduced drainage.

Higher TWI is associated with higher SOC stocks due to sustained soil moisture and material

accumulation (Grabs et al., 2009).
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Choice of topographic covariable data: Multiscale approach
To identify the most informative topographic predictors for SOC modelling, we tested a comprehensive set of variables derived

985 from the DEM of Switzerland at 25m resolution (Swisstopo, 2024a). These included multiple representations of local and regional
terrain attributes at different scales (Baltensweiler et al., 2017, 2020). First, highly correlated variables (cutoff = 0.95) and
topographic predictors characterized by highly localized extreme values (e.g. extreme flow-path metrics) were removed, resulting
in a set of 46 topographic candidate predictors (Table A2). To reduce conceptual redundancy, the remaining 46 topographic

predictors were grouped into four distinct feature types, which are known to have an effect on SOC accumulation and storage:

990
e Regional terrain (TWI, TPI, mean upslope gradient; capturing landscape position and regional moisture accumulation
potential)
e Local curvature (including plan, profile, tangential, and Casorati curvature; capturing local surface geometry)
e Slope-related attributes (e.g. slope steepness, capturing local erosion potential)
995 e Aspect-related attributes (aspect and potential solar radiation, capturing topographically driven differences in energy

balance and microclimate)

These 46 topographic variables were evaluated within a QRF fogether with the a-priori selected covariables using spatial cross-
validation (Valavi et al., 2019). Within each topographic feature type, the highest-ranking predictor based on node impurity was
1000 selected for the final model. Selected was the SAGA-derived TWI with and 8-cell smoothing (TWI_SAGA_s8 25m), Casorati
curvature (curv_casorati_25m_s8), northness, and the local slope in radians (slpM0_25m). The selected topographic variables are

described in detail together with a-priori selected environmental variables in Table Al.

The QRF model used for selecting topographic variables showed slightly lower performance (R? = 0.47; RMSE = 2.74) than the

1005 final model based on the reduced, selected predictor set.
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Table A2: Relative variable importance of a-priori selected and topographic predictors in the QRF model. Predictors are grouped by conceptual
topographic feature type. Highest ranking variables within a topographic feature type, which were selected for further modelling, are printed in
bold. Shown are only the 10 highest ranking predictors per feature type. Variable abbreviations represent different smoothings (s) and various
1010 parametrizations and methods, which are described in detail in Baltensweiler et al. (2017) and Baltensweiler et al. (2020). Note that for variables

with an apparently reduced number of parametrizations, alternative parametrizations were removed during the multicollinearity filtering step.

Variable Importance Feature tvpe
NDVI 100.00 A priori
Landolt-H 85.60
Temperature 23.20
Landolt-R 11.70
Meltout 6.28
Precipitation 4.73
TWI SAGA s8 25m 5.29 Regional terrain
catchSIpMO s4 25m 2.51
TWI MOtop s2 25m 2.08
TWI M1 s2 25m 2.07
TWI Mltop 25m 2.04
TWI SAGA modArea s8 25m 1.93
catchSIpMO0 25m 1.93
TWI MOtop 25m 191
tpi2000c 25m 1.35
catchSIpM1 25m 1.25
curv_casorati 25m_s8 3.67 Local curvature
curv_tan 25m s2 2.02
curv_plan 25m s4 1.77
curv_contour 25m s4 1.72
curv_tan 25m s8 1.45
curv_casorati 25m s4 1.38
convexity 3 25m 1.24
curv_plan 25m s8 1.15
curv_profile 25m s4 1.12
curv_tan 25m s4 1.06
northness 25m 8.81 Aspect
Solar radiation 5.42
castness 25m 1.43
sIpM0 25m 0.96 Slope
slpM6_25m 0.66
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Figure Al: Relative variable importance for topography-related covariables derived from the DEM tested together with the a priori selected

1015 covariables (ranking highest). Only the 30 highest ranking variables are shown. Abbreviations of topographic variables are corresponding to

Baltensweiler et al. (2017) and Baltensweiler et al. (2020).
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Spatial cross-validation and hyperparameter tuning of final QRF model
Across all tested combinations of hyperparameters in the spatial cross-validation QRF (Figure A2), mtry = 7, and min.node.size =

1020 7 resulted in the optimal QRF model with an RMSE of 2.71 and an R? of 0.49 (Figure A3). Differently sized grid sizes for fold
assignment did not significantly affect the model performance. The splitrule of extremely randomized trees (extra-trees) lead to
significantly lower RMSE than “splitrule = variance”. These hyperparameters were then used in the final predictive QRF trained
with all data. The full model trained on all observations showed high in-sample performance, with an RMSE of 1.56 kg m and

an R? 0f 0.83.

"Jad e
1%
5
Bl
1025
Figure A2: Spatial cross-validation grid used for model training and validation using the R-package blockCV (Valavi et al., 2019). Numbers
show the fold assignments (1-5) within each spatial block used to create spatially independent training and testing subsets. Geographically close
samples are assigned to the same fold, thereby minimizing spatial autocorrelation between training and validation data. Differently sized grid
sizes did not significantly affect the model performance.
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Figure A3: Cross-validation results of the QRF model showing the relationship between the number of randomly selected predictors (mtry),
minimal node size and model performance (RMSE). Lines represent different values of the mtry. Lower RMSE values indicate better predictive
performance, with the smallest node size of 7 and mtry of 7 yielding the overall lowest cross-validation error. Results are shown for extremely

randomized trees (extra-trees), which lead to significantly lower RMSE than “splitrule = variance” (results not shown).
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Figure A4: Feature importance of spatial CV QRF based on feature permutation (Molnar et al, 2018). Shown is the increase in RMSE when each
covariate is randomly permuted, indicating its relative contribution to model accuracy. A higher RMSE loss means greater importance of the
variable for predicting SOC stocks. Notably, Landolt-R and northness ranked higher under permutation-based importance than under node-

1040 impurity-based importance (Figure 5). Melt-out day, precipitation and curvature contributed less to model accuracy.
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Figure A5: Model residuals (predicted — observed SOC stocks in kg m?) from spatial cross-validation of a QRF model predicting SOC stocks.
a) Residuals plotted against observed SOC values, with points coloured by residual magnitude (positive residual = overestimation, negative
1045 residual = underestimation), showing expected regression towards the mean: sites with low stocks show an overestimation, while sites with high
stocks show an underestimation. b) Scaled residuals of SOC stock predictions plotted against elevation. Scaled residuals were calculated as
(Predicted—Observed)/(Observed+1). Points are coloured by measured SOC stocks (light to dark brown). There is no systematic bias across

elevation, whereby some sites at mid-elevation show the highest model error.
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1050 Figure A6: Relationship between elevation and model uncertainty (standard error) of SOC predictions derived from the QRF model. Each point
represents a random sample of pixels from the uncertainty map (n_random = 20°000). The sometimes-discrete horizontal banding reflects the
quantilized nature of QRF-derived uncertainty values, which result from discrete output levels in the predicted median quantiles where each

terminal node stores only the training observations that fell into it.
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Table A3: Summary statistics of SOC stocks and environmental predictor variables used in the QRF model. Additionally, the summary statistics

for “elevation” based on the DEM were added for each cover class. Note that Landolt-H is translated to pH-scale (Descombes et al., 2021).

Cover class Variable mean median sd min max
Grassland (n=259) SOC (kg m2) 7.28 7.22 327 0.70 19.83
Landolt-R (-) 5.80 5.80 035 5.13 6.78
Landolt-H (-) 3.29 3.30 026  2.40 4.01
NDVI (-) 0.57 0.59 0.13  0.19 0.80
Melt-out day (DOY) 147.2 151 193 86 203
Precipitation (mm month™) 3.73 3.37 1.48 1.50 9.70
Temperature (°C) 7.70 7.68 139 454 11.25
Northness (—) -0.18 -0.31 0.66  -1.00 1.00
TWI (-) 3.69 3.67 0.67  2.15 5.66
Casorati curvature (—) 0.47 0.45 0.19 0.07 1.19
slpMO_25m 0.35 0.33 0.20  0.00 1.11
Elevation (m a.s.l) 2,250 2,244 242 1,759 2,794
(Vegetated) Scree (n=37) SOC (kg m2) 1.80 1.32 1.67 0.07 8.46
Landolt-R (-) 6.06 6.25 0.55  5.20 6.88
Landolt-H (-) 2.53 2.56 0.31 191 3.09
NDVI (-) 0.16 0.14 0.10  0.01 0.41
Melt-out day (DOY) 172.9 172 17.6 139 213
Precipitation (mm month™") 2.85 2.51 1.01 1.94 6.15
Temperature (°C) 5.10 4.84 1.22 1.67 7.17
Northness (—) 0.00 0.13 0.75  -1.00 1.00
TWI (-) 3.21 3.00 0.71 2.17 5.30
Casorati curvature (—) 0.65 0.71 0.23 0.28 1.05
slpMO_25m 0.35 0.34 0.21 0.04 0.84
Elevation (m a.s.l) 2,703 2,716 188 2,265 3,069
Exposed Rock (n=11) SOC (kg m™) 1.17 0.57 142 0.09 4.80
Landolt-R (-) 5.73 5.56 045 5.19 6.43
Landolt-H (-) 2.55 2.41 0.31 2.15 3.05
NDVI (-) 0.09 0.08 0.10  -0.03 0.26
Melt-out day (DOY) 176.3 175 8.4 163 193
Precipitation (mm month™) 3.50 3.21 139  2.06 6.34
Temperature (°C) 4.47 4.67 1.63 1.41 7.45
Northness (—) 0.17 0.32 0.71 -0.96 0.98
TWI (-) 3.33 3.24 089 222 4.86
Casorati curvature (—) 0.73 0.82 0.24 0.38 1.04
slpM0_25m 0.46 0.42 030  0.11 0.99
Elevation (m a.s.l) 2,762 2,802 218 2,392 3,089
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Bivariate relationships between spatial covariates and SOC stocks

The bivariate linear relationships shown below are intended as an exploratory illustration of the general relationships between SOC
stocks and individual covariables. They are not directly relevant for the QRF model, which captures non-linear effects and

interactions among multiple predictors simultaneously and does not rely on linear assumptions.

Bivariate linear regressions showed clear relationships between SOC stocks and environmental predictors (FigureS13). SOC stocks
increased with higher NDVI and greater Landolt-H values, indicating higher C stocks in more productive and humus-rich plant
communities, with Landolt-H explaining the largest share of variance among all predictors. SOC also increased with higher
temperatures. In contrast, later melt-out dates were associated with lower SOC stocks, consistent with shorter growing seasons and
reduced annual C inputs under prolonged snow cover. Topographic variables exerted weaker relationship: SOC tended to be lower
on roughly curved terrain (indicating mountain ridges and summits) and showed only a minor dependence on northness. TWI
showed a positive relationship, hinting at higher SOC stocks in depressions and areas where water can accumulate. Landolt-R
exhibited a weak negative relationship with SOC, in line with reduced C storage on calcareous substrates with less reactive mineral

surfaces.
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Figure A7: Bivariate relationships between SOC stocks and all environmental predictors used in the QRF model. Each panel shows a simple

linear fit with coefficient of determination (R?) indicating the strength of association based on linear fits. Units can be found in Table A3 above.
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Elevational decline of SOC stocks, NDVI threshold and relationship between productivity and aspect

SOC stocks declined relatively sharply at around 2600 m a.s.1., coinciding with the upper limit of continuous vegetation cover and
a marked reduction in litter inputs to the soil. Soil profiles along elevation gradients used to constrain PTF showed the same pattern

1080 (Udke et al., submitted). The sigmoidal model explained slightly more variance in SOC stocks along the elevational gradient
(pseudo-R? = 0.29) than a linear model (R? = 0.24).

20 . Figure A8. Relationship between elevation and SOC stocks across all sites (n=307). Points
Pseudo-R?*=0.28

represent individual observations, and the solid line shows a fitted sigmoidal curve highlighting

the nonlinear decline in SOC stocks with increasing elevation.
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B. Appendix B): Pedotransfer functions (PTF)
Profile data to constrain PTF functions

Profile data from 17 soil pits reaching bedrock (Figure B1) was examined in-depth and published in Udke et al. (submitted). Here,
we used the three variables required to calculate SOC stocks; SOCo, (i.e. the percentage content of organic C in homogenized FE),
1110 FE density, and coarse rock fraction (i.e. the percentage of the coarse rock fraction >2 mm in the sampled volume) (Poeplau et al.,
2017). These three parameters were derived from environmentally matching soil profile data to constrain PTF to model subsoil
SOC stocks of all sites with the procedure explained after the description of each parameter measured at profile sites. Profiles on
silicious bedrock used in the PTF are located between 2000 - 3040 m a.s.l. and are placed along two transects while profiles on

calcareous bedrock are located between 2000 - 2800 m and were sampled along one transect.

Figure B1: Exemplar soil profiles on (a) gneissic bedrock,
2175 m a.s.l. and (b) calcareous bedrock, 2750 m a.s.l.,
which were excavated along elevational gradients. The
soil properties of these sites were used to parametrize PTF
to extrapolate SOC stocks from topsoil sampling sites to

deeper soil layers below 20 cm.

1115
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Soil organic carbon concentration (SOC«) at profile sites

SOCy, declined systematically with increasing soil depth across all sites (Figure B2). Unsurprisingly, surface horizons consistently
exhibited the highest SOCo, and followed an exponential decrease with soil depth. This exponential decay is commonly
1120 implemented in soil-depth models of SOCq, (Hilinski, 2001; Meersmans et al., 2009). The intercept and exponential decline rate

varied among sites. As was to be expected, sites at lower elevation showed higher SOCoy.
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Figure B2: Depth profiles of SOCq, for profile sites used to constrain PTF. Panels are grouped by bedrock type (calcareous vs. siliceous) and
colored by sites. Points show measured SOCv values at each sampling depth, and the fitted exponential relationship with depth. Note that

1125 elevation is indicated by the four-digit site identifiers (e.g., IB2180; 2180 m a.s.l.) while the letters stand for the transect ID.

Note that, although an attempt was made to excavate a full soil profile at 2800 m on calcareous bedrock, extremely rocky ground
prevented sampling beyond 5 cm. This site (IB2800) was therefore excluded from the PTF modelling workflow. Without this
profile, the next-highest calcareous site (IB2750) would disproportionately influence the selection of suitable high-elevation
reference profiles. Moreover, the highest complete calcareous profile available (IB2750) represents an unusually densely vegetated
1130 site (vegetation cover > 75 %) and exhibits comparatively high SOCvy, To avoid systematic overestimation of modelled subsoil
SOC for calcareous bedrock at high elevation, we generated a pseudoprofile (IB2800ps) by duplicating the depth trajectory of
DR2800 (a siliceous site), thereby providing a more conservative and representative upper-elevation reference profile for this

parent material.
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Fine earth (FE) density

EGUsphere\

1135 Fine earth density showed a linear relationship with depth (Figure B3), although in some cases (DR2520, DR2340; both on silicious
bedrock in a similar elevational range) an exponential function also showed good fits (results not shown). Fitting exponential
functions, however, would lead to overestimations of SOC stocks in the subsoil and therefore linear fits were used. FE density
increased with depth at most sites, in some cases exceeding 2 g cm™ at greater depths. Across the sites, the intercept at the surface
and slope of the FE density values vary, allowing us to choose the best fit for each topsoil site depending on the depth trajectory

1140 of FE density measured at each topsoil site.
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Figure B3: Depth profiles of FE density (g cm™2) across profiles down to bedrock grouped by parent material (calcareous vs. siliceous). Colours
indicate sites. Points represent measured FE density values at each depth increment, and lines show the fitted depth trends for each site using
linear fits. Note that elevation is indicated by the four-digit site identifiers (e.g., IB2180; 2180 m a.s.1.) while the letters stand for the transect ID.
1145
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Rock fragment fraction

Rock-fragment fractions increased with depth across all sites and often exceeded 50 % (Figure B4). Depth profiles were
consistently characterised by lower coarse-fragment content in the uppermost soil horizons and a steady increase towards the
subsoil, in some cases exceeding 70-80 % at greater depths. Linear fits captured these depth trends well across both calcareous
1150 and siliceous sites. The intercepts at the surface and the slopes of the depth relationships differed substantially among sites,

reflecting differences in soil development, whereby sites at high elevation showed higher rock fractions.
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Figure B4: Depth profiles of rock-fragment fraction across all soil pits, grouped by parent material (calcareous vs. siliceous). Colours indicate
sites. Points show measured coarse-fragment fractions at each depth increment, and solid lines represent site-specific linear fits describing the

1155 increase in rock fraction with depth. Note that elevation is indicated by the four-digit site identifiers (e.g., IB2180; 2180 m a.s.L.).
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Exemplar PTF workflow with SOC,

At each topsoil sampling site, SOCy, was sampled using soil cores for the intervals 0-5, 5-10, 10-20 cm with four replicates (Figure

BS5). These measurements define the site’s topsoil conditions and provide the starting point for extrapolating SOCy, to greater

1160 depths. This example site is located at 2500 m elevation on gneissic bedrock. From the full set of reference soil profiles (n = 18
for SOCy, only those that share key environmental characteristics in respect to elevation and bedrock with the target site are
selected as possible fits. To identify sites in a similar elevational range, the profile sites were subset for site within —200 and +
400m. This asymmetric elevation window allows topsoil sites with low SOC to match with low-SOC profiles from higher
elevations, which would otherwise not be tested as possible fits. If a completely symmetrical window was chosen, some sites

1165 showed a significant mismatch between measured data and fitted profile (data not shown). For this exemplar site, the selected 6
profiles are displayed with thicker lines (Figure BS), indicating that they belong to the same environmental type as the example
topsoil site. The exponential decay function from each of the selected profiles is then fitted to the topsoil data, and the best fit is
identified based on the RSS and selected as the PTF for SOCy of this specific topsoil site. In this example, profile DR2520 provided
the best fit (Figure B5c). The corresponding exponential curve is then used to compute subsoil SOC stocks based on Egq. /.
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Figure B5: Workflow for selecting environmentally matching profiles and deriving PTF for subsoil SOCv prediction. a) Measured topsoil SOCv,
at the focal site with four replica per depth interval. b) Candidate reference profiles within similar environmental conditions; thicker lines indicate
profiles meeting both elevation and bedrock criteria. Colours indicate sites. c¢) Best-fitting exponential depth function selected from the matching
1175 profiles (lowest RSS), applied to predict the subsoil SOCv trajectory at the focal site.

The same procedure was applied to the parameters FE density and rock fraction for each topsoil site (compare Figure 2).
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C. Appendix C): Validations of PTF and campaign comparisons

Comparison of PTF-modelled stock vs. profile stocks

To evaluate the reliability of the PTF approach for estimating SOC stocks and the reliability of soil cores in general, we performed
1180  two complementary comparisons using soil cores collected immediately adjacent to fully excavated soil profiles. First, total SOC
stocks obtained from a combined approach (measured core data for the uppermost 20 cm and PTF-modelled estimates for deeper
layers) were compared with fully excavated profile SOC stocks (Figure C1). Second, measured SOC stocks derived from the upper
20 cm of soil cores were compared against SOC stocks calculated from the corresponding excavated profile sections (0-20 cm) to

assess consistency between coring and profile-based measurements (Figure C1).

1185 Both comparisons showed strong agreement across the observed range of SOC stocks, indicating that (i) coring provides reliable
estimates of topsoil SOC stocks, and (ii) the combination of measured topsoil data with PTF-modelled subsoil estimates yields
total SOC stocks consistent with full profile excavations. This supports the use of the PTF-based approach for spatially extensive

SOC assessments in alpine terrain, where full profile excavation is logistically infeasible.
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1190 Figure C1: Validation of SOC stock estimates using adjacent soil cores and fully excavated profiles. a) Comparison of total SOC stocks from
fully excavated profiles with combined estimates based on measured core data for the upper 20 cm and PTF—modelled subsoil stocks. b)
Comparison of SOC stocks derived from the upper 20 cm of soil cores (IMIS) and the corresponding excavated profile sections (0-20 cm). Points
represent individual sites, coloured by bedrock type (calcareous vs. siliceous). Dashed lines indicate the 1:1 relationship, and R? are shown for

each comparison.
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Comparison of IMIS coring approach with Humax probe

This study combines SOC stock data from two major campaigns (1) Intercantonal Measurement and Information System (IMIS),
sampled with an IMIS-corer (diameter: 2 cm), and (2) Biodiversity Monitoring (BDM), sampled with a Humax corer (diameter:
4.8 cm) (Martin Bruch AG, Rothenburg, Switzerland). To assess potential methodological biases in SOC stock estimates due to
1200 the two different sampling approaches, we compared data collected at nine sites, which were sampled with the IMIS corer and with
the larger Humax corer used in the BDM campaign. The Humax sampling, according to the BDM protocol, is described in Reusser
et al. (2023). We further tested linear mixed effect models with site-ID as a random factor and campaign as a fixed effect to

investigate possible sampling related differences.

Overall, the high coefficient of determination (R? = 0.80) indicates strong agreement between the two methods, although deviations

1205 from the 1:1 line suggest that, particularly for higher stocks, samples taken with Humax cores during the BDM campaign yield
higher SOC stocks (Figure C2a). A site-level comparison of SOC stocks visualized the systematic difference between the two
methods (Figure C2b). Linear mixed-effects models indicated that Humax cores from the BDM campaign yielded significantly
higher SOC stocks than IMIS cores. On average the difference amounted to 1.62 kg m™ (p <0.001) for the nine sites, where both
approaches were used (Table C1: Md. 1).

1210 Table C1: Linear mixed-effects models comparing SOC stocks between both coring methods. Model 1 includes data from the nine sites where
both coring approaches were directly compared. Model 2 represents the global dataset across all sites, while Model 3 extends the global model
by including elevation and its interaction with coring method. Fixed-effect estimates, 95 % confidence intervals (CI), and p-values are shown.

All models include station identity as a random factor to account for the four repeated measurements within sites.

SOC (kg m?)
SOC (kg m™) SOC (kg m™)
Response (Md. 3: Global, with elevation
(Md. 1: Nine comparison sites) (Md. 2: Global)
interaction)
Predictors Estimates  |CI p Estimates Cl Estimates |CI
(Intercept) 5.32 339-7.24 <0.001 5.70 5.28-6.12 <0.001 5.41 5.03-5.79 <0.001
method (IMIS) -1.62 -2.23--1.01 <0.001 -1.46 -2.06 - -0.87 <0.001 -0.67 -1.20--0.14 0.013
elevation -3.53 -4.95--2.10 <0.001
method  (IMIS) -2.30 -4.19 —-0.40 0.017
x elevation
n sites 9 287 287
n Observations 71 1101 1101

We further extended the analysis across the full dataset of IMIS and BDM sites (nppm = 143, nivis =144; nioal = 287) to check if
1215  there was a global bias between the two campaigns (Table C1: Md. 2). As the SOC stocks collected with the IMIS corer were 1.46
kg m2lower (p <0.001), the estimated global difference matched the offset observed at the nine sites where both coring approaches

were used. However, as SOC stocks declined strongly with increasing elevation and the mean elevation of campaigns differs (mean
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elevation for BDM sites: 2214 m a.s.l., mean elevation for IMIS sites: 2386 m a.s.l), we controlled for the effect of elevation in a
third model. After controlling for the elevation difference, SOC stocks measured with the IMIS corer remained significantly lower
1220  than those obtained with the Humax corer, although the magnitude of the difference was reduced to 0.67 kg m2 (p = 0.013). This
indicates that part of the observed method effect reflects differences in the elevational distribution of sampling campaigns, while

a residual systematic offset between coring approaches persists — although by less than 1 kg m™2.
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Figure C2: Comparison of SOC stocks estimated using two coring methods; IMIS-corer used in the IMIS campaign, and Humax-corer, which
1225 was used in the BDM campaign. a) Site-level comparison of SOC stocks derived from Humax and IMIS cores at nine paired sites. Points represent
site means, the dashed line indicates the 1:1 relationship, and dotted line with shaded band shows the fitted linear regression and its 95 %
confidence interval (R? = 0.80). b) Distribution of SOC stocks for each paired site, shown separately for Humax and IMIS cores. Points represent

individual replica, and boxplots summarize the within-site variability for each coring method. Colours indicate different sites.

It is possible that differences at paired sites were due to micro-scale in-situ differences as the Humax cores from BDM and the
1230 resampled IMIS cores were taken within an area of approximately 25 m?. More likely, the difference can be explained by
differences in the sampling protocol: The BDM campaign aims at collecting four “ideal” soil cores within a pre-defined area
(between radius 3 m — 3.5 m) for each site (source: sampling protocol BDM — confidential document by BDM, Version April 2011;
also explained in Reusser et al. (2023)) (Figure C3). This approach may lead to an overestimation of FE density and thus SOC
stocks. Avoiding rocky areas for sampling ideal soil cores, as was intended in the BDM protocol, alleviates the overestimation of
1235 SOC stocks especially at high elevation. Furthermore, when a replicate could not be taken due to sones or roots, only a small
fraction of the area (i.e. the ring-shaped area) was effectively probed, while the remaining inner- or outer area may still contain
SOC. To reduce this source of uncertainty, we restricted our analysis to BDM sites with at least three replicates, while a mean
across the three replica was taken, as it is unclear to what extent the fourth quarter can be considered truly SOC-free. Note, that in
the few cases where an incomplete replica was collected (e.g. down to 15 cm), this is noted and considered as SOC-free in our

1240 stock calculation — analogous to IMIS samples.

On the other hand, The IMIS sampling approach selected the exact places where cores were taken randomly (Figure C3); if a core

hit rock, this was noted as a true zero, reflecting the true amount of FE and SOC arguably better than the average of four Humax
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cores taken for the BDM campaign. However, the wider corer diameter and thus the larger sampling volume of the Humax probe
affects the FE density of the samples: the smaller IMIS corer is more sensitive to the presence of coarse fragments and may
1245 underestimate FE density (e.g. when rocks get stuck in the corer), leading to an underestimation of SOC stocks with smaller corer

as shown in the direct comparison at nine sites.

The elevational decline of SOC stocks for all samples was steeper for IMIS cores than for Humax cores (Table C1: Md. 3:
interaction effect: estimatemis:elevaiion = -2.3, p = 0.02). Consequently, differences in SOC stocks between coring methods increased
with elevation, indicating that Humax-derived SOC stocks increasingly overestimate SOC stocks in high-elevation environments
1250 (or IMIS cores underestimate SOC stocks at high elevation). This pattern is consistent with the expected mechanism that small
corers may be less representative in coarse, rocky soils (or idealized Humax cores tend to overestimate SOC stocks at higher
elevation). However, it is exactly at higher elevations, where the portability of a smaller corer facilitates effective sampling, which
ultimately allowed us to cover the whole alpine gradient form treeline to nival regions. We view the possible underestimation of
SOC stocks in samples using the IMIS corer as a compromise that reflects a reasonable trade-off between the portability needed

1255  to access remote alpine sites and measurement accuracy.

We cannot dismiss the fact that aggregating different sampling campaigns may have lead to some inconsistencies with the data
used for spatial modelling. Thus, we acknowledge that, although the use of smaller and lighter IMIS corers enabled the additional
sampling of 144 sites, trade-offs contribute to measurement uncertainty. At the same time, we showed that SOC stocks obtained
from IMIS cores closely matched those measured in the upper 20 cm of adjacent soil profiles in the previous comparison (Figure
1260 C1b). Ultimately, the true SOC stocks likely lie between the estimates derived from the two coring approaches, suggesting that
combining spatially random distributed samples in equal proportions provided a pragmatic and robust basis for regional-scale SOC

maps.
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Figure C3: Comparison of the two sampling approaches IMIS (IMIS-corer; diameter 2 cm) and BDM (Humax-corer; diameter: 4.8 cm). For
1265 IMIS sites, four spatial replicates were taken, while each replicate consists of three cores placed around a vegetation survey plot of 3 m. The
three cores of a replicate were pooled by depth interval 0-5, 5-10, and 10-20 cm. If a core hit rock, this was noted and added to the rock
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fraction. All IMIS-cores were sampled randomly in each quarter. During the BDM campaign, four Humax cores were collected within a
predefined ring-shaped area surrounding each vegetation plot, aiming at a complete 20 cm soil core. If a core could not be extracted as
intended, its position was shifted within the ring.

1270
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D. Appendix D): Spatial cover class categories

Table D1: Cover class reclassification table

Original Cover Class (OBJ_ID / Description) according to | Reclassified Cover | Treated in SOC map as
swissTLM3D Objektkatalog Vs. 2.3 (03/2025)* Class

12 — Wald (forest) Forest Excluded

14 — Gehoelzflaeche (wooded area) Forest Excluded

6 — Gebueschwald (shrubby forest, mostly Pinus mugo ssp. | Forest Excluded

mugo)

1 — Fels (rock; >80 % visible rock) () Solidrock Exposed, bare rock
3 — Felsbloecke (rock blocks >80 %) Solidrock Exposed, bare rock
5 — Fliessgewaesser (rivers and streams) water_ice_snow Excluded

9 — Gletscher (glaciers) water_ice_snow Excluded

10 — Stehende Gewaesser (standing waters) water_ice_snow Excluded

15 — Schneefeld / Toteis (snow and ice fields) water_ice_snow Excluded

11 — Feuchtgebiet (wetlands) Grassland Grassland

13 — Wald offen (open forest, with ground covering vegetation) | Grassland Grassland

8 — Lockergestein locker (loose rocks or scree; 20 % - 80 %, | Grassland Grassland
complement: grassland or open soil)

4 — Felsbloecke locker (loose rock blocks; 20 % - 80 %, | Grassland Grassland
complement: grassland or open soil)

2 — Fels locker (loose rock 20 % - 80 %, complement: grassland | Grassland Grassland

or open soil)

7 — Lockergestein (Scree; >80 % scree) Scree (Partly vegetated) Scree
Remaining area Grassland Grassland

* https://www.swisstopo.admin.ch/dam/de/sd-web/A3kQ2dAgenqG/2025-03 swissTLM3D 2.3 OK-DE.pdf
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Depth distribution of SOC stocks by cover class
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Figure D1: Vertical distribution of SOC by soil depth across the three alpine cover classes: grassland, (partly vegetated) scree,

and rocky nival areas. Bars represent mean SOC +- 95 % confidence interval per 10 cm depth interval (20 cm for the topsoil).
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