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ABSTRACT

Understanding the extent to which land-use changes (LUC) impact soil organic carbon (SOC) is essential for accurate carbon
accounting and global efforts aimed at reducing the negative impact of LUC on climate change. Recognizing that most of the SOC
change due to LUC occurs in the topsoil, current efforts to quantify SOC change often overlook subsoils beyond 30 cm depth. We
used data from Germany's national agricultural and forest soil inventories to address this sparsity by modeling depth-dependent,
LUC-induced, SOC stock change down to 90cm using data-driven reciprocal modeling. This modeling was carried out using
an ensemble approach for prediction and area of applicability assessments to avoid extrapolation. Landscape, climate, and ped-
ological properties were used to predict the equilibrium SOC stock at four depth intervals (0-10, 10-30, 30-60, and 60-90cm)
for all six land-use change directions between cropland, grassland, and forest. While the greatest change occurred at the surface
for all LUC directions, we detected significant SOC stock change down to the sampled depth of 90cm. Approximately 30% of
the detected SOC stock change was found in the subsoil (30-90cm). For LUC to or from forests, the litter layer dominated the
changes in SOC such that for LUC between grassland and forest, SOC stock change in the mineral soil was mostly offset by the
addition or removal of the litter layer. For all LUC directions, the World Reference Base soil group was the most important factor
for determining the magnitude of SOC stock change. This study underscores the importance of deeper soil sampling for accurate
carbon accounting and climate-change mitigation strategies.

1 | Introduction management, and disturbance regimes (Emde et al. 2024; L. B.

Guo and Gifford 2002; Sanderman et al. 2017). Consequently,

Efforts aimed at reducing the impact of agricultural systems on
climate change often encourage transitioning land to a more nat-
ural state—either for a few years at a time (as with ley rotations)
or permanently (Buendia et al. 2019; Federal Environmental
Agency 2021). Such efforts not only aim to limit soil organic
carbon (SOC) loss but also recognize the importance of SOC to
sustainable agricultural production (Mattila and Vihanto 2024;
Rabot et al. 2024; Romero et al. 2024). Changing land from
one use to another brings with it changes to plant species,

the soil characteristics and processes responsible for C cycling
are altered. Understanding how these alterations interact with
site properties is therefore important for properly accounting
for SOC changes, limiting losses that could aggravate climate
change, and maintaining healthy soils capable of keeping up
with increasing global demand for food (Wiesmeier et al. 2016).

While the litter layer accounts for a large portion of SOC stocks
in forest systems, roots are the interface between plants and
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mineral soil (Griinebergetal. 2019). Assuch, roots are direct (root
turnover and exudates; Fitter et al. 1997; Poeplau et al. 2021) or
indirect (root channels, soil aggregation, improved hydrological
properties, interactions with microbes; Ma et al. 2023; Poeplau
et al. 2021; Souza et al. 2023) drivers of many important soil
processes. Because roots are most dense in the topsoil (typically
0-30cm), and in the first 10 to 20cm in particular, changes to
SOC following any sort of disturbance—like changes to plant
and management following LUC—tend to be greatest near the
surface and decrease with depth (Jobbagy and Jackson 2000;
McGranahan et al. 2014). When combined with the difficulty
of sampling beyond the topsoil depth, it appears understand-
able that most of the current literature on SOC change follow-
ing LUC focuses only on the top 20 or 30cm of the soil profile
(Griineberg et al. 2014; Huang et al. 2024; Poeplau et al. 2011;
Zhang et al. 2024). While there are a few studies that note SOC
changes below topsoil depth following LUC, they often either
rely on very limited data or measure SOC pre- and post-LUC at
too short an interval to ensure SOC equilibrium with regard to
LUC. For example, Liu et al. (Liu et al. 2018) found subsoil effects
in pasture to cropland conversion in temperate areas of China
(—16% loss), but only measured subsoil to 60cm depth on a site
that had been cropland for 27years. Meanwhile, Li et al. (2018)
reported SOC stock increases to 1 m as a single depth increment
(42 C Mg ha™) in global sites converted from cropland to grass-
land, thereby obfuscating the depth effect of LUC.

The current literature increasingly supports the notion of a
centennial timescale to LUC effects on SOC (Emde et al. 2024;
Li et al. 2018; Springob et al. 2001). For example, Emde
et al. (2024) and Li et al. (2018) both estimated that it takes
nearly a century to reach SOC equilibrium with regard to LUC
when croplands are converted to grasslands. For grassland to
cropland LUC, Emde et al. (2024) found that SOC equilibrium
wasn't reached for closer to two centuries, while Springob
et al. (2001) found that it takes about 100years. In any case,
the decades it takes to reach new SOC equilibrium following
LUC means it is often necessary to compare separate sites
under different land uses but with similar landscape, soil,
and climatic characteristics rather than resampling the same
site through time. Although this paired-site (space for time)
approach solves the issue of time between samplings, it does
have potential shortcomings. First, the sites with different
land uses can only be paired based on a limited set of criteria
and site-specific differences in SOC change dynamics may, as
such, unintentionally be omitted. Secondly, assumptions re-
lated to the equilibrium status of each site may lead to com-
paring sites not at equilibrium. Where repeat samplings are
able to take place at the same site through time, the time since
LUC is often limited (as with the example from Li et al. (2018)
above) and such investigations likely do not capture equilib-
rium to equilibrium SOC change.

Working with extensive soil, landscape, climatic, and land-
use history data from the German National Agricultural
(Poeplau et al. 2020) and Forest Soil Inventories (Wellbrock
et al. 2019), we used data-driven reciprocal modeling to exam-
ine site-specific potential SOC change at depth following LUC
(Schneider et al. 2021). We used data-driven reciprocal modeling
to estimate SOC stock change between cropland, grassland, and
forest sites at two topsoil depths (0-10cm and 10-30cm) and two

subsoil depths (30-60cm and 60-90cm) in order to answer the
following questions: (i) how much does SOC stock change at all
depths following LUC between cropland, grassland, and forest
(6 LUC directions and 4 depths), (ii) to which depth are LUC
effects on SOC detectable, (iii) how much of the LUC effect oc-
curs in the subsoil, and (iv) which soil, landscape, and climatic
factors affect the magnitude of SOC change?

2 | Methods
2.1 | Soil and Site Data

Data used in this study were gathered during two national
German soil inventories: the German Agricultural Soil
Inventory (Bodenzustandserhebung Landwirtschaft, carried
out from 2011 to 2018; Poeplau et al. 2020) and the National
Forest Soil Inventory (Bodenzustandserhebung im Wald II, car-
ried out from 2006 to 2008; Wellbrock et al. 2006, 2022). Both
inventories were sampled via the same 8x8km? grid across
Germany and used the same ISO Standards for soil physico-
chemical analysis (GAFA 2014). Agricultural soils were sam-
pled at five fixed-depth increments from one profile pit (0-10cm,
10-30cm, 30-50cm, 50-70cm, and 70-100cm). Samples were
taken for forest soils at five depth increments (0-5cm, 5-10cm,
10-30cm, 30-60cm, 60-90cm) from both profile pits and eight
mixed satellite cores of known volume and size appropriate to
the site conditions. Multiple forest litter fractions were collected
using approximately 20 X 20 cm frames and mixed satellite sam-
ples. To avoid the confounding effects of seasonality on forest
litter accumulation, the litter stocks reported here are composed
of the litter fractions that remain relatively stable between sea-
sons: wood and fruit litter, moderately decomposed litter (Of),
and highly decomposed (Oh) fractions smaller than 2mm, and
litter <20mm.

The Agricultural Soil Inventory consists of 2234 cropland sites
and 820 grassland sites, while the National Forest Soil Inventory
consists of 1900 forest sites (Figure 1). Agriculture in Germany
covers nearly half of the land area nationwide, the majority of
which is annual cropland (70% of agricultural area) and grass-
land (28% of agricultural area; Destatis 2019). Cereals (wheat
and barley) and canola are the most common annual crops in
Germany (FAOSTAT 2022), and grasslands are predominantly
intensively managed pastures (58% pasture, 42% meadow;
Destatis 2019). Forests, meanwhile, cover about a third of the
land areain Germany and largely consist of pine (22%) and spruce
(21%) trees (Bundeswaldinventur—Ergebnisdatenbank 2024).
Forests in Germany are managed systems and, in most cases,
have been re-planted over the past decades and centuries. Soil
texture ranged from very clayey (76% clay) to very sandy (96%
sand) across all sites.

Soil properties for the German Agricultural Soil Inventory
were measured at the Thiinen Institute, Germany; the details
of which are outlined in Poeplau et al. (2020). All assessments
and analyses for the National Forest Soil Inventory were carried
out by the federal states alongside an extensive system of qual-
ity assurance measures—including comparability assessments
between soil profile and soil core sampling. Details regarding
specific laboratory analysis and data collection can be found in
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FIGURE1 | Locations of sites under all three land uses covered in this study.

Wellbrock et al. (2019). In brief, soil texture (clay, <2um; silt,
2-63um; and sand, 63-2000 um content), bulk density, and rock
fragment fraction were measured prior to total C and total N ele-
mental analysis (dry combustion). Ramped combustion was used
to separate organic C (volatilization at < 550°C) from inorganic C
(volatilization between 550°C and approximately 1000°C).

Soil type according to the German system of soil classification
was assessed at the time of sampling by field surveyors and
converted to World Reference Base (WRB) soil group for the
purposes of this study. Cambisols (39%), Luvisols (13%), and
Stagnosols (13%) comprised a majority of the soil groups for
the included sites. Climate variables and terrain characteristics
were collected using specific site coordinates alongside open
data sources. Drought index, mean annual precipitation, and
mean annual temperature (all 30-year averages) were collected
from the German Meteorological Service's open data server
(Deutscher Wetterdienst 2022), and landscape data (elevation
and slope) were derived from EcoDataCube (Witjes et al. 2023).
Soil horizons were classified according to Ad-hoc Sponagel
(2005) by trained field surveyors at soil pits. Sites included in
this study had an average mean annual precipitation of 803 mm
(491 to 2144mm) and an average mean annual temperature of
8.9°C (4.6°C to 11.3°C).

Soil organic carbon stock (Mg C ha™!) was calculated as follows:

SOCoek = SOC,op * BDgipe ooit * (1 — rock fragment fraction) + depth
@

where SOC,,, is the SOC content in the fine soil <2mm in
%, BDjinesonl 1S the bulk density of the fine soil in g cm =3,
rock fragment fraction is the volumetric fraction of particles
>2mm in vol%/100, and depth is the thickness of the depth in-
crement in cm. Rock fragment fraction was determined for both
inventories using measurements from soil pits. This approach to
SOC stock calculation accounts for differences in coarse content

and avoids systematic overestimation of SOC stocks (Poeplau
et al. 2017).

Depth increments were made to match between the agricul-
tural and forest inventories by downscaling the agricultural
inventory to 1cm increments, assuming constant values within
the sampled depth increments in most cases. Where horizon
boundaries split depth increments, downscaling was adjusted
to account for SOC stocks on either side of the boundary. Data
were then aggregated to the four depth increments used here
(0-10cm, 10-30cm, 30-60cm, and 60-90cm) using weighted
means (Figures S1-S5). Weighting factors were either increment
thickness (BD, coarse content) or fine soil stock (clay, silt, N, OC,
and pH).

2.2 | Data-Driven Reciprocal Modeling

Data-driven reciprocal modeling was used to estimate the SOC
stock of sites as if they were under a different land use (referred
to as “alternate” land use from hereon). This 5-step pipeline
was derived from Schneider et al. (2021) and is also outlined in
Figure 2. The following was carried out once for each LUC di-
rection (i.e., cropland to grassland LUC, forest to cropland LUC,
etc.) and soil depth increment:

Step 1: Separate data into groups by current land use such that
one group contains only sites under the current LU, and the sec-
ond group contains only sites under the alternate LU (e.g., for
modeling cropland to grassland LUC, the “current” LU group
contains only permanent croplands, and the “alternate” LU
group contains only permanent grasslands).

Step 2: Train an ensemble model to predict the SOC stock of all
sites with the alternate LU using predictor variables that are ex-
pected to have an impact on SOC but are not affected by land use
(e.g., precipitation, clay content, etc.).

Global Change Biology, 2025
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FIGURE2 | Process outline for the data-driven reciprocal modeling pipeline as used in this study. Steps in the left margin denote the manuscript

section in which each part of the process is detailed.

Step 3: Compare the site properties of sites with the current
LU to those with the alternate LU. Remove sites of the cur-
rent LU that are too different from those of the alternate LU
to be predicted without extrapolation (i.e., outside the area of
applicability).

Step 4: Use the ensemble model produced in step 2 (i.e., trained
on the sites of the alternate LU) to predict SOC stocks for sites
with the current LU that are inside the area of applicability. The
residual, calculated as the difference between the predicted and
measured SOC stock, represents the change in SOC stock attrib-
utable to LUC (ASOCg;op)-

Step 5: Train a second ensemble model on the ASOC, values
calculated in step 4. Permutation variable importance for this
second model is then used to determine the predictors with the
greatest impact on the change in SOC stock following LUC.

2.2.1 | Step 1—Data Preparation

To ensure that SOC stocks were representative of mineral soils
under permanent land use, included sites were non-organic
soils that, under current and alternate land use, are assumed
to be at SOC equilibrium with regard to LUC. Organic soils
were excluded on the basis of SOC content. In German agricul-
tural soils, 8.7% is often used as the SOC threshold for organic
soils; however, the WRB soil classification system defines the
threshold at 20% SOC (IUSS Working Group WRB 2022). Here,
in the interest of accuracy to the German context while retain-
ing generalizability, a site was considered to have organic soil,
and therefore excluded, if SOC content at any depth increment
was greater than 10% or it was a Histosol as per the WRB soil

classification system (110 sites). Permanency of land use, and
thus SOC equilibrium, was evaluated based on individual site
histories as per Emde et al. (2024). Briefly, sites were consid-
ered to be at approximate equilibrium if they had undergone no
LUC throughout their compiled history or had been under the
requisite land use long enough prior to sampling that SOC was
no longer changing as a result of historic LUC (151 years under
continuous cropland or 79years under continuous grassland;
Emde et al. 2024). Additionally, cropland sites with ley rotations
were excluded as they are considered to be under constant flux.
Samples of all forest sites were taken prior to large tree die-
offs in recent years and were considered to be at equilibrium
with regard to LUC. While it is likely that climate change and
management-related influences on SOC are ongoing despite the
permanency of land use, studies using the same dataset have
shown that such effects are an order of magnitude smaller than
LUC effects in the German context (Poeplau et al. 2020; Poeplau
and Dechow 2023). As such, we do not expect management and
climate effects to significantly impact our results and do not spe-
cifically account for management and climate here. However, it
should be noted that the term “equilibrium” used in this study,
consequently, relates only to LUC effects on SOC and does not
necessarily imply generally stable SOC.

2.2.2 | Step 2—Train Predictive Model on SOC of Sites
With Alternate Land Use

While the reciprocal modeling pipeline is model-agnostic, mean-
ing it can incorporate any type of machine learning algorithm or
modeling framework, for this study we used a stacked ensemble
model based on the R package mlir3 (Lang et al. 2019) that uti-
lizes random forest (ranger; Wright and Ziegler 2017), boosted
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regression trees (ghm; Ridgeway and GBM Developers 2024),
and support vector regression (svm function from the e1071 pack-
age; Meyer et al. 2023) as the base learners. Each base learner
contributed equally to the final value, with outputs combined
through simple means. Stacked ensemble modeling is computa-
tionally expensive but has the advantage of offsetting individual
model type biases by combining the results of multiple models,
leading to more robust and accurate generalization (Mienye and
Sun 2022). The ensemble model used in this study is outlined in
detail in Sakhaee et al. (2024). A 5-fold spatial cross-validation
(CV) approach was applied to evaluate model performance.
Germany was divided into 50 strata using a 100 x 100km? grid
(INSPIRE Maintenance and Implementation Group 2023), and
random samples were drawn from each stratum to create each
fold for the outer loop of the CV. The spatial CV was repeated ten
times to ensure robustness of model evaluation. Within each it-
eration of the outer loop, the training set was further partitioned
into 5 folds, forming a nested CV structure for hyperparameter
optimization. A random search algorithm was then applied to
optimize the hyperparameters of the models. This framework
of nested CV ensures the model evaluation is unbiased (Varma
and Simon 2006). The final per-site SOC stock prediction was
obtained by averaging the results from the 10 CV repetitions.
Model uncertainty was quantified by calculating the interquar-
tile range (IQR) from these 10 predictions using the IQR func-
tion of the stats package (Figures S6-S11; R Core Team 2024).
Model accuracy was estimated using MAE and RMSE (mae and
rmse functions, respectively, both from the mlr3 R package; Lang
et al. 2019). The MAE for cropland models was on average 4.3
across all depths, while the RMSE was 6.6. The MAE for grass-
land models was on average 10.8, while the RMSE was 16.0. The
MAE for forest models was on average 7.9 across all mineral soil
depths, while the RMSE was 13.2. Finally, the litter layer MAE
was 12.3, while the RMSE was 17.2 (details in Table S2).

Predictors included in model training were those determined
by expert knowledge to not be affected by land use but are
likely to have an impact on SOC content (Table S1). For crop-
land and grassland models, these included predictors related
to soil texture (e.g., clay and silt content, coarse fragments
>2mm), organic matter turnover (e.g., soil pH and C:N ratio),
site characteristics (e.g., groundwater level, slope, and eleva-
tion), climatic variables (e.g., drought index and mean annual
precipitation and temperature), WRB reference soil group, and
variables related to pedogenesis and soil horizon composition
(e.g., parent material type and horizon symbols). For models
including forest land use as either the current or target land
use, soil pH (Clarholm and Skyllberg 2013) and C:N ratio
(Fleck et al. 2019; Hogberg et al. 2021) were excluded because
they are directly affected by forest-specific biotic processes
and litter composition; therefore, land use. Because C dynam-
ics in the litter layer are different from those in mineral soil,
predictor variables for litter layer models were limited to the
soil group, climate variables (as above), and site characteris-
tics (elevation and slope).

2.2.3 | Step 3—Assess Area of Applicability

In order to avoid extrapolation—predicting on sites outside the pre-
dictor space—we used Area of Applicability (AOA) models (aoa

package in R; Meyer et al. 2024) to compare the sites from the cur-
rent and target land-use groups based on all predictors. Full details
regarding this approach can be found in Schneider et al. (2021). In
short, each site was represented by a point in an n-dimensional pre-
dictor space, where each dimension is a predictor for the model in
step 2. The location of each point in this space was, thus, defined by
the intersection of all values for each of these predictors. Variables
more likely to impact the predicted SOC stock were considered
to be more important to decisions regarding similarity of sites for
modeling purposes. As such, values were additionally weighted
using the permutation importance metrics of each predictor from
the model produced in step 2 (Figures S12-S17). Euclidean dis-
tance was then calculated between points with the target land use
and the closest sites under the current land use. Points that fell out-
side the aoa function default threshold of 0.95 were considered to
be too different from the points with the alternate LU to prevent
extrapolation and are, thus, excluded from the following calcula-
tions (Meyer et al. 2024; Meyer and Pebesma 2021).

2.2.4 | Step 4—Predict SOC for Sites Under New
Land Use

To estimate the SOC stock for a site under a different land use,
the ensemble model produced during step 2 (model trained
on SOC stocks of sites with alternate land use) is applied to
sites with a current land use that is different from the modeled
alternate land use. For example, when investigating land-use
change from cropland to grassland, the ensemble model built
on the properties and SOC stocks of grassland sites is applied
to sites that are currently cropland. The difference between
this predicted SOC stock and observed SOC stock is, therefore,
the expected change in equilibrium SOC stock if a given site
were converted to the alternate land use:

ASOC, = predicted SOC — observed SOC

stock stock

@

where all SOCy, values are given in Mg ha~!. Finally, confi-
dence intervals for the national mean ASOC stock of each LUC
direction and depth were produced using bootstrapping with
10,000 bootstrapped replicates (boot and boot.ci packages; Canty
and Ripley 2021; Davison and Hinkley 1997).

2.2.5 | Step 5—Model Drivers of SOC Change

For each site and LUC direction, one ASOC stock value was cal-
culated as the sum of absolute ASOC,,, across all depths. A
second, post hoc, model was then trained to predict this abso-
lute ASOC stock to 90 cm depth for each pair of LUC directions
(i.e., one model for the magnitude of change from cropland
to grassland and grassland to cropland together). This model
used the same ensemble modeling approach (including cross-
validation and hyperparameter tuning) and training param-
eters as the model in step 2, but the predictor variables were
limited to those with established mechanistic interactions with
SOC change to enhance interpretability of the model output
(soil texture, climate, groundwater, NDVI, etc.; Supporting
Information Table S1). The conditional effect of predictors on
ASOC stock was determined using accumulated local effects
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(ALE). Permutation variable importance and ALE were then
probed for insights into the site-specific factors affecting SOC
change following land-use change. Both variable importance
and ALE were determined using tools from the mlr3 package
(Lang et al. 2019).

3 | Results
3.1 | Change Between Cropland and Grassland
The difference between the predicted SOC stock following LUC

from cropland to grassland and vice versa and the current, mea-
sured SOC stock was the largest at the surface and decreased

with increasing depth (Figure 3 and Table 1). The resulting SOC
changes were significantly different from 0 (95% CI did not cross
0) at all depths and were symmetrical but mirrored. The result is
alarge overall increase of SOC stocks down to 90 cm depth when
converting cropland to grassland and losses when converting
grassland to cropland (Figure 4).

Differences in reference soil groups explained the most vari-
ation in the magnitude of SOC stock change to 90cm depth
between sites following LUC between cropland and grassland
and vice versa (Figure 5), with Gleysols and Fluvisols chang-
ing the most (absolute change), and Luvisols and Vertisols soils
changing the least (Figure S18). After the reference soil group,
mean annual precipitation and coarse content were the next

Cropland Grassland Cropland  » Forest Grassland <» Forest
Litter Iayer E 1100 : 125 179 : 1271
Oem 186 1 M35 — s
—i { H i
10cm E
— E H
’g 30cm E
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9 e
o i
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— E H
90 cm E k '
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A SOC Stock (Mg ha™)

FIGURE 3 | Soil organic carbon change as determined using data-driven reciprocal modeling of land-use change (LUC) between all six possible

LUC directions between cropland, grassland, and forest. The colored arrow in each facet label denotes the direction of LUC by color (e.g., blue is al-

ways land-use change to forest). Numbers above the bars for each LUC direction indicate the number of sites included in each estimate. The 0-change
line is illustrated with a vertical dashed line such that bars to that extend to the right show positive change, and to the left show negative change.
Bootstrapped 95% confidence intervals are shown for each depth and land-use change direction. Where the confidence interval crosses the 0-change

line, there is no significant change for that depth and direction of LUC.

TABLE1 | Summary statistics for Figure 3. Soil organic carbon stock change for each of the six land-use change directions outlined in this study

with bootstrapped 95% confidence intervals of the respective mean.

Absolute SOC stock change following land-use change (Mg C ha™!)

Cropland to Grassland to Cropland Forest to Grassland Forest to

grassland cropland to forest cropland to forest grassland

Litter 19.7+0.4 -20.2+1.1 20.6+1.1 -19.8+1.0
0-10cm 21.5+0.4 —-21.2+14 19.1+0.4 -16.3+0.8 -2.2+1.5 4.3+0.7
10-30cm 10.9+0.6 -8.9+27 -5.2£0.6 6.6+0.9 -15.7+3.6 144%1.0
30-60cm 7.7+0.6 -6.0+2.0 39+0.7 -3.7£0.9 —-4.2+34 4.1+0.9
60-90cm 4.5+0.4 —-4.6+2.0 2.9+0.5 -1.3+0.7 -1.2+2.4 2.2+0.7
Overall 446+1.1 —40.7+4.6 40.4+1.2 —349+2.2 —-2.7+6.4 52+2.2
Mineral soil 44.6x1.1 —40.7+£4.6 20.7x1.6 -147+1.8 -23.3+£6.3 25.0+1.9
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FIGURE 4 | Overall effect of land-use change (LUC) down to 90cm
soil depth for all six LUC directions between cropland, grassland, and
forest. The colored arrow in each facet label denotes the direction of
LUC by color (e.g., blue is always land-use change to forest). The
0-change line is illustrated with a vertical dashed line such that bars to
that extend to the right show positive change, and to the left show nega-
tive change. Bootstrapped 95% confidence intervals are shown for each
depth and land-use change direction. Where the confidence interval
crosses the 0 change line, there is no significant change for that depth
and direction of LUC.

most important drivers of differences in SOC stock change.
Sites with less precipitation tended to have greater changes in
SOC stocks; the same is true of sites with a smaller volume of
coarse fragments.

3.2 | Change Between Cropland and Forest

Similar to LUC between cropland and grassland, the magni-
tude of SOC change in the mineral soil was greatest near the
surface and decreased with increasing depth. That being said,
patterns of change for the 10-30cm depth were reversed; SOC
stock was predicted to be lost when converting cropland to forest
and gained when converting forest to cropland (Figure 3 and
Table 1). In both subsoil depths (30-60cm and 60-90cm), SOC
stocks once again increased when converting cropland to for-
est and decreased when converting forest to cropland. Loss or
gain of a litter layer accounts for more than half of the overall
SOC stock change between cropland and forest and vice versa
(Figure 4).

Differences in reference soil group explain the most variation
in the magnitude of SOC stock change to 90cm depth between
sites following LUC between grassland and forest and vice versa
(Figure 6), with Gleysols and Fluvisols changing the most, and
Chernozems and Phaeozems changing the least (Figure S19).
The slope of a study site and the coarse fraction were the next
most important factors. Flatter sites and sites with smaller vol-
umes of coarse fragments tended to have greater changes in SOC
stocks.

3.3 | Change Between Grassland and Forest

While the majority of the SOC stock changes between grass-
land and forest took place in topsoil, the SOC change at the
0-10 cm depth was comparably small, with the majority of the
change taking place at the 10-30cm depth (Figure 3). Land-
use change effects on SOC stocks were significantly different
from O for all depths and LUC directions except the 60-90cm
depth of grassland to forest LUC. Loss or gain of the litter layer
offset most of the change in the mineral soil, such that the
overall effect of grassland to forest conversion was not signifi-
cantly different from 0 but is significant in the mineral soil
alone (Figure 4).

The coarse fraction explained the most variation in the mag-
nitude of SOC stock change to 90cm depth following LUC be-
tween grassland and forest and vice versa (Figure 7); sites with
less coarse fraction tended to experience greater change. Mean
annual precipitation and drought index were next most import-
ant, both with greatest change occurring at sites with smaller
values. Reference soil group follows closely, however, with
Anthrosols and Regosols changing the most, and Chernozems
and Phaeozems changing the least (Figure S20).

3.4 | Subsoil Contribution to Land-Use Change
Effects

The magnitude of soil organic carbon stock change in the sub-
soil compared to initial SOC stock differed by land-use change
type (Table 2). The proportion of change in the subsoil compared
to the whole soil profile, however, was within confidence inter-
vals of each other across all three LUC pairings. For LUC be-
tween cropland and grassland, subsoil SOC change accounted
for 29% +4% of the overall change; SOC change in subsoils of
LUC between cropland and forest accounted for 34% + 4% of the
overall change; and SOC change in the subsoils of LUC from
grassland to forest and vice versa accounted for 25% + 9% of the
overall change. Finally, the average subsoil effect of LUC on
SOC stock for LUC between cropland, grassland, and forest is
29.6% +3.5%.

4 | Discussion

Converting land from one use to another has long-lasting ef-
fects on SOC stocks and the soil physicochemical properties
that mediate the cycling of C in the soil (Emde et al. 2024;
Hobley et al. 2017; Schneider et al. 2021). Previous literature
has often focused on tracking such changes only in the top

Global Change Biology, 2025

7 of 16

25UBD 17 SUOLULUIOD) AITERID) B[l ke BU) Aq peLieA0B 312 SOOI VO ‘85N JO S9N 10} ARG 1T BUIIUO AB|IM UO (SUOIPUOD-PUR-SLLLIBYLIO" 8] 1M AZR1qi[oU|Uo//SAl) SUORIPUOD) PUR SULR L 8L 885 *[520Z/0T/08 ] U0 AIJ1 3U1IUO AB]1AM ‘LeUSNL L UOA UoLIUIBH ULRUOE AG 9602 GOB/TTTTOT/I0p/wi00" A3 1 AReiq1pu1|UO//ScL LI POPeOIUMOQ ‘0T ‘G20z ‘98YZG9ET



Coarse (vol. %)

Cropland € » Grassland 607
551
45

500 1000
MAP (

‘-r./\
©
c
o
=

S 50+
. o

Slope (°) B 48

8 46

NDVI Q4
go!

Silt content (%) = 0 10 20
“5’_ Coarse (vol. %)

Groundwater (cm) @ 55 -
E
o)

Clay content (%) 8 501
<C

MAT (°C) 45 1

R 0 10 20

Permutation Importance (%)

Slope (°)

FIGURE 5 | Drivers of site-specific differences in the magnitude of soil organic carbon (SOC) change following land-use change between crop-

land and grassland. How variation in values of the top three numerical variables affected predicted SOC stock change following LUC are shown on

the right (accumulated local effect). Each yellow tick along the bottom of the ALE plots represents a site, with darker colors indicating higher density

of sites.

20 to 30cm of soil because the topsoil reacts most strongly
to changes in soil processes (Poeplau and Don 2013; Zhang
et al. 2024). We have found that, while it is largely true that
most change happens in the topsoil, a significant portion of
LUC-induced change may occur at soil depths below 30cm
(Figure 3). If subsoils are not considered when assessing the
impact of LUC on SOC stocks, approximately one-third of the
SOC change is left unaccounted for. Depending on the scale of
the LUC in question, this could account for millions of tonnes
of unaccounted CO2 fluxes. For example, the largest share of
LUC in Germany for 2021 was the conversion of 1.4 million
ha of mineral cropland soils to grasslands (UNFCCC 2021).
If we consider the average SOC stock change for cropland
to grassland LUC for the two subsoil depths from this study
(7.7Mg C ha! for the 30-60cm depth and 4.5Mg C ha™! for
the 60-90cm depth), this amounts to approximately 17 mil-
lion tonnes of potentially unaccounted for CO, sink due to
SOC changes following LUC as new grasslands build up SOC.

Beyond examining SOC changes due to LUC in the subsoil,
the site-specificity of the modeling approach used in this re-
search provides a unique opportunity to link SOC change with
site-specific drivers of that change. To that end, we found that

the WRB soil group was the most important site characteristic
for determining the magnitude of SOC change for LUC across
all LUC directions. For LUC including cropland, Gleysols and
Fluvisols had the greatest changes following LUC. These are
soils that are significantly influenced by water and tend to
be SOC rich. Where Gleysols are formed in waterlogged con-
ditions with poor drainage, Fluvisols develop in alluvial en-
vironments like floodplains, where periodic waterlogging is
common. For LUC between grassland and forest, Anthrosols
and Regosols showed the largest changes. Both soils typi-
cally have limited development and have human influence.
Anthrosols, in fact, are diagnostically human impacted, but
may retain some characteristics of their parent material.
Regosols, meanwhile, are particularly young soils and tend to
occur in human impacted areas (International Union of Soil
Sciences IUSS 2022).

4.1 | Land-Use Change Between
Cropland and Grassland

Our results show that when sites with annual cropping systems
are converted to grassland, they gain an average of 44.6 +1.1 Mg
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C ha~!if given enough time to reach equilibrium state. A similar
SOC stock change (—40.7 +4.6 Mg C ha™!) occurs when convert-
ing meadows and pastures to annual croplands (Figure 4 and
Table 1). The greatest portion of this change occurs at the surface
and decreases with increasing depth, with significant changes at
all depths down to the sampled depth of 90cm (Figure 3 and
Table 1).

The 40.7Mg C ha! overall loss (22.0%+4.0% relative loss)
of SOC stocks when converting grasslands to croplands in
this study is in line with Li et al. (2018), one of the few stud-
ies from the literature that examined similar soils and similar
depth. Li et al. (2018) found an approximately 26% loss to 1 m
depth for European sites from a global meta-analysis. Poeplau
and Don (2013), meanwhile, found no significant change in
SOC stocks in the subsoil (30-80cm) of European grassland
to cropland conversion. While studies extending past 20 or
30cm depth are extremely limited, reports of topsoil SOC
change are plentiful and range from approximately 10% losses
in tropical climates (Don et al. 2011) to more than 30% losses
in temperate climates (Huang et al. 2024; Liang et al. 2023;
Poeplau et al. 2011). This study shows approximate losses of
32% =+ 5% in the topsoil and 23% +8% in the subsoil (Table 2).

For LUC in the opposite direction, from cropland to grassland,
Li et al. (2018) reported an average SOC stock increase of 37%
to 1 m in European soils, approximately half of the 72% + 3% in-
crease found in this study. Poeplau and Don (2013), once again,
found no significant increase in subsoil (30-80 cm) SOC follow-
ing cropland to grassland LUC in Europe. Topsoils SOC change
was, once again, variable; ranging from increases of about 35%
to more than 100% (Don et al. 2011; Huang et al. 2024; Poeplau
et al. 2011). This study shows approximate SOC stock increases
of 60% = 2% for topsoil and 45% +4% in the subsoil.

Differences in the reported SOC change following LUC from
cropland to grassland and vice versa may be partially attribut-
able to variations in the time since LUC (site age) and equilib-
rium status of the pre- and post-LUC sites. In order to assess the
full magnitude of the effect of LUC on SOC stocks, sites must be
at SOC equilibrium with regard to LUC prior to and after LUC.
Without accounting for equilibrium status, it is possible that the
sites being compared are still losing or gaining C as a result of
historic LUC (Emde et al. 2024). With studies increasingly re-
porting LUC effects for many decades following LUC, studies
that report SOC change for younger sites will report smaller
LUC-induced SOC change than those including older sites. With
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TABLE 2 | Soil organic carbon change relative to pre-LUC SOC stocks for topsoil (0-30cm) and subsoil (30-90cm) for each of the six land-use
change directions outlined in this study with bootstrapped 95% confidence intervals of the respective mean.

SOC stock change, relative to pre-LUC SOC, following land-use change (%)

Cropland to Grassland to Cropland Forest to Grassland Forest to

grassland cropland to forest cropland to forest grassland
Topsoil 58+3 —-34+3 25+2 -17+£2 -19+4 29+3
Subsoil 45+5 —24+6 25+5 -18+4 —-12+10 22+6

the difficulty of obtaining such long-term land-use histories, it
is entirely possible that much of the variation in reported LUC
effects in the current literature is due to unconfirmed equilib-
rium status.

The depth dynamic of SOC change following LUC is well es-
tablished, and the patterns shown in this study mirror the con-
sensus reflected in the current literature. The greatest absolute
changes occur where there is the most SOC; that is, closest to
the soil surface where the plant roots responsible for drawing
C into the soil are most abundant (Jacobs et al. 2020; Poeplau
et al. 2021). Both croplands and grasslands are intensively man-
aged in Germany, but perennial grasses have persistent foliage

and dense, deep root systems with relatively high root turnover,
while annual crops have root systems that input less C to the
soil and biomass that is largely removed with harvest (Goss and
Watson 2003; Warren Raffa et al. 2015). Tillage and other me-
chanical disruption in croplands may play a role to some degree
in C losses following conversion of grassland to cropland, but re-
cent publications more often point to SOC formation efficiency
(i.e., organic matter quality) as the key difference between
C gained from crop residues and grasses (Jacobs et al. 2020;
Poeplau et al. 2021).

Once C has entered the soil, its subsistence is mediated by a
number of factors, many of which are related to the ability of
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a soil to form aggregates (Even and Cotrufo 2024). Soil aggre-
gates not only physically protect enclosed organic matter from
mineralization, but also enhance soil properties responsible for
both crop productivity and carbon cycling (Goebel et al. 2009;
Horn et al. 1994). Our study showed that the WRB reference soil
group drove the site-specific differences in magnitude of change
following LUC from cropland to grassland and vice versa, with
the largest absolute changes occurring in Gleysols and Fluvisols.
Both Gleysols and Fluvisols tend to reside in lowland areas and
floodplains that are inherently rich in organic matter, have
groundwater levels closer to the surface, and show enhanced
ability to produce aggregates (Monreal et al. 1997; Radziuk and
Switoniak 2022).

Periodic waterlogging limits oxygen availability for decom-
posers, thereby increasing mean residence time of SOC due
to reduced activity. When drained for cropland use, microbial
activity is no longer inhibited by anoxic conditions and the re-
sultant decrease in mean residence time leads to a loss of SOC
(Argiroff et al. 2017). Furthermore, wet-dry cycles combined
with the presence of soil colloids and the specific mineralogy of
Gleysols and Fluvisols enhance aggregate formation and stabil-
ity (Tang et al. 2024; Wasner et al. 2024). Disrupting aggregates,
as with the introduction of conventional agricultural manage-
ment and tillage, stands to enhance carbon loss by diminishing
the positive effects of aggregation on the soil (Six et al. 2000; Ye
et al. 2020). The opposite is true when changing croplands to
grassland (Xiao et al. 2021). The impact of reference soil group is
thereby twofold: first, sites with higher SOC stocks (potentially
due to the influence of groundwater) tend to experience larger
absolute changes following LUC by merit of having more C to
shift and second, through changes in soil aggregation.

Because German agriculture is largely unirrigated, mean annual
precipitation (MAP) plays an integral role in plant productivity
by determining when and to what degree crops and grasses re-
ceive water (Destatis 2019). As such, precipitation is also related
to NDVI, an indicator of vegetation growth and density (Du
et al. 2017). Coarse fragment content, meanwhile, is a key com-
ponent in soil porosity and, therefore, hydrological properties
and root infiltration (Lai et al. 2021; Sekucia et al. 2020). Our
results show that, on average, sites with less precipitation, lower
NDVI, and lower coarse fragment content had larger predicted
changes of SOC stock following LUC (Figure 5). This suggests
that limits placed on plant productivity are important drivers of
SOC change following LUC.

4.2 | Land-Use Change to and From Forest

The overall magnitude of SOC change for LUC involving for-
ests is largely driven by the addition or removal of a litter
layer. Converting cropland sites to forest increases SOC overall
(39+2Mg C ha'), but more than half of that additional SOC in
forests is retained in the litter layer. Converting forests to crop-
land, meanwhile, results in a loss of 33 +=2Mg C ha~%, the major-
ity of which stems from the loss of a litter layer. With grasslands,
the impact of the litter layer on overall SOC change is even more
pronounced, such that including the litter layer all but com-
pensates for the SOC change in the mineral soil (Figure 3 and
Table 1).

4.2.1 | Change Dynamics for LUC Between
Cropland and Forest

The litter layer is unique to forest ecosystems and acts as an ex-
tension of the surface layer of the mineral soils (Chakravarty
et al. 2022; Neumann et al. 2018; Walkiewicz et al. 2021). While
it is generally understood that, depending on soil types and
tree species composition, leaf litter contributes about as much
to SOC as belowground inputs in forests (Beidler et al. 2023;
Crow et al. 2009; Rasse et al. 2005), previous LUC studies on
SOC in forest soils often either omit it or do not note whether
the litter layer is included in the analysis. Roughly speaking, we
observed an inverse relationship between the SOC stock of the
litter layer and of the mineral soil at 0-10cm depth in forests
across Germany (Griineberg et al. 2019). Where litter layer SOC
stocks were high, 0-10cm SOC stocks were low, and vice versa.

The current literature reports that mineral topsoil SOC stocks
change by approximately one-third of their pre-LUC stock
when converting land between cropland and forest in temper-
ate regions (Huang et al. 2024; Liang et al. 2023). Poeplau and
Don (2013) noted 22+11Mgha™! losses of litter layer C when
clearing European forests for cropland use, and no significant
loss of SOC below 30cm depth. Our results show litter losses
in line with Poeplau and Don (2013) (20.2+1.1Mg C ha™) but
smaller mineral soil C changes in the topsoil (closer to 20%
change). Finally, we found significant subsoil losses of C when
converting forest to cropland (18% +4%) and increases when
converting cropland to forest (25% + 5%; Table 2).

Assuming that deforestation is followed by common national
cropland management practices, the soil would be plowed, mix-
ing the upper 30 cm of soil and homogenizing the SOC content in
the plowed layer. As a consequence, converted forest sites would
lose large amounts of SOC at the 0-10 cm depth but gain SOC for
the following 10-30cm depth. Although croplands tend to have
short-lived crops with root systems that prioritize crop biomass
and have inhomogeneous soil cover, forests have enormous
amounts of aboveground woody biomass, consistent foliar lit-
ter groundcover, and deep, but patchy, root systems (Kochiieru
et al. 2023; Pinno and Wilson 2013). Foliar litter, particularly
the needles of coniferous trees, has a higher C:N ratio (i.e.,
poorer quality; Eremija et al. 2024) and high tannin content that
can acidify soils during pedogenesis (Berg and Matzner 1997;
Griineberg et al. 2014, 2019; Meiwes et al. 1986). These acid soils
containing OM from the litter layer with low N availability in-
hibit microbial activity and can lead to leaching of soil nutri-
ents and metal cations associated with mineral stabilization of C
(Berggren et al. 1998; Kindler et al. 2011; Neumann et al. 2018;
Ulrich 1986). In croplands, soil pH is often higher and C inputs
to the soil are mainly in the form of comparably sparse crop
roots (narrower C:N ratio, less C input), conditions that favor C
loss (Kitterer et al. 2011; Xu et al. 2023). As such, when forests
are converted to cropland, large amounts of relatively undecom-
posed organic matter become vulnerable to mineralization.

Reference soil group was identified as the main driver behind
site-specific changes in the magnitude of SOC change between
cropland and forest, with the largest changes taking place in
Gleysols and Fluvisols (Figures 6 and S8). While the smallest
absolute changes took place in Chernozems and Phaeozems,
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the forest area under Chernozems is notably much smaller than
under cropland (there are only 14 chernozemic forest sites).
Many C storage dynamics rely, in one form or another, on a
soil's capacity to form aggregates. These dynamics and how they
relate to LUC involving cropland are discussed in full above
(Section 4.1). In brief, Gleysols in particular have an enhanced
capacity for stable aggregate formation, and both Gleysols and
Fluvisols tend to lie in lowland areas prone to periodic waterlog-
ging (Monreal et al. 1997; Radziuk and Switoniak 2022). When
such forests are drained for cropland use, the enhanced activ-
ity of microbial decomposers and leaching of dissolved organic
carbon lead to the loss of SOC (Paul et al. 2022; Yang, Drury,
et al. 2022). Additionally, disruption of stable aggregates on sites
previously under forest land use and the fact that these soils are
likely to be higher in SOC because of where they reside in the
landscape likely accounts for the larger-than-average changes in
Gleysols and Fluvisols compared to other reference soil groups
(Gaji¢ et al. 2010). As forests establish on sites that were previ-
ously cropland, natural processes re-establish soil structure and
enhance SOC stocks.

4.2.2 | Change Dynamics for LUC Between
Grassland and Forest

Forest LUC involving grasslands offers a diverse comparison.
Huang et al. (2024) found that topsoil SOC stocks increased by
22% (16% to 28%) for grassland to forest LUC in temperate zones
globally and found no significant effect of LUC from forest to
grassland. One of the few studies we found that included forest
litter, Poeplau et al. (2011), estimated that converting grassland
to forest resulted in a similarly large SOC stock gain to about
40cm depth (28% +11%), all of which was accounted for by the
addition of a litter layer. In fact, without the litter layer, they
found a 6.5%+23% decrease. Our results, meanwhile, show
19% + 4% losses in the mineral topsoil for grassland to forest LUC
(3% = 7% increase when including the litter layer) and 29% + 3%
increases for forest to grassland LUC (5% +7% increase when
including the litter layer). It is likely that the diversity of LUC
effect estimates in LUC including forests is at least partially due
to the diversity in forest landscapes and ecosystems themselves
(Darro et al. 2022; Liu et al. 2024; Yang, Diao, et al. 2022) but
may also be impacted by the equilibrium status of the croplands
and grasslands before and after LUC as discussed in Section 4.1.

While forest C inputs are split between aboveground deposition
by litterfall and belowground root dynamics, grassland inputs
are predominantly derived from a comparably high root turn-
over rate and rhizodeposition of dense root systems (Bowden
et al. 2024; Gill and Jackson 2000; Yang et al. 2023; Y. Zhang
et al. 2023). Since forests and grasslands both have high SOC
stocks near the surface, the SOC change due to LUC between
grassland and forest is small for the 0-10cm depth increment.
Below 10 cm, however, greater belowground SOC input to grass-
land soils, coupled with the potential leaching of SOC from
forest soils, reduces SOC in forest soils relative to grasslands
following LUC.

Although German grasslands are managed systems, they are
likely less frequently drained and not subject to the same dis-
turbances due to tillage as croplands (Czerwinski et al. 2015).

As such, natural processes that enhance soil structure, like ag-
gregation, remain relatively undisturbed. Instead, the coarse
content and annual precipitation play a dominant role in deter-
mining how SOC change following LUC differs between sites
for LUC from grassland to forest and vice versa (Figure 7). In
our dataset, forest soils had higher average coarse content than
grasslands (6.8% volume vs. 1.4% for grassland). In addition to
potential differences in hydrological properties and increased
soil porosity (discussed in Section 4.1), since SOC can only exist
in the fine soil, rocky soils (i.e., higher coarse content) typically
have lower SOC stocks. Meanwhile, grassland productivity re-
lies heavily on precipitation. Where water from precipitation
is readily available, aboveground biomass is increased (Q. Guo
et al. 2012), but when precipitation is limited, grasses invest
more heavily in root growth to seek out available water (Alon
and Sternberg 2019; Eziz et al. 2017; Guasconi et al. 2023). It
follows that grasslands under lower mean annual precipitation
may have more extensive root systems and, therefore, higher
SOC (Guasconi et al. 2023).

4.3 | Strengths and Limitations

With data-driven reciprocal modeling, we are able to predict
the site-specific SOC change at equilibrium for sites undergoing
LUC based on site properties alone. To measure SOC changes on
the same plot from equilibrium to equilibrium otherwise would
take many decades to more than a century (Emde et al. 2024; Li
et al. 2018; Springob et al. 2001). As such, data-driven reciprocal
modeling has the potential to be an incredibly powerful tool in
the SOC accounting toolkit. Moreover, because it can estimate
SOC change on a per-site basis.

While using machine learning modeling techniques to determine
SOC change following LUC allows us to examine scenarios for
which experimentation is unfeasible, it also complicates interpre-
tation and introduces potential for extrapolation (i.e., predicting
outside the range of known data) and bias. The data-driven recip-
rocal modeling approach used here attempts to account for diffi-
culties in interpretation by producing a second, post hoc, model
that assesses the potential drivers of SOC change. Bias, on the
other hand, is at least partially addressed in this study by using a
stacked ensemble modeling approach rather than a single model
type (Wolpert 1992). However, there is still the potential, albeit
reduced, for regression to the mean or “shrinkage”; a problem
typical of tree-based machine learning models, including those
in the ensemble. If present, shrinkage could result in overestima-
tion of SOC change following LUC at the lower end of measured
SOC stock values, and underestimation at the upper end of mea-
sured SOC stock values. Additionally, to prevent extrapolation,
we used a data-driven, area of applicability technique to system-
atically exclude sites that are too different from the training sites
to be predicted without extrapolation. This approach ensures that
we only compare like with like, but it also selects for levels of site
properties common to the target group.

Most of the current literature shows similar or smaller LUC ef-
fects than we have reported here, particularly when considering
the subsoil. This may partially be a product of limiting extrap-
olation in the modeling pipeline, as described above, but per-
haps more so a limitation of available long-term data. Because
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soil organic carbon continues to change for many decades to
more than a century (Emde et al. 2024; Li et al. 2018; Springob
et al. 2001), studies that look at LUC where sites underwent LUC
even a few decades ago may only be taking a snapshot of the
SOC change along the way to a new equilibrium state. Here, be-
cause we included only sites at equilibrium with regard to SOC
according to extensive historical land-use records, we are confi-
dent that we have captured the full, larger effect of LUC on SOC.

4.4 | Conclusions

With approximately 30% of the LUC effect on SOC stocks occur-
ring in the subsails, it is clear that accounting for only topsoil
excludes a large portion of the C change occurring in agricul-
tural and forest soils. Furthermore, the current literature more
often than not reports SOC change following LUC for a few
decades at most; a time period insufficient to reach new SOC
equilibrium. When taken together, this leads to the conclusion
that the impact of LUC on SOC has likely been considerably un-
derestimated. Determining how much soil C is lost as a result of
LUC from more natural systems to cropland or gained following
implementation of measures to enhance soil C storage relies on
proper accounting of the full magnitude of C change. As such,
this potential underestimation has far-reaching implications
for carbon accounting measures and the emissions reporting
schemes upon which environmental and agricultural policy de-
cisions rely.

Author Contributions

David Emde: conceptualization, data curation, formal analysis,
methodology, visualization, writing — original draft. Ali Sakhaee:
methodology, writing — review and editing. Christopher Poeplau:
conceptualization, writing - review and editing. Axel Don: conceptu-
alization, writing - review and editing. Marc Scherstjanoi: data cura-
tion, writing - review and editing. Nicole Wellbrock: data curation,
writing - review and editing. Florian Schneider: conceptualization,
data curation, methodology, supervision, writing — review and editing.

Acknowledgements

As part of the EJPSoil Project, this project received funding from the
European Union Horizon 2020 research and innovation programme
(Grant agreement no. 862695). The agricultural dataset used throughout
this manuscript was collected as part of the first German Agricultural
Soil Inventory (Bodenzustandserhebung Landwirtschaft), which was
funded by the German Federal Ministry of Food and Agriculture
(Bundesministerium fiir Erndhrung und Landwirtschaft). The forest
dataset used throughout this manuscript was collected as part of the
German Forest Monitoring survey (Bodenzustandserheung im Wald),
which was funded by the federal states and the federal Ministry of
Agriculture and Food Security. Open Access funding enabled and or-
ganized by Projekt DEAL.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The R code and dataset used in this manuscript are available on GitHub
(https://github.com/dsemde/drivers-SOC-LUC) and Zenodo (https://
doi.org/10.5281/zenodo.15225982).

References

Alon, M., and M. Sternberg. 2019. “Effects of Extreme Drought on
Primary Production, Species Composition and Species Diversity of
a Mediterranean Annual Plant Community.” Journal of Vegetation
Science: Official Organ of the International Association for Vegetation
Science 30, no. 6: 1045-1061.

Argiroff, W. A.,D. R. Zak, C. M. Lanser, and M. J. Wiley. 2017. “Microbial
Community Functional Potential and Composition Are Shaped by
Hydrologic Connectivity in Riverine Floodplain Soils.” Microbial
Ecology 73, no. 3: 630-644.

Beidler, K. V., M. C. Benson, M. E. Craig, Y. Oh, and R. P. Phillips. 2023.
“Effects of Root Litter Traits on Soil Organic Matter Dynamics Depend
on Decay Stage and Root Branching Order.” Soil Biology & Biochemistry
180, no. 109008: 109008.

Berg, B.,and E. Matzner. 1997. “Effect of N Deposition on Decomposition
of Plant Litter and Soil Organic Matter in Forest Systems.” Environmental
Reviews 5, no. 1: 1-25.

Berggren, D., J. Mulder, and R. Westerhof. 1998. “Prolonged Leaching
of Mineral Forest Soils With Dilute HCI Solutions: The Solubility of Al
and Soil Organic Matter.” European Journal of Soil Science 49, no. 2:
305-316.

Bowden, R. D., M. J. Simpson, N. P. Saucedo, K. Brozell, J. DiGiacomo,
and K. Lajtha. 2024. “Litter and Root Sources of Soil Organic Matter
in a Temperate Forest: Thirty Years in the DIRT.” Soil Science Society
of America Journal. Soil Science Society of America 88, no. 3: 593-601.

Buendia, E., K. Tanabe, A. Kranjc, et al. 2019. 2019 Refinement to the
2006 IPCC Guidelines for National Greenhouse Gas Inventories, edited
by P. Shermanau and S. Federici. IPCC.

Bundeswaldinventur—Ergebnisdatenbank. 2024. “Thiinen Institute.”
https://bwi.info/.

Canty, A., and B. D. Ripley. 2021. Boot: Bootstrap R (S-Plus) Functions.

Chakravarty, S., P. Rai, Vineeta, N. A. Pala, and G. Shukla. 2022.
“Litter Production and Decomposition in Tropical Forest.” In Research
Anthology on Ecosystem Conservation and Preserving Biodiversity, 1416—-
1435. IGI Global.

Clarholm, M., and U. Skyllberg. 2013. “Translocation of Metals by Trees
and Fungi Regulates pH, Soil Organic Matter Turnover and Nitrogen
Availability in Acidic Forest Soils.” Soil Biology & Biochemistry 63:
142-153.

Crow, S. E., K. Lajtha, T. R. Filley, C. W. Swanston, R. D. Bowden, and
B. A. Caldwell. 2009. “Sources of Plant-Derived Carbon and Stability of
Organic Matter in Soil: Implications for Global Change.” Global Change
Biology 15, no. 8: 2003-2019.

Czerwinski, M., M. Kobierski, B. Goliniska, and P. Golinski. 2015.
“Applicability of Full Inversion Tillage to Semi-Natural Grassland
Restoration on Ex-Arable Land.” Archives of Agronomy and Soil Science
61, no. 6: 785-795.

Darro, H., S. L. Swamy, R. Kumar, and A. K. Bhardwaj. 2022.
“Comparison of Physico-Chemical Properties of Soils Under Different
Forest Types in Dry Tropical Forest Ecosystem in Achanakmar-
Amarkantak Biosphere Reserve, India.” Ecology, Environment &
Conservation 28, no. 8: S163-S169.

Davison, A. C., and D. V. Hinkley. 1997. Bootstrap Methods and Their
Applications. Cambridge University Press. isbn: 0-521-57391-2.

Destatis. 2019. Land- und Forstwirtschaft. Statistisches Jahrbuch -
Deutschland und Internationales. Bundesministerium fiir Erndhrung
und Landwirtschaft, Bonn. Statistisches Bundesamt. https://www.desta
tis.de/jahrbuch.

Deutscher Wetterdienst. 2022. Open Data Server of the German
Meteorological Service. German Meteorological Service. https://opend
ata.dwd.de/.

Global Change Biology, 2025

13 of 16

25UBD 17 SUOLULUIOD) AITERID) B[l ke BU) Aq peLieA0B 312 SOOI VO ‘85N JO S9N 10} ARG 1T BUIIUO AB|IM UO (SUOIPUOD-PUR-SLLLIBYLIO" 8] 1M AZR1qi[oU|Uo//SAl) SUORIPUOD) PUR SULR L 8L 885 *[520Z/0T/08 ] U0 AIJ1 3U1IUO AB]1AM ‘LeUSNL L UOA UoLIUIBH ULRUOE AG 9602 GOB/TTTTOT/I0p/wi00" A3 1 AReiq1pu1|UO//ScL LI POPeOIUMOQ ‘0T ‘G20z ‘98YZG9ET


https://github.com/dsemde/drivers-SOC-LUC
https://doi.org/10.5281/zenodo.15225982
https://doi.org/10.5281/zenodo.15225982
https://bwi.info/
https://www.destatis.de/jahrbuch
https://www.destatis.de/jahrbuch
https://opendata.dwd.de/
https://opendata.dwd.de/

Don, A., J. Schumacher, and A. Freibauer. 2011. “Impact of Tropical
Land-Use Change on Soil Organic Carbon Stocks—A Meta-Analysis.”
Global Change Biology 17, no. 4: 1658-1670.

Du,Z.,X.Zhang, X.Xu, H. Zhang,Z. Wu, and J. Pang. 2017. “Quantifying
Influences of Physiographic Factors on Temperate Dryland Vegetation,
Northwest China.” Scientific Reports 7, no. 1: 40092.

Emde, D., C. Poeplau, A. Don, S. Heilek, and F. Schneider. 2024. “The
Centennial Legacy of Land-Use Change on Organic Carbon Stocks of
German Agricultural Soils.” Global Change Biology 30, no. 8: e17444.

Eremija, S., G. Cesljar, S. Braunovi¢, et al. 2024. “Litterfall Carbon and
Nitrogen Content of Beech Forests in Serbia.” HortScience 59, no. 7:
986-987.

Even, R.J., and M. F. Cotrufo. 2024. “The Ability of Soils to Aggregate,
More Than the State of Aggregation, Promotes Protected Soil Organic
Matter Formation.” Geoderma 442, no. 116760: 116760.

Eziz, A., Z. Yan, D. Tian, W. Han, Z. Tang, and J. Fang. 2017. “Drought
Effect on Plant Biomass Allocation: A Meta-Analysis.” Ecology and
Evolution 7, no. 24: 11002-11010.

FAOSTAT. 2022. Crops and Livestock Products. FAOSTAT. https://
www.fao.org/faostat/en/#data/QCL.

Federal Environmental Agency. 2021. Submission Under the United
Nations Framework Convention on Climate Change and the Kyoto
Protocol 2021. Federal Environment Agency.

Fitter, A. H.,J. D. Graves, J. Wolfenden, et al. 1997. “Root Production and
Turnover and Carbon Budgets of Two Contrasting Grasslands Under
Ambient and Elevated Atmospheric Carbon Dioxide Concentrations.”
New Phytologist 137, no. 2: 247-255.

Fleck, S., N. Eickenscheidt, B. Ahrends, et al. 2019. “Nitrogen Status
and Dynamics in German Forest Soils.” In Ecological Studies, 123-166.
Springer International Publishing.

GAFA, ed. 2014. Handbuch Forstliche Analytik (HFA). Grundwerk und
1.—5. Erginzung des Gutachterausschuss Forstliche Analytik (GAFA).
Federal Ministry of Food, Agriculture and Consumer Protection,
Northwest German Forest Research Institute.

Gaji¢, B., N. burovi¢, and G. Dugali¢. 2010. “Composition and Stability
of Soil Aggregates in Fluvisols Under Forest, Meadows, and 100 Years of
Conventional Tillage.” Journal of Plant Nutrition and Soil Science 173,
no. 4: 502-509.

Gill, R. A., and R. B. Jackson. 2000. “Global Patterns of Root Turnover
for Terrestrial Ecosystems: RESEARCH Root Turnover in Terrestrial
Ecosystems.” New Phytologist 147, no. 1: 13-31.

Goebel, M.-0., S. K. Woche, and J. Bachmann. 2009. “Do Soil Aggregates
Really Protect Encapsulated Organic Matter Against Microbial
Decomposition?” Biologia 64, no. 3: 443-448.

Goss, M. J.,and C. A. Watson. 2003. “The Importance of Root Dynamics
in Cropping Systems Research.” Journal of Crop Production 8, no. 1-2:
127-155.

Griineberg, E., I. Schoning, W. Riek, D. Ziche, and J. Evers. 2019.
“Carbon Stocks and Carbon Stock Changes in German Forest Soils.” In
Ecological Studies, 167-198. Springer International Publishing.

Griineberg, E., D. Ziche, and N. Wellbrock. 2014. “Organic Carbon
Stocks and Sequestration Rates of Forest Soils in Germany.” Global
Change Biology 20, no. 8: 2644-2662.

Guasconi, D., S. Manzoni, and G. Hugelius. 2023. “Climate-Dependent
Responses of Root and Shoot Biomass to Drought Duration and Intensity
in Grasslands—A Meta-Analysis.” Science of the Total Environment 903,
no. 166209: 166209.

Guo, L. B., and R. M. Gifford. 2002. “Soil Carbon Stocks and Land Use
Change: A Meta Analysis.” Global Change Biology 8, no. 4: 345-360.

Guo, Q., Z. Hu, S. Li, X. Li, X. Sun, and G. Yu. 2012. “Spatial Variations
in Aboveground Net Primary Productivity Along a Climate Gradient in
Eurasian Temperate Grassland: Effects of Mean Annual Precipitation
and Its Seasonal Distribution.” Global Change Biology 18, no. 12:
3624-3631.

Hobley, E., J. Baldock, Q. Hua, and B. Wilson. 2017. “Land-Use Contrasts
Reveal Instability of Subsoil Organic Carbon.” Global Change Biology
23, no. 2: 955-965.

Hogberg, P., N. Wellbrock, M. N. Hogberg, H. Mikaelsson, and J.
Stendahl. 2021. “Large Differences in Plant Nitrogen Supply in German
and Swedish Forests—Implications for Management.” Forest Ecology
and Management 482: 118899.

Horn, R., H. Taubner, M. Wuttke, and T. Baumgartl. 1994. “Soil Physical
Properties Related to Soil Structure.” Soil & Tillage Research 30, no. 2-4:
187-216.

Huang, X., M. M. Ibrahim, Y. Luo, L. Jiang, J. Chen, and E. Hou. 2024.
“Land Use Change Alters Soil Organic Carbon: Constrained Global
Patterns and Predictors.” Earth's Future 12, no. 5: €2023EF004254.

INSPIRE Data Specification on Geographical Grid Systems—Technical
Guidelines. 2023. “INSPIRE Knowledge Base.” Retrieved July 14, 2025.
https://inspire.ec.europa.eu/id/document/tg/gg.

IUSS Working Group WRB. 2022. World Reference Base for Soil
Resources. International Soil Classification System for Naming Soils
and Creating Legends for Soil Maps. 4th ed. International Union of
Soil Sciences (IUSS). https://wrb.isric.org/files/WRB_fourth_edition_
2022-12-18_errata_correction_2024-09-24.pdf.

Jacobs, A., C. Poeplau, C. Weiser, A. Fahrion-Nitschke, and A. Don.
2020. “Exports and Inputs of Organic Carbon on Agricultural Soils in
Germany.” Nutrient Cycling in Agroecosystems 118, no. 3: 249-271.

Jobbagy, E. G., and R. B. Jackson. 2000. “The Vertical Distribution
of Soil Organic Carbon and Its Relation to Climate and Vegetation.”
Ecological Applications 10, no. 2: 423-436.

Kitterer, T., M. A. Bolinder, O. Andrén, H. Kirchmann, and L.
Menichetti. 2011. “Roots Contribute More to Refractory Soil Organic
Matter Than Above-Ground Crop Residues, as Revealed by a Long-
Term Field Experiment.” Agriculture, Ecosystems & Environment 141,
no. 1: 184-192.

Kindler, R., J. Siemens, K. Kaiser, et al. 2011. “Dissolved Carbon
Leaching From Soil Is a Crucial Component of the Net Ecosystem
Carbon Balance.” Global Change Biology 17, no. 2: 1167-1185.

Kochiieru, M., A. VerSuliené, V. Feiza, and D. Feiziené. 2023. “Trend
for Soil CO2 Efflux in Grassland and Forest Land in Relation With
Meteorological Conditions and Root Parameters.” Sustainability 15, no.
9: 7193.

Lai, X., Z. Zhou, K. Liao, and Q. Zhu. 2021. “Responses of Soil Carbon
and Nitrogen Cycles to the Physical Influences of Rock Fragment in
Soils.” Catena 203, no. 105369: 105369.

Lang, M., M. Binder, J. Richter, et al. 2019. “mlr3: A Modern Object-
Oriented Machine Learning Framework in R.” Journal of Open Source
Software 4:1903. https://doi.org/10.21105/joss.01903.

Li, W., P. Ciais, B. Guenet, et al. 2018. “Temporal Response of Soil
Organic Carbon After Grassland-Related Land-Use Change.” Global
Change Biology 24, no. 10: 4731-4746.

Liang, C., A. J. VandenBygaart, D. MacDonald, K. Liu, and D.
Cerkowniak. 2023. “Change in Soil Organic Carbon Storage as
Influenced by Forestland and Grassland Conversion to Cropland in
Canada.” Geoderma Regional 33: e00648.

Liu, H., J. Qi, D. Liu, et al. 2024. “Effects of Different Forest Types on
Stoichiometric Characteristics of Carbon, Nitrogen, and Phosphorus in
Tropical Soils, China.” Sustainability 16, no. 2: 480.

14 of 16

Global Change Biology, 2025

25UBD 17 SUOLULUIOD) AITERID) B[l ke BU) Aq peLieA0B 312 SOOI VO ‘85N JO S9N 10} ARG 1T BUIIUO AB|IM UO (SUOIPUOD-PUR-SLLLIBYLIO" 8] 1M AZR1qi[oU|Uo//SAl) SUORIPUOD) PUR SULR L 8L 885 *[520Z/0T/08 ] U0 AIJ1 3U1IUO AB]1AM ‘LeUSNL L UOA UoLIUIBH ULRUOE AG 9602 GOB/TTTTOT/I0p/wi00" A3 1 AReiq1pu1|UO//ScL LI POPeOIUMOQ ‘0T ‘G20z ‘98YZG9ET


https://www.fao.org/faostat/en/#data/QCL
https://www.fao.org/faostat/en/#data/QCL
https://inspire.ec.europa.eu/id/document/tg/gg
https://wrb.isric.org/files/WRB_fourth_edition_2022-12-18_errata_correction_2024-09-24.pdf
https://wrb.isric.org/files/WRB_fourth_edition_2022-12-18_errata_correction_2024-09-24.pdf
https://doi.org/10.21105/joss.01903

Liu, X., L. Li, Q. Wang, and S. Mu. 2018. “Land-Use Change Affects
Stocks and Stoichiometric Ratios of Soil Carbon, Nitrogen, and
Phosphorus in a Typical Agro-Pastoral Region of Northwest China.”
Journal of Soils and Sediments 18, no. 11: 3167-3176.

Ma, Q.-J,, F. Luan, B. Jia, et al. 2023. “Agricultural Soil Aggregation
Is Affected by the Crop Root Biomass Rather Than Morphological
Characteristics.” Journal of Plant Nutrition and Soil Science 186, no. 3:
339-350.

Mattila, T. J., and N. Vihanto. 2024. “Agricultural Limitations to Soil
Carbon Sequestration: Plant Growth, Microbial Activity, and Carbon
Stabilization.” Agriculture, Ecosystems & Environment 367, no. 108986:
108986.

McGranahan, D. A., A. L. Daigh, J. J. Veenstra, D. M. Engle, J. R. Miller,
and D. M. Debinski. 2014. “Connecting Soil Organic Carbon and Root
Biomass With Land-Use and Vegetation in Temperate Grassland.”
Scientific World Journal 2014: 487563.

Meiwes, K. J., P. K. Khanna, and B. Ulrich. 1986. “Parameters for
Describing Soil Acidification and Their Relevance to the Stability
of Forest Ecosystems.” Forest Ecology and Management 15, no. 3:
161-179.

Meyer, D., E. Dimitriadou, K. Hornik, A. Weingessel, and F. Leisch.
2023. e1071: Misc Functions of the Department of Statistics, Probability
Theory Group (Formerly: E1071). TU Wien. https://CRAN.R-project.
org/package=el071.

Meyer, H., C. Mila, M. Ludwig, J. Linnenbrink, and F. Schumacher.
2024. “CAST: “Caret” Applications for Spatial-Temporal Models.”
https://CRAN.R-project.org/package=CAST.

Meyer, H., and E. Pebesma. 2021. “Predicting Into Unknown Space?
Estimating the Area of Applicability of Spatial Prediction Models.”
Methods in Ecology and Evolution 12, no. 9: 1620-1633.

Mienye, I. D., and Y. Sun. 2022. “A Survey of Ensemble Learning:
Concepts, Algorithms, Applications, and Prospects.” IEEE Access:
Practical Innovations, Open Solutions 10: 99129-99149.

Monreal, C. M., H.-R. Schulten, and H. Kodama. 1997. “Age, Turnover
and Molecular Diversity of Soil Organic Matter in Aggregates of a
Gleysol.” Canadian Journal of Soil Science 77, no. 3: 379-388.

Neumann, M., L. Ukonmaanaho, J. Johnson, et al. 2018. “Quantifying
Carbon and Nutrient Input From Litterfall in European Forests Using
Field Observations and Modeling.” Global Biogeochemical Cycles 32, no.
5:784-798.

Paul, S., Agroscope, Switzerland, J. Leifeld, and Agroscope, Switzerland.
2022. “Management of Organic Soils to Reduce Soil Organic Carbon
Losses.” In Understanding and Fostering Soil Carbon Sequestration,
617-680. Burleigh Dodds Science Publishing.

Pinno, B. D., and S. D. Wilson. 2013. “Fine Root Response to Soil
Resource Heterogeneity Differs Between Grassland and Forest.” Plant
Ecology 214, no. 6: 821-829.

Poeplau, C., and R. Dechow. 2023. “The Legacy of One Hundred Years
of Climate Change for Organic Carbon Stocks in Global Agricultural
Topsoils.” Scientific Reports 13, no. 1: 7483. https://doi.org/10.1038/
$41598-023-34753-0.

Poeplau, C., and A. Don. 2013. “Sensitivity of Soil Organic Carbon
Stocks and Fractions to Different Land-Use Changes Across Europe.”
Geoderma 192: 189-201.

Poeplau, C., A. Don, and F. Schneider. 2021. “Roots Are Key to
Increasing the Mean Residence Time of Organic Carbon Entering
Temperate Agricultural Soils.” Global Change Biology 27, no. 19:
4921-4934.

Poeplau, C., A. Don, L. Vesterdal, et al. 2011. “Temporal Dynamics of
Soil Organic Carbon After Land-Use Change in the Temperate Zone
- Carbon Response Functions as a Model Approach.” Global Change
Biology 17, no. 7: 2415-2427.

Poeplau, C., A. Jacobs, A. Don, et al. 2020. “Stocks of Organic Carbon
in German Agricultural Soils—Key Results of the First Comprehensive
Inventory.” Journal of Plant Nutrition and Soil Science 183, no. 6:
665-681. https://doi.org/10.1002/jpln.202000113.

Poeplau, C., C. Vos, and A. Don. 2017. “Soil Organic Carbon Stocks
are Systematically Overestimated by Misuse of the Parameters Bulk
Density and Rock Fragment Content.” Soil 3, no. 1: 61-66. https://doi.
org/10.5194/s0il-3-61-2017.

R Core Team. 2024. R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing. https://www.R-
project.org/.

Rabot, E., N. P. A. Saby, M. P. Martin, et al. 2024. “Relevance of the
Organic Carbon to Clay Ratio as a National Soil Health Indicator.”
Geoderma 443: 116829.

Radziuk, H.,and M. Switoniak. 2022. “Time of Aggregate Destruction as
a Parameter of Soil Water Stability Within an Agricultural Hummocky
Moraine Landscape in Northern Poland.” Bulletin of Geography Physical
Geography Series 23: 49-62.

Rasse, D. P., C. Rumpel, and M.-F. Dignac. 2005. “Is Soil Carbon Mostly
Root Carbon? Mechanisms for a Specific Stabilisation.” Plant and Soil
269, no. 1: 341-356.

Ridgeway, G., and GBM Developers. 2024. “Gbm: Generalized Boosted
Regression Models.” https://github.com/gbm-developers/gbm.

Romero, F., M. Labouyrie, A. Orgiazzi, et al. 2024. “Soil Health Is
Associated With Higher Primary Productivity Across Europe.” Nature
Ecology & Evolution 8, no. 10: 1847-1855.

Sakhaee, A., T. Scholten, R. Taghizadeh-Mehrjardi, M. Lief}, and A.
Don. 2024. “Spatial Prediction of Organic Matter Quality in German
Agricultural Topsoils.” Agriculture 14, no. 8: 1298.

Sanderman, J., T. Hengl, and G. J. Fiske. 2017. “Soil Carbon Debt of
12,000 Years of Human Land Use.” Proceedings of the National Academy
of Sciences of the United States of America 114, no. 36: 9575-9580.

Schneider, F., C. Poeplau, and A. Don. 2021. “Predicting Ecosystem
Responses by Data-Driven Reciprocal Modelling.” Global Change
Biology 27, no. 21: 5670-5679.

Sekucia, F., P. Dlapa, J. Kollar, A. Cerd4d, A. Hrabovsky, and L.
Svobodova. 2020. “Land-Use Impact on Porosity and Water Retention of
Soils Rich in Rock Fragments.” Catena 195: 104807.

Six, J., K. Paustian, E. T. Elliott, and C. Combrink. 2000. “Soil Structure
and Organic Matter 1. Distribution of Aggregate-Size Classes and
Aggregate-Associated Carbon.” Soil Science Society of America Journal.
Soil Science Society of America 64, no. 2: 681-689.

Souza, L. F. T., D. R. Hirmas, P. L. Sullivan, et al. 2023. “Root
Distributions, Precipitation, and Soil Structure Converge to Govern Soil
Organic Carbon Depth Distributions.” Geoderma 437: 116569.

Sponagel, H. 2005. Bodenkundliche Kartieranleitung: mit 41
Abbildungen, 103 Tabellen und 31 Listen. Schweizerbart.

Springob, G., S. Brinkmann, N. Engel, H. Kirchmann, and J. Béttcher.
2001. “Organic C Levels of Ap Horizons in North German Pleistocene
Sands as Influenced by Climate, Texture, and History of Land-Use.”
Journal of Plant Nutrition and Soil Science 164, no. 6: 681-690.

Tang, N., S. Dultz, D. Gerth, and E. Klumpp. 2024. “Soil Colloids as
Binding Agents in the Formation of Soil Microaggregates in Wet-Dry
Cycles: A Case Study for Arable Luvisols Under Different Management.”
Geoderma 443, no. 116830: 116830.

Ulrich, B. 1986. “Natural and Anthropogenic Components of Soil
Acidification.” Zeitschrift fiir Pflanzenerndhrung und Bodenkunde 149,
no. 6: 702-717.

UNFCCC. 2021. Greenhouse Gas Inventory Data—Flexible Queries
Annex I Countries. United Nations Climate Change. https://di.unfccc.
int/flex_annex1.

Global Change Biology, 2025

15of 16

25UBD 17 SUOLULUIOD) AITERID) B[l ke BU) Aq peLieA0B 312 SOOI VO ‘85N JO S9N 10} ARG 1T BUIIUO AB|IM UO (SUOIPUOD-PUR-SLLLIBYLIO" 8] 1M AZR1qi[oU|Uo//SAl) SUORIPUOD) PUR SULR L 8L 885 *[520Z/0T/08 ] U0 AIJ1 3U1IUO AB]1AM ‘LeUSNL L UOA UoLIUIBH ULRUOE AG 9602 GOB/TTTTOT/I0p/wi00" A3 1 AReiq1pu1|UO//ScL LI POPeOIUMOQ ‘0T ‘G20z ‘98YZG9ET


https://cran.r-project.org/package=e1071
https://cran.r-project.org/package=e1071
https://cran.r-project.org/package=CAST
https://doi.org/10.1038/s41598-023-34753-0
https://doi.org/10.1038/s41598-023-34753-0
https://doi.org/10.1002/jpln.202000113
https://doi.org/10.5194/soil-3-61-2017
https://doi.org/10.5194/soil-3-61-2017
https://www.r-project.org/
https://www.r-project.org/
https://github.com/gbm-developers/gbm
https://di.unfccc.int/flex_annex1
https://di.unfccc.int/flex_annex1

Varma, S., and R. Simon. 2006. “Bias in Error Estimation When Using
Cross-Validation for Model Selection.” BMC Bioinformatics 7, no. 1: 91.

Walkiewicz, A., A. Rafalska, P. Bulak, A. Bieganowski, and B. Osborne.
2021. “How Can Litter Modify the Fluxes of CO2 and CH4 From Forest
Soils? A Mini-Review.” Forests 12, no. 9: 1276.

Warren Raffa, D., A. Bogdanski, and P. Tittonell. 2015. “How Does Crop
Residue Removal Affect Soil Organic Carbon and Yield? A Hierarchical
Analysis of Management and Environmental Factors.” Biomass and
Bioenergy 81: 345-355.

Wasner, D., R. Abramoff, M. Griepentrog, E. Z. Venegas, P. Boeckx,
and S. Doetterl. 2024. “The Role of Climate, Mineralogy and Stable
Aggregates for Soil Organic Carbon Dynamics Along a Geoclimatic
Gradient.” Global Biogeochemical Cycles 38, no. 7: €2023GB007934.

Wellbrock, N., B. Ahrends, R. Bogelein, et al. 2019. “Concept and
Methodology of the National Forest Soil Inventory.” In Status and
Dynamics of Forests in Germany: Results of the National Forest
Monitoring, edited by N. Wellbrock and A. Bolte, 1-28. Springer
International Publishing.

Wellbrock, N., C.-T. Aydin, J. Block, etal. 2006. “Bodenzustandserhebung
im Wald (BZE II), Arbeitsanleitung fiir Die Auflenaufnahmen.” https://
www.openagrar.de/receive/timport_mods_00003021.

Wellbrock, N., V. Makowski, J. Bielefeldt, et al. 2022. Arbeitsanleitung
fiir Die Dritte Bodenzustandserhebung Im Wald (BZE III): Manual on
the Third Soil Inventory in Forests. Thiinen Institute, Federal Research
Institute for Rural Areas, Forest and Fisheries. https://doi.org/10.3220/
WP1655205829000.

Wiesmeier, M., C. Poeplau, C. A. Sierra, et al. 2016. “Projected Loss
of Soil Organic Carbon in Temperate Agricultural Soils in the 21(St)
Century: Effects of Climate Change and Carbon Input Trends.”
Scientific Reports 6: 32525.

Witjes, M., L. Parente, J. Krizan, T. Hengl, and L. Antoni¢. 2023.
“Ecodatacube.Eu: Analysis-Ready Open Environmental Data Cube for
Europe.” PeerJ 11: €15478.

Wolpert, D. H. 1992. “Stacked Generalization.” Neural Networks: The
Official Journal of the International Neural Network Society 5, no. 2:
241-259.

Wright, M. N., and A. Ziegler. 2017. “Ranger: A Fast Implementation of
Random Forests for High Dimensional Data in C+4 and R.” Journal of
Statistical Software 77, no. 1: 1-17. https://doi.org/10.18637/jss.v077.i01.

Xiao, L., W. Zhang, P. Hu, et al. 2021. “The Formation of Large
Macroaggregates Induces Soil Organic Carbon Sequestration in Short-
Term Cropland Restoration in a Typical Karst Area.” Science of the Total
Environment 801: 149588.

Xu, S., F. Su, E. J. Sayer, et al. 2023. “Fine Root Litter Quality Regulates
Soil Carbon Storage Efficiency in Subtropical Forest Soils.” Soil Ecology
Letters 5, no. 4: 1-16.

Yang, K., M. Diao, J. Zhu, D. Lu, and W. Zhang. 2022. “A Global Meta-
Analysis of Indicators for Assessing Forest Soil Quality Through
Comparison Between Paired Plantations Versus Natural Forests.” Land
Degradation & Development 33, no. 17: 3603-3616.

Yang, X., B. Wang, A. Fakher, S. An, and Y. Kuzyakov. 2023.
“Contribution of Roots to Soil Organic Carbon: From Growth to
Decomposition Experiment.” Catena 231: 107317.

Yang, X. M., C. F. Drury, W. D. Reynolds, and M. D. Reeb. 2022. “Carbon
Loss in Tile Drainage and Surface Runoff From a Clay Loam Soil After
a Half Century of Continuous and Rotational Cropping.” Canadian
Journal of Soil Science 102, no. 3: 685-695.

Ye, Y., S. Xiao, S. Liu, et al. 2020. “Tillage Induces Rapid Loss of Organic
Carbon in Large Macroaggregates of Calcareous Soils.” Soil & Tillage
Research 199: 104549.

Zhang, Y., Z. Tang, Y. You, et al. 2023. “Differential Effects of Forest-
Floor Litter and Roots on Soil Organic Carbon Formation in a Temperate
Oak Forest.” Soil Biology & Biochemistry 180: 109017.

Zhang, Z., C. Lu, J. Chen, et al. 2024. “Perturbation of Soil Organic
Carbon Induced by Land-Use Change From Primary Forest.”
Environmental Research Letters 19, no. 12: 124014.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Table S1: Variables used in each model with
sources. Figure S1: Distribution of numeric variables by land-use type
for the 0-10cm depth increment. Figure S2: Distribution of numeric
variables by land-use type for the 10-30cm depth increment. Figure
S3: Distribution of numeric variables by land-use type for the 30-60cm
depth increment. Figure S4: Distribution of numeric variables by land-
use type for the 60-90cm depth increment. Figure S5: Distribution
of numeric variables by land-use type for the litter layer. Table S2:
Performance metrics for all SOC models produced during Step 2 of the
data-driven reciprocal modeling pipeline. Figure S6: Model confidence
via interquartile range of model output for the ensemble model predict-
ing SOC stock for cropland to grassland land-use change. Figure S7:
Model confidence via interquartile range of model output for the en-
semble model predicting SOC stock for grassland to cropland land-use
change. Figure S8: Model confidence via interquartile range of model
output for the ensemble model predicting SOC stock for cropland to
forest land-use change. Figure S9: Model confidence via interquartile
range of model output for the ensemble model predicting SOC stock for
forest to cropland land-use change. Figure S10: Model confidence via
interquartile range of model output for the ensemble model predicting
SOC stock for grassland to forest land-use change. Figure S11: Model
confidence via interquartile range of model output for the ensemble
model predicting SOC stock for forest to grassland land-use change.
Figure S12: Variable importance for SOC stock models for cropland to
grassland land-use change (Step 2). Figure S13: Variable importance
for SOC stock models for grassland to cropland land-use change (Step
2). Figure S14: Variable importance for SOC stock models for cropland
to forest land-use change (Step 2). Figure S15: Variable importance
for SOC stock models for forest to cropland land-use change (Step 2).
Figure S16: Variable importance for SOC stock models for grassland
to forest land-use change (Step 2). Figure S17: Variable importance
for SOC stock models for forest to grassland land-use change (Step 2).
Figure S18: ALE for WRB reference soil group for crop<>grass effect
size. Figure S19: ALE for WRB reference soil group for crop<>forest
effect size. Figure S20: ALE for WRB reference soil group for grass<>-
forest effect size.

16 of 16

Global Change Biology, 2025

25UBD 17 SUOLULUIOD) AITERID) B[l ke BU) Aq peLieA0B 312 SOOI VO ‘85N JO S9N 10} ARG 1T BUIIUO AB|IM UO (SUOIPUOD-PUR-SLLLIBYLIO" 8] 1M AZR1qi[oU|Uo//SAl) SUORIPUOD) PUR SULR L 8L 885 *[520Z/0T/08 ] U0 AIJ1 3U1IUO AB]1AM ‘LeUSNL L UOA UoLIUIBH ULRUOE AG 9602 GOB/TTTTOT/I0p/wi00" A3 1 AReiq1pu1|UO//ScL LI POPeOIUMOQ ‘0T ‘G20z ‘98YZG9ET


https://www.openagrar.de/receive/timport_mods_00003021
https://www.openagrar.de/receive/timport_mods_00003021
https://doi.org/10.3220/WP1655205829000
https://doi.org/10.3220/WP1655205829000
https://doi.org/10.18637/jss.v077.i01

	Site-Specific Drivers of Land-Use Change Effects on Organic Carbon in German Agriculture and Forest Soils
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Soil and Site Data
	2.2   |   Data-Driven Reciprocal Modeling
	2.2.1   |   Step 1—Data Preparation
	2.2.2   |   Step 2—Train Predictive Model on SOC of Sites With Alternate Land Use
	2.2.3   |   Step 3—Assess Area of Applicability
	2.2.4   |   Step 4—Predict SOC for Sites Under New Land Use
	2.2.5   |   Step 5—Model Drivers of SOC Change


	3   |   Results
	3.1   |   Change Between Cropland and Grassland
	3.2   |   Change Between Cropland and Forest
	3.3   |   Change Between Grassland and Forest
	3.4   |   Subsoil Contribution to Land-Use Change Effects

	4   |   Discussion
	4.1   |   Land-Use Change Between Cropland and Grassland
	4.2   |   Land-Use Change to and From Forest
	4.2.1   |   Change Dynamics for LUC Between Cropland and Forest
	4.2.2   |   Change Dynamics for LUC Between Grassland and Forest

	4.3   |   Strengths and Limitations
	4.4   |   Conclusions

	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


