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ABSTRACT

Land-use changes (LUCs) strongly impact soil organic carbon (SOC) stocks over decades. However, there are too few long-term
field experiments where these SOC dynamics have been observed long enough to validate process-based models for large-scale
use. We have developed a new data-driven space-for-time approach for model validation using empirical data from over 3000 sites
in the German Agricultural Soil Inventory, including 212 sites with LUC between cropland and grassland. Machine-learning
models trained on sites under permanent land use were used to predict equilibrium SOC stocks for similar sites with changed
land use. We used this derived data set to assess how well the process-based model RothC describes SOC dynamics following
LUC. The default version of RothC struggled to capture the fast changes in SOC following LUC since it was mainly driven by
differences in carbon input quantity and quality. Losses in SOC after converting grassland into cropland occurred faster than
modelled, and SOC accrual after converting cropland to grassland was faster than simulated. This suggested an additional car-
bon stabilisation mechanism connected to grassland land use. We extended the RothC model with an additional carbon pool
that builds up rapidly after grassland establishment, similar to aggregate-protected SOC. This improved the model efficiency
from 0.49 to 0.80 for transitional croplands and from —3.39 to 0.90 after establishing grassland. This improved model version,
RothC-LUC, is suitable for simulating SOC dynamics following LUC between cropland and grassland on a broad scale, such as
in national inventory reports on greenhouse gas emissions.

1 | Introduction measure (De et al. 2020) and converting grasslands to crop-

lands a long-term source of CO, to the atmosphere (De Rosa

Land-use changes (LUCs) have a strong impact on soil or-
ganic carbon (SOC) stocks and affect the climate (Guo and
Gifford 2002; Li et al. 2024). Converting grasslands to cropland
generally results in SOC losses and CO, emissions. Establishing
grassland on former croplands generally increases SOC stocks
and promotes carbon (C) sequestration in soils (Guo and
Gifford 2002; Poeplau and Don 2013). The effect on SOC stocks
lasts decades, with a new equilibrium reached after 80-140years
(Emde et al. 2024; Poeplau et al. 2011). This makes establish-
ing grasslands on former croplands a long-term C sequestration

et al. 2024; Guillaume et al. 2021; Sanderman et al. 2017).

The main drivers of C sequestration, stabilisation and mineral-
isation in soils strongly depend on land use (Dignac et al. 2017).
In contrast to croplands, grasslands have a perennial vegetation
cover and constantly provide C input via root turnover and rhizo-
deposition over the course of a year (Dignac et al. 2017; Poeplau
et al. 2021). Root-derived C input has been shown to be more
effective in forming and stabilising SOC than aboveground C
input (Kitterer et al. 2011; Rasse et al. 2005; Sokol et al. 2019).
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Summary

« We modelled soil organic carbon (SOC) dynamics fol-
lowing conversion between grassland and cropland.

» A novel data-driven space-for-time approach enabled
model validation for broad-scale applications.

« Our newly developed process-based model, RothC-
LUC, included SOC stabilisation in grasslands.

+ In RothC-LUC, SOC stabilisation is a major reason for
higher SOC stocks in grasslands.

Higher root-derived C inputs (Jacobs et al. 2020), increased ag-
gregate stability in grasslands (Poeplau et al. 2024), reduced soil
disturbance due to the lack of tillage (Haddaway et al. 2017), as
well as the altered microbial community (Szoboszlay et al. 2017)
and increased microbial carbon use efficiency (Liang et al. 2017;
Schroeder et al. 2022) may contribute to stabilising SOC in
grasslands.

Process-based SOC decomposition models, such as RothC
(Coleman and Jenkinson 1996), are valuable for gaining a
mechanistic understanding of SOC dynamics. They can be
used to predict SOC changes and the corresponding climate
effects of changes in arable management (Dechow et al. 2019;
Launay et al. 2021; Riggers et al. 2019). RothC is a well-known
SOC turnover model that can be used on a local to global
scale (Peralta et al. 2022). Some of the land-use dependent
drivers of SOC changes are implemented in RothC. This in-
cludes the varying decomposability of the C input depending
on land use. Regular disturbance due to tillage is implicitly
accounted for, as the model was calibrated on tilled croplands
(Falloon 2001). By default, decomposition rates are modified
based on a soil cover factor. Physical stabilisation is only im-
plemented via the balance between stabilisation and mineral-
isation during decomposition depending on the clay content,
representing adsorption. However, this does not change with
LUC and the implementation of additional stabilisation mech-
anisms has been suggested (Dignac et al. 2017). There are con-
trasting findings as to whether the default version of RothC
can sufficiently describe grassland SOC dynamics and LUC
effects on SOC stocks (Heikkinen et al. 2014) or whether mod-
ifications are needed to account for land-use dependent SOC
stabilisation (Gottschalk et al. 2010). Gottschalk et al. (2010)
found that RothC reacted too slowly to accurately simulate
SOC stock changes and added a pool to accelerate the SOC dy-
namics after deforestation to arable land. As SOC loss can also
occur rapidly after LUC from grassland to cropland, it remains
unclear whether the original version of RothC is suitable to
accurately simulate the SOC effects of LUC between cropland
and grassland.

The United Nations Framework Convention on Climate
Change encourages using dynamic SOC models to report SOC
changes in national greenhouse gas inventories, if the mod-
els are evaluated with observations (Paustian et al. 2006). For
land-use categories without LUC (e.g., cropland remaining
cropland), such process-based modelling approaches—also
referred to as Tier-3—are already used to quantify the CO,
emissions of several countries, for example, in Switzerland

(Wiist-Galley et al. 2020), Finland (Statistics Finland 2024) and
Sweden (Swedish Environmental Protection Agency 2024).
However, LUC categories are generally only reported using
simpler Tier-1 or Tier-2 approaches assuming a linear SOC
change over, for example, 20years as suggested in the IPCC
Guidelines (Paustian et al. 2006). Using Tier-3 modelling ap-
proaches to quantify CO, emissions following LUC on a na-
tional scale would require model validation for a wide range
of pedo-climatic conditions (Le Noé et al. 2023). But there are
only a few long-term field experiments where SOC dynamics
have been observed long enough to get close to equilibrium
after LUC (Poeplau et al. 2011), with Rothamsted, UK being
the only long-term field experiment for both LUC directions
between cropland and grassland and with observations over
50years (Johnston et al. 2009). This lack of data makes vali-
dating dynamic SOC models for large-scale use challenging.

Data-driven approaches offer novel opportunities to answer
various research questions. They have also been discussed to
complement process-based modelling approaches (Reichstein
et al. 2019). The large amounts of data needed for data-
driven approaches can be obtained from soil inventories. The
German Agricultural Soil Inventory provides soil and man-
agement information (Jacobs et al. 2020; Poeplau et al. 2020)
and information on the land-use history (Emde et al. 2024) for
over 3000 sites distributed in an 8 X 8 km grid across Germany.
This makes it a comprehensive data set to apply data-driven
methods. It has successfully been used to train machine-
learning models to predict SOC stocks (Sakhaee et al. 2022).
Schneider et al. (2021) introduced data-driven reciprocal mod-
elling whereby machine-learning models are trained on ref-
erence objects (e.g., grassland sites), then applied to similar
objects (e.g., cropland sites) that have received treatment (e.g.,
arable use) and lie within the area of applicability, meaning
they are similar enough to assess treatment effects. We hy-
pothesised this approach could be used to generate an artifi-
cial data set enabling the model validation of process-based
models for broad-scale use.

The overall goal of this study was to explore RothC's ability
to simulate LUC effects on SOC stocks across various pedo-
climatic conditions in the temperate region and to suggest
model improvements if needed. In the first step, we used em-
pirical data from the first German Agricultural Soil Inventory
and data-driven reciprocal modelling to predict equilibrium
SOC stocks on sites with historical LUC between cropland and
grassland. In a second step, we used the derived data set to
test the ability of three different versions of the RothC model
to simulate SOC dynamics after LUC between cropland and
grassland. We evaluated the accuracy of the models to fit
observed SOC dynamics and the plausibility of modelled C
input rates.

2 | Materials and Methods
2.1 | Data on Soils, Land-Use History and Climate
We used data from the first German Agricultural Soil Inventory

containing over 3000 sites in an 8 x8km grid where soils were
sampled to a depth of up to 100cm (Poeplau et al. 2020). Carbon
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inputs were estimated based on recent management data ob-
tained via farmers' questionnaires (Jacobs et al. 2020). Land-
use history dating back at least 62years and up to 250years was
assessed by combining farmer questionnaires, historical maps
and orthophotos, and soil surveyor observations at the time of
sampling (Emde et al. 2024).

In this study, we only considered sites on mineral soils (< 8%
SOC content in the topsoil, 0-30cm) under the land uses of crop-
land (n=2093) and grassland (n=678), as these are the most
common agricultural land uses in Germany. For the purpose of
this study, we classified a site as grassland as soon as grasses
or leys had been grown for 1 year. This was done in order to
also cover the initial dynamics after LUC. Croplands with ley
rotations, that is, with grasses or leys in the rotation several
times, were not considered in this study and were removed
from the data set. The total data set was reduced based on site
properties due to the known limitations of the RothC model (cf.
Supporting Information S1). Hydromorphic soils (soil types ac-
cording to the German soil classification system KA-5 (Ad-Hoc
AG Boden 2005): ‘Marschen’, ‘Gleye’, ‘Erd- und Mulmmoore’
and ‘Naturnahe Moore’) and soils with a groundwater level of
<80cm below the surface were excluded because RothC is only
parameterised for non-waterlogged soils.

For the purpose of this study, we assumed for permanent land
use SOC stocks close to equilibrium at sites where there was
no documented LUC. Following this assumption, we split the
data set into permanent and transitional sites, where LUC has
happened once within 223years and 90years for croplands
and grasslands, respectively. The thresholds were based on the
upper 95% confidence intervals (CIs) from Emde et al. (2024),
who found German croplands reaching equilibrium SOC stocks
after 180years (95% CI: 151-223years) and grasslands reaching
equilibrium SOC stocks after 83 years (95% CI: 79-90years). We
excluded sites with any historic land use other than grassland
or cropland and sites with more than one LUC. For the process-
based modelling approach, we assumed a constant C input over
time. Therefore, we excluded croplands older than 100years
from the transitional data set, since changes in their manage-
ment due to plant breeding and fertilisation may have changed
C inputs. Further sites were excluded during the modelling pro-
cess based on the area of applicability assessment and plausi-
bility checks (Section 2.2). The final data set used in this study
included 49 transitional croplands, 160 transitional grasslands,
1373 permanent croplands and 137 permanent grasslands. The
locations and pedo-climatic properties of these sites are shown
in Figure 1 and Supporting Information S2.

We sampled gridded meteorological maps providing the mean
temperature (DWD Climate Data Center 2023b), total precipi-
tation (DWD Climate Data Center 2023c) and radiation (DWD
Climate Data Center 2023a) used to calculate the evapotrans-
piration after Turc (1961) for each site in monthly intervals.
The time series of these meteorological data covered the years
1951-2022. We filled missing values with the mean from the
same months of the other years (2months at two sites in total).
To account for recent increases in mean annual temperature due
to climate change (cf. Supporting Information S3), we split the
data set at the year of the LUC into one set ‘prior to LUC’ and
one set ‘after LUC’.

A B
Permanent cropland
Transitional cropland

Permanent grassland
Transitional grassland

A

FIGURE 1 | Location of selected cropland (A) and grassland (B)
sites. Grey dots represent permanent land use and coloured dots repre-

mm 100 km

sent transitional sites (blue: Croplands, green: Grasslands).
2.2 | Data-Driven Reciprocal Modelling

We predicted SOC stocks in the topsoil (0-30cm) at crop-
land and grassland equilibrium with regard to LUC (Figure 2)
using a stacked ensemble model based on the R package mlir3
(Lang et al. 2019) with random forest (ranger; Wright and
Ziegler 2017), boosted regression trees (ghm; Ridgeway and
GBM Developers 2024) and support vector regression (svm func-
tion of the e1071 package; D. Meyer et al. 2023) base learners.
The ensemble model is outlined in full in Sakhaee et al. (2024).
In brief, a nested 5-fold spatial cross-validation approach was
carried out 15 times drawing random samples from 50 strata
across Germany (100x 100 km? INSPIRE grid). Model hyper-
parameters were tuned across all base learners simultaneously
using a random search algorithm. All 30 cross-validated SOC
stock estimations (15 for cropland equilibrium, 15 for grassland
equilibrium) were used as independent site estimates in the
RothC modelling and are referred to as predicted SOC stocks
throughout this manuscript.

We excluded transitional sites outside the area of applicabil-
ity (aoa function from CAST package; H. Meyer et al. 2024;
H. Meyer and Pebesma 2021) with regard to the following soil
properties: clay content, sand content, organic carbon content
or organic carbon stock, inorganic carbon, C:N ratio, WRB soil
group, German soil classification, elevation, slope, mean annual
temperature and mean annual precipitation. If the predicted
cropland SOC stock was higher than the predicted grassland
SOC stock, they were removed from the data set (two croplands,
three grasslands).

We aggregated the data set into five duration intervals for each
LUC direction. The five intervals were defined using the Fisher-
Jenks algorithm (Fisher 1958; Jenks 1977). This clusters one-
dimensional data into a given number of groups by minimising
the within-group distance and maximising the between-group
distance.

In order to compare the observed SOC stocks (SOC,,,) with
the site-specific predictions of the cropland equilibrium SOC
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FIGURE2 | Estimatingland-use specific equilibrium SOC stocks of transitional sites by training machine-learning models to predict SOC stocks

of sites with permanent land use.

stock  (SOCqpp_pre) and grassland equilibrium SOC  stock
(SOCgpyss—prea)s We normalised the observations linearly using the
following equation:

Socobs - Soccrop—pred

SOC =
e S0C, —S0C

grass—pred crop—pred

2.3 | Testing the RothC Model
2.3.1 | Model Description

We tested three different versions of RothC: RothC-default
(Coleman and Jenkinson 1996), RothC-silt (Gottschalk
et al. 2010) and RothC-LUC (new development in this study).

RothC (Coleman and Jenkinson 1996) is a dynamic, process-
based SOC decomposition model. It has five pools: DPM (decom-
posable plant material), RPM (resistant plant material), HUM
(humified organic matter), BIO (microbial biomass) and IOM
(inert organic matter), each with varying decomposition rates
(cf. Table 1). Carbon input from plants or organic fertiliser enters
the system via the DPM and RPM pools with a specific DPM/
RPM ratio. Carbon in the DPM or RPM pools is then decom-
posed and either (a) transferred to the HUM (54%) and BIO (46%)
pools or (b) mineralised, leaving the system as CO, (Figure 3A).
The ratio between the pool transfer and mineralisation is deter-
mined by the clay content of the soil, with less mineralisation
in clayey soils. The decomposition rates are modified by the
monthly temperature, precipitation and evapotranspiration, as
well as by a soil cover factor that slows decomposition if growing
plants are present. In the default model, grassland use is only

accounted for by changing the amount and quality (DPM/RPM
ratio) of the C input. We refer to this original version of RothC
as RothC-default.

A modified version of RothC was introduced by Gottschalk
et al. (2010) to improve modelled SOC dynamics after defor-
estation, here referred to as RothC-silt. RothC-silt has one ad-
ditional pool, HUM-SILT, that gets filled with a fixed share of
0.39 of the total pool transfer from the other pools and whose
decomposition rate changes according to land use, with an in-
creased decomposition rate under cropland (Table 1, Figure 3B).
The model was calibrated for LUC between forest, a carbon-rich
system, and cropland, a carbon-poor system, and it is the only
RothC version attempting to model SOC dynamics after LUC. In
our tests focusing on agricultural LUCs between grassland and
cropland, we applied the lower decomposition rate of forest in
the case of grassland land use.

In this study, we propose a new version of RothC dedicated to
modelling the SOC effects of LUC, RothC-LUC, in which we
add a pool, AGG. This new pool represents a land-use depen-
dent stabilisation process in the form of aggregates built up
under grassland land use. AGG is a pool that slowly decom-
poses at a fixed rate (0.05 a™') and functions similarly to the
HUM pool, but only receives input under grassland, not under
cropland (Table 1, Figure 3C). If the site is used as grassland,
a share of 0.30 moves from other pools to the AGG pool and is
stabilised there. If it is used as cropland, a share of 0 moves to
AGG. Thus, it performs exactly like RothC-default under long-
term cropland, an advantage compared to RothC-silt. During
the transfer to AGG under grassland, which represents the
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TABLE1 | Pools and their decomposition rates of RothC-default, RothC-silt and a new proposed version RothC-LUC.

Decomposition RothC-
Pool rate (a™!) default RothC-silt RothC-LUC Comment
DPM 10 X X X
RPM 0.3 X X X
BIO 0.66 X X X Filled with 46% share from
total pool transfer in RothC-
default, less in other versions
HUM 0.02 X X X Filled with 54% share from
total pool transfer in RothC-
default, less in other versions
IOM 0.0 X X X
HUM-Silt 0.3 (cropland); X Filled with 39% share from total
0.02 (grassland) pool transfer; decomposition
rate changes with land use
AGG 0.05 X Only filled under grassland with

30% share from total pool transfer;
has a maximum capacity

formation of aggregates, we assume that no SOC is lost as CO,.
The remaining 70% of decomposition products are transferred
to HUM and BIO or are mineralised to CO, as in the default
version. The AGG pool is defined to represent the main dif-
ference between the equilibrium SOC stocks of grassland and
cropland. Its maximum capacity AGG,,, is quantified via the
equation:

cap

AGG,,, = (SOC SOC

cap —

)% 0.8

grass—pred crop—pred
With SOC,p56 pred @1d SOCy0p_preq T€Presenting the SOC stock at
equilibrium under grassland and cropland use, respectively. If
the maximum capacity of the AGG pool is reached, the C that
is not needed to maintain the size of the AGG pool is (a) trans-
ferred to HUM and BIO or (b) mineralised to CO, as in the de-
fault version.

Calibrating the scaling factor 0.8, pool-transfer share (0.30) and
decomposition rate (0.05 a~!) was carried out using data from the
Rothamsted long-term field experiments Highfield and Fosters
(Johnston et al. 2009) and equations describing the SOC dy-
namics following LUC over time derived from the first German
Agricultural Soil Inventory (Emde et al. 2024) (cf. Supporting
Information S4).

2.3.2 | The Workflow

The general workflow for transitional croplands is illustrated
in Figure 4. For transitional grasslands, land uses are reversed.
Validation data for each transitional site consisted of 31 SOC
stock values for the topsoil (0-30cm): one observed SOC stock
value with known years since LUC at the time of sampling, 15
estimates of SOC stock at equilibrium under grassland land use,

and 15 estimates of SOC stock at equilibrium under cropland
land use.

In the first step (Section 2.3.3), we ran RothC in inverse mode
to equilibrium to calibrate the averaged C input needed to
reach the predicted equilibrium SOC stocks for both cropland
and grassland. This step also gave the pool distributions in
equilibrium. In the next step (Section 2.3.4), we used (1) the
predicted SOC stock before LUC, (2) the pool distribution
before LUC and (3) the C input after LUC. We ran RothC in
forward mode for the known number of years since LUC.
To evaluate the model (Section 2.4), we compared the mod-
elled SOC stocks with the observed SOC stocks at the time of
sampling.

2.3.3 | CInput Estimation

For each transitional site, we calibrated the averaged C inputs
needed to reach and maintain the predicted SOC stocks in
equilibrium (400years) for both cropland and grassland use.
For RothC default, we used an analytical solution (Dechow
et al. 2019). For RothC-silt (Gottschalk et al. 2010) and RothC-
LUC, we used the Brent optimisation algorithm (with a lower
limit of 0 and an upper limit of 30t C ha=! a~!). We calibrated
the C input for both the 15 predicted grassland SOC stocks and
the 15 predicted cropland SOC stocks using the meteorological
data prior to LUC (see Section 2.1) for the land use prior to LUC
and vice versa. For the cropland runs, we assumed bare soil in
3 out of 12months (January, August and September) based on
management data from the German Agricultural Soil Inventory
(Jacobs et al. 2020). For grassland runs, we assumed soil cover
throughout the year. The assumed C input quality (DPM/RPM
ratio) was derived by weighting C input components reported
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FIGURE 3 | Schematic overview of default RothC (A), RothC-silt as
proposed by Gottschalk et al. (2010) (B) and our proposed model RothC-
LUC (C). The carbon (C) input enters the systems via the DPM (decom-
posable plant material) and RPM (resistant plant material) and gets
translocated to the BIO (microbial biomass) and HUM (humified organ-
ic matter) pools or mineralised to CO, during decomposition. The IOM

(inert organic matter) pool is neither decomposed nor filled. The pro-
posed AGG pool (C) representing aggregates is filled only under grass-
land with a share of 0.30 from other pools and slowly decomposes at a
rate similar to HUM. The decomposition rate of the HUM-silt pool in
RothC-silt changes depending on land use and is higher under cropland.

for the German Agricultural Soil Inventory (Jacobs et al. 2020;
Riggers et al. 2019). Table 2 shows the partitioning of the input
in the DPM, RPM and HUM pools based on parameterisations
from Dechow et al. (2019). The size of the IOM pool was esti-
mated based on Falloon et al. (1998).

As a result, we obtained the averaged C input rates for both
land uses, that is, a grassland C input for each grassland pre-
diction and a cropland C input for each cropland prediction.

Additionally, we obtained the pool distribution among the SOC
pools for each predicted SOC stock.

2.3.4 | Forward Runs

To simulate the SOC dynamics following LUC, each version of
RothC was run in forward mode starting from the predicted
SOC stock and its pool distribution under the land use before
LUC (e.g., grassland in transitional croplands). The forward
runs were performed with the C input that had been calibrated
for the corresponding predicted SOC stock of the land use after
LUC (e.g., cropland in transitional croplands). A total of 225 rep-
etitions were simulated for each site (15 cropland predictions
X 15 grassland predictions).

We used the same model parameters for the forward runs as for
the equilibrium runs: bare soil assumptions according to land
use, IOM estimation according to Falloon et al. (1998), averaged
DPM/RPM based on reported management and meteorological
data for the period after LUC. We ran the model for 400years,
where we assumed that equilibrium was reached. Then, we
sampled the modelled SOC stock at the known time after LUC
to compare it with the observed SOC stock.

2.4 | Model Evaluation and Statistics

We compared our RothC-modelled SOC stocks after time ¢, with
observed SOC stocks after time £, where £ is the time since LUC
in years. We used the mean bias error (MBE), mean absolute per-
centage error (MAPE), root mean squared error (RMSE), Lin's
concordance correlation coefficient (CCC) (Liao and Lewis 2000;
Lin 1989) and the Nash-Sutcliffe model efficiency (NSE) (Nash and
Sutcliffe 1970) to evaluate the model performance. Uncertainties
are given as standard deviation if not stated otherwise.

2.5 | Software

We ran all simulations, analyses and visualisations in R version
4.2.2 (R Core Team 2022), where we used the following packages:

- SoilR (Sierra et al. 2012) to run RothC and RothC-silt,
and rcpp (Eddelbuettel et al. 2025) to run RothC-LUC,
which was implemented in C++.

- mlr3 (Lang et al. 2019) ensemble modelling framework to
predict equilibrium SOC stocks with ranger (Wright and
Ziegler 2017), gbm (Ridgeway and GBM Developers 2024)
and svm (D. Meyer et al. 2023) base learners

- plyr, dplyr, tidyr, forcats and purrr from the tidyverse
(Wickham et al. 2019) for data processing

- classInt (Bivand 2023) to create the intervals

- ggplot2 (Wickham et al. 2019), giscoR (Hernangémez 2025),
patchwork (Pedersen 2024) and sf (Pebesma 2018) for vis-
ualisation and

- ie2misc (Embry et al. 2023), DescTools (Signorell 2024) and
Hmisc (Harrell Jr. 2023) for model evaluation.
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FIGURE4 | Schematic overview of the RothC-modelling workflow for transitional croplands.

TABLE 2 | Land-use specific average DPM/RPM ratio of C input

used in the C input calibration.

Land use Pool Partitioning fraction
Cropland DPM 0.76

RPM 0.24

HUM 0.00
Grassland DPM 0.685

RPM 0.315

HUM 0.00

3 | Results

3.1 | SOC Stocks at Equilibrium

The predicted cropland SOC stock assumed at equilibrium
was 58.2+9.2Mg C ha™! (on transitional grasslands) and
58.6+9.0Mg C ha™! (on transitional croplands), on average
(Figure 5). The predicted grassland SOC stock assumed at
equilibrium was higher at 78.9+13.3Mg C ha~! on transitional
grasslands and 87.2+12.8 Mg C ha™! on transitional croplands.
These values seemed reasonable compared to the measured
SOC stocks of permanent grasslands (84.6 +23.9Mg C ha™!) and
permanent croplands (56.2+18.6 Mg C ha™!).

puejsselb [euonisuel|

puejdouo [euonisuel]

jusuewlad

50 100 150
SOC stock [Mg C ha_1]

Land use Cropland Grassland

FIGURE 5 | Predicted SOC stocks for assumed-permanent land
use on transitional grasslands (n=2400) and transitional croplands
(n=2870) in upper facets and observed SOC stocks on permanent crop-
lands (blue, n=1373) and grasslands (green, n=137) in the lower facet.
Dashed coloured lines represent the mean.
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Since, for some transitional sites, the observed SOC stock was
lower than the cropland prediction or higher than the grass-
land prediction (16 out of 49 croplands, 83 out of 160 grasslands,
shown in Supporting Information S5), we aggregated the data
set in five duration intervals for each LUC direction. Figure 6
shows how the aggregated, measured SOC stocks approach the
new equilibrium SOC stocks over time. In transitional crop-
lands, the measured SOC stocks decrease over time, while they
increase in transitional grasslands.

3.2 | RothC Model Comparison

3.2.1 | Calibrated Carbon Inputs

The C input calibrated with RothC default was on average
3.22+0.64Mg C ha~! a~! for croplands and 3.76 +0.64 Mg C ha™!

a~! for grasslands (Table 3). Using RothC-silt doubled the cali-
brated C input for croplands to 7.88+1.60Mg C ha™' a~! due to

the increased decomposition rate under cropland, while grass-
land C inputs remained in a similar range as RothC default.

With the proposed model version RothC-LUC, the cropland C in-
puts remained the same as the default version at 3.22+0.64 Mg
C ha™! a7l. In contrast, the calibrated C input under grassland
decreased to 2.81 +£0.52Mg C ha~! a~! due to the new stabilising
AGG pool.

3.2.2 | Model Performance

RothC default systematically underestimated SOC stocks on
transitional grasslands and overestimated them on transitional
croplands (MBE of —8.24 and +3.36 Mg C ha™l, respectively,
Table 4). The modelled dynamics were too slow compared to
the measurements (Figure 7). The new model version RothC-
LUC accelerated the dynamics of SOC stock changes for both
directions of LUC. This decreased the MBE to —0.24 Mg C ha!

A
Transitional croplands Transitional grasslands
90 A —
. —_— o 80 1
'© e " —e——
e 80+
(@] 754
()]
=, .
% 704 — o 704
o]
(2] —_— °
8 60- 651
(,) —
pt .
8 60-
s 501 Grassland prediction —_—
Observation o
Cropland prediction Y
0 25 50 75 0 20 40 60 80
C

Transitional croplands

. 11 sites I8 sites 13 siteis 9 sites . 8 sites
0 25 50 75
Time since change [years]

SOCos=SOCpreq Mg C ha™]
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FIGURE6 | Mean observed SOC stocks of transitional croplands (A) and transitional grasslands (B) over time (grey lines and dots), aggregated for
five duration intervals, where dots represent the mean duration and grey lines the time span of the interval. Coloured lines show the mean predicted

SOC stocks (aggregated in five duration intervals) representing the equilibrium conditions of each land use (green: Grassland and blue: Cropland).

Bar plots show the difference between observed SOC stock (SOC
lands, D: Transitional grasslands).

obs:

) and predicted SOC stock of the same land use (SOCpred) (C: Transitional crop-
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TABLE 3 | Mean carbon inputs for each land use estimated using different versions of RothC: RothC-default, RothC-silt and RothC-LUC.
Uncertainty is given as the standard deviation representing site variability.

Assumed land use Model Mean C input (Mg Cha~la™) Standard deviation (Mg C ha—la™)
Cropland RothC default 3.22 0.64
Cropland RothC-silt 7.88 1.60
Cropland RothC-LUC 3.22 0.64
Grassland RothC default 3.76 0.64
Grassland RothC-silt 3.71 0.63
Grassland RothC-LUC 2.81 0.52

TABLE 4 | Model performance indicators for intervals, comparing RothC default, RothC-silt and RothC-LUC and both directions of land-use
change: The mean bias error (MBE), mean absolute percentage error (MAPE), root mean squared error (RMSE), concordance correlation coefficient
(CCC) and Nash-Sutcliffe model efficiency (NSE).

Direction of land-

Model use change MBE (MgCha') MAPE(%) RMSE(MgCha') CCC(—) NSE(—)
RothC default  Transitional cropland 3.36 8.2 5.8 0.63 0.49
RothC-silt Transitional cropland -16.6 22.4 18.0 0.08 —3.84
RothC-LUC Transitional cropland —-0.39 3.4 3.7 0.85 0.80
RothC default  Transitional grassland -8.24 11.0 8.5 0.23 —-3.39
RothC-silt Transitional grassland -14.0 18.7 14.2 0.10 -11.2
RothC-LUC Transitional grassland -0.24 1.37 1.3 0.94 0.90
Transitional cropland Transitional grassland
' Grassland equilibrium

.I—. Observation RothC-LUC

— 0.8+

X

[}

e}

@ RothC-default

S

n 044 o

e

@

N

©

g 0.0 Cropland equilibrium

z

0 25 50 75 100 0 25 50 75 100

Time since change [years]

FIGURE 7 | RothC-LUC (pink curve) accelerated the modelled soil organic carbon stock dynamics after LUC compared with RothC-default (vio-
let curve). Model accuracy thus improved compared to the observations (grey dots). RothC-silt (light pink curve) did not improve the model accuracy
compared to the other versions and observations. Modelled and measured SOC stocks were normalised between the predicted cropland SOC stock
(blue line) and the predicted grassland SOC stock (green line).

(transitional grasslands) and —0.39 Mg C ha! (transitional crop-
lands). In contrast, RothC-silt overestimated SOC losses for
transitional croplands (Figure 7) and did not improve model ac-
curacy (Table 4), which could be attributed to its calibration for

a different case of LUC (forest-cropland).

The proposed model version RothC-LUC improved the mod-
elling accuracy compared to RothC-default (Figure 8, cf.
Supporting Information S6). For transitional grasslands, the
NSE (ranging between — oo and 1, with 1 representing a per-
fect fit) improved from —3.39 to 0.90 (Table 4, cf. Supporting

90of15

85U8017 SUOLILLOD 3A 81D 3|cedl|dde 8y Aq pausenob a1 ol VO ‘88N JO Sa|nJ o} Akeid1 78Ul |UO /8|1 UO (SUONIPUOD-PUe-SLUIB)LI0D" A | 1M A eIq | U1 [UO//:SdNL) SUORIPUOD PUe SWe | 8U188S *[5202/80/52] Uo ARiqiTauljuo A8 |1 ‘Ususny L UOA YoLUBH uueyor Aq 6STOL'SSB/TTTT'0T/I0p/Wo0 48| 1M Areiq 1 puUl|UO'S [euIN0SSq//Sdiy Woj pepeoumoqd ‘v ‘SZ0Z ‘68E2S9ET



RothC-default RothC-silt RothC-LUC
100 A ’ ’ ’
— ’ ’ ’
T ’ ’ ’
© ’ , ,
c 4 4
° —_————
@) . P
’ ’
= ,
°© ’
[) ’
> ’
@ .
(%]
_Q 60 d /7 /7
(e} , ,
(@) ’ ’ ’ ’
o d d
n p .’ .’
, ’ ’
60 80 100 60 80 100 60 80 100

SOC modelled [Mg C ha™"]

=o= Transitional cropland =e= Transitional grassland
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RothC-silt (in the centre) for both transitional grasslands (green) and transitional croplands (blue). Points show the mean of the duration intervals,
error bars represent the intervals’ standard deviation, and coloured lines show linear regressions of the intervals’ mean. The dashed grey line marks

the 1:1 line.

Information S7). For transitional croplands, the NSE improved
from 0.49 to 0.80 (Table 4).

4 | Discussion
4.1 | Predicted SOC Stocks at Equilibrium

The data-driven reciprocal modelling approach produced plau-
sible results on average: Measured SOC stocks showed increas-
ing SOC stocks in transitional grasslands and decreasing SOC
stocks in transitional croplands that approached predicted equi-
librium SOC stocks over time. This general pattern and tempo-
ral timescale are in line with the expected SOC dynamics and
findings in other studies (Emde et al. 2024; Johnston et al. 2009;
Poeplau et al. 2011). This allowed the use of this approach to
validate models on a broad range of pedo-climatic conditions,
confirming their applicability on a national scale, an advantage
over using individual long-term field experiments for model
validation.

Extrema with unexpected high or low SOC stocks were not ac-
curately predicted due to the central tendency bias of machine-
learning models. The use of ensemble modelling (Sakhaee
et al. 2024) aimed to reduce this bias. To avoid the remaining
bias from single extrema in the model evaluation, we aggregated
the data into five duration intervals. Consequently, our approach
cannot validate models for individual sites, but only for multiple
sites on a larger scale, where over- and underestimations com-
pensate each other. At the same time, this approach reduces the
risk of overfitting to individual sites and is at the preferred scale
of model validation for large-scale model applications (Le No&
et al. 2023).

For any future application of this approach to creating arti-
ficial data sets for model validation, the data on which the

models are trained must be comparable to the data to which
the models are applied (Schneider et al. 2021). In this study,
we ensured this by (1) applying all site-selection criteria to
the total data set, including those criteria only necessary for
applying RothC (e.g., no water-logged soils), and (2) remov-
ing all transitional sites outside of the area of applicability (H.
Meyer and Pebesma 2021) which were too different from the
training data set with respect to the most important predictor
variables.

4.2 | SOC Dynamics Modelled Using
RothC-Default Were Too Slow

The default version of the RothC model was not suitable to accu-
rately simulate SOC dynamics following LUC between cropland
and grassland (Table 4, Figure 7). It reacted too slowly and sys-
tematically underestimated transitional grassland SOC stocks
(i.e., modelled SOC stocks did not increase fast enough) and
overestimated transitional cropland SOC stocks (i.e., modelled
SOC stocks decreased too slowly).

This comparatively slow dynamics of RothC was also addressed
by Gottschalk et al. (2010), who found systematic biases after
LUC between forest and cropland. To accelerate the modelled
SOC dynamics, they increased the decomposition rate under
cropland use. We tested this version (RothC-silt) with our data
set, but it did not improve the model accuracy compared to
RothC-default (Table 4). In order to maintain the same SOC
stocks despite more decomposition, higher C input rates were
needed. Consequently, cropland C inputs calibrated using
RothC-silt were almost twice as high (7.9+1.6Mg C ha™! a™)
as other RothC versions and data from the literature, which
seemed implausible. For example, Jacobs et al. (2020) found a
mean C input of 3.7Mg C ha™! a~! for German cropland sites
based on allometric functions and management data. Schulze
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et al. (2009) calculated a mean C input of 3.2Mg C ha=! a~! on
European croplands. With a mean C input of 3.2+ 0.6 Mg C ha™!
a~! (Table 3), RothC-default and RothC-LUC both gave plausible
C input estimates for croplands compared to the literature. Our
results suggest that RothC-silt is poorly suited to simulating SOC
change in response to LUC between cropland and grassland.

In contrast, Heikkinen et al. (2014) found an acceptable match
of the RothC modelled SOC increase after LUC from cropland to
grassland. However, they used the actual evapotranspiration in-
stead of the potential evaporation suggested in the RothC man-
ual (Coleman and Jenkinson 1996) in order to decrease initially
simulated SOC stocks, which they considered unrealistically
high (Heikkinen et al. 2014). The site was located in the Moscow
region of Russia, where the climate was continental, the crop-
land had been degraded, and the C inputs were estimated to
be low. The typical management and pedo-climatic conditions
were not easily comparable to those of this study. This may have
resulted in different SOC dynamics.

4.3 | RothC-LUC Improved Modelled SOC Stock
Dynamics After LUC

The newly proposed RothC-LUC considerably improved the
fit of the SOC dynamics following LUC (Figure 8). The intro-
duction of a stabilising AGG pool, constantly decomposing at a
low decomposition rate but only filled under grassland and not
under cropland, led to accelerated SOC dynamics overall after
LUC. This improved all model evaluation indicators (Table 4).
Our results suggest that the default version of RothC was indeed
lacking a land-use dependent stabilisation mechanism, as also
suggested by others (Dignac et al. 2017; Gottschalk et al. 2010).
This would explain the temporal dynamics of SOC changes
after LUC.

This improvement leads to faster increases of modelled SOC
stocks when croplands are changed to grasslands. After 20years,
70% of equilibrium SOC stocks are reached using RothC-LUC
compared to the default RothC of only 25%, an underestimation
of roughly 10Mg C ha~!. The Tier-1 approach, currently mostly
used in greenhouse gas emissions reporting, significantly un-
derestimates the time needed to reach the new equilibrium in
a temperate climate. After 20years, only 70% of the equilibrium
SOC stocks are reached using RothC-LUC compared to 100%
assumed in the Tier-1 approach. For the LUC from grassland
to cropland, this corresponds to an overestimation of the SOC
effect of around 20Mg C ha~! within 20years and, therefore,
an overestimation of greenhouse gas emissions if the Tier-1 ap-
proach is used.

We found that the predicted equilibrium SOC stock was never
reached over our simulation time of 400years, that is, modelled
SOC stocks in equilibrium were too low in transitional grass-
lands and too high in transitional croplands (cf. Supporting
Information S1). There are two reasons for this pattern, which
are discussed here for transitional grasslands. First, when the
capacity of the fast-filling AGG pool is reached, any further in-
crease is only controlled by the slower increase of the HUM pool.
Second, the C input we used in the forward runs was calibrated
for the higher grassland SOC stock. However, the forward runs

are started from the SOC stock of cropland at equilibrium, which
had a smaller IOM pool than the grassland equilibrium SOC
stock. As the IOM is inert by definition and it neither receives C
input nor decomposes, it cannot increase and SOC stocks start-
ing from cropland can never reach the predicted grassland equi-
librium. Alternatively, the IOM pool could be estimated based on
the predicted cropland SOC stock for both land uses. This would
result in modelled SOC stocks reaching the predicted equilib-
rium SOC stocks. However, we kept the IOM quantification by
Falloon et al. (1998) in our approach because we interpret the
IOM as a very slow pool whose changes do not have large effects
in the time periods we usually model (10-100years). Longer
simulation periods would involve large uncertainties due to the
increasingly uncertain development of, for instance, land man-
agement, crop breeding and climate (Bruni et al. 2021; Riggers
et al. 2021). These uncertainties would exceed the uncertainty of
the IOM estimation. An alternative estimation of the IOM pool
would be required based purely on static soil parameters, such
as the texture.

4.4 | Less Carbon Input Needed if Stabilisation Is
Increased

Grassland C inputs calibrated using RothC-LUC were 25%
lower (2.8 Mg C ha=! a!) compared to RothC-default (3.8 Mg
C ha~! a!) and RothC-silt (3.7 Mg C ha~! a=1). This can be ex-
plained by the newly introduced AGG pool, which stabilised
incoming carbon in the system by slowing down the total
mineralisation in the system under grassland use. Therefore,
less C input was needed to maintain the same SOC stock. The
AGG pool added a new land-use-specific stabilisation pro-
cess. This could represent aggregation (Poeplau et al. 2024;
Spohn and Giani 2011), mycorrhizal fungi symbiosis (Zhang
et al. 2025) or a shift in the microbial turnover towards a more
stable anabolism (Liang et al. 2017; Liang and Zhu 2021) and
an increase in microbial carbon use efficiency (Schroeder
et al. 2022). Such a microbial stabilisation process under
grassland was also found by Poeplau et al. (2019), who showed
that SOC increases in grasslands could not be explained by C
input increases alone, but were also attributed to stabilisation
via microbial anabolism. Also, Hu and Chabbi (2022) found
large SOC increases in French grasslands compared to crop-
land, which could not be explained by the amount or quality of
C input estimated to be the same for both land uses. Instead,
they attributed the SOC increases to a lower decomposition of
SOC in permanent grasslands.

Separating the contribution of stabilisation mechanisms and C
input on the overall SOC increase in (transitional) grasslands is
challenging. Compared to croplands, estimating the C input in
perennial grasslands is uncertain due to the uncertain input pa-
rameters. These include the root biomass, root turnover and rhi-
zodeposition under a perennial vegetation cover. Consequently,
estimates in the literature show a larger variability. Schulze
et al. (2009) estimated a mean C input of 5.7+1.7Mg C ~*ha~! on
European grasslands based on some eddy flux measurements.
This was almost twice as high as their estimates for croplands
(3.2Mg C ha™! a™'). In contrast, Jacobs et al. (2020) estimated a
mean C input of 3.7+1.3Mg C ~tha™! for grassland sites from the
German Agricultural Soil Inventory, which did not differ from
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the average cropland C input (3.7Mg C ha™! a™1). They assumed
a fixed belowground C input of 2.2Mg C ~*ha~! based on Poeplau
et al. (2018), who sampled roots from seven long-term grassland
experiments in Germany. A 50% lower belowground C input rang-
ing between 1.0 and 1.9Mg C ~'ha~! was found in French long-
term grassland experiments (Hu and Chabbi 2022) based on root
sampling. Compared to the highly variable estimates from the lit-
erature, our mean grassland C input calibrated using RothC-LUC
seems low (2.8 +£0.5Mg C ha=! a~!), but not implausible.

4.5 | Quantifying the Aggregate Protected Carbon
Pool and Limitations of RothC-LUC

When applying the RothC-LUC model, the capacity of the AGG
pool needs to be estimated. In this study, it was calculated via the
difference between equilibrium SOC stocks. However, in follow-up
applications, where land-use specific equilibrium SOC stocks are
unknown, it is necessary to estimate the capacity of the AGG pool
independently from equilibrium SOC stocks. Based on our data
set, we propose approximating the pool capacity via the pH mea-
sured in H,0, which explained 24% of the variation, or via the sand
content (%), explaining 16% of the variation (Figure 9). If no addi-
tional parameters are known, it is also possible to approximate the
AGG capacity via the clay content. This explained 14% of the vari-
ation and is already needed to run RothC-default. These correla-
tions stem from the machine-learning ensemble used to create the
data set and are not empirically measured. However, other studies
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have found that the pH and clay content were among the main
factors determining aggregate stability (Boix-Fayos et al. 2001;
Poeplau et al. 2024; Rivera and Bonilla 2020) and increasing the
pH via liming led to higher C loadings of small aggregate fractions
in grasslands (Egan et al. 2018). Lime promotes aggregates and the
stabilisation of SOC via Ca?* bridging (Rowley et al. 2017). This
could explain the higher capacity to stabilise carbon in soils with
higher pH.

The pool structure of RothC-LUC may lead to unexpected pat-
terns if equilibrium SOC stocks are too close together (< 5Mg
C ha™l, cf. Supporting Information S8 and S9). However, apply-
ing this approach in the real world is not prone to this potential
issue, since measured grassland and cropland SOC changes tend
to be far in excess of this problematic threshold at >10t C ha™!
(Guo and Gifford 2002; Poeplau and Don 2013). The RothC-LUC
model was calibrated and tested for Central European pedo-
climatic conditions and intensive agricultural management. It
could be necessary to modify it before using it in a larger range of
pedo-climatic conditions and agricultural practices. Calibration
and validation were done for topsoils (0-30cm) where micro-
bial decomposition, stabilisation, as well as C input by plants
are main processes affecting SOC stocks. In the subsoil, other
processes like advective or diffusive transport and reduced mi-
crobial activity add to the overall fate of subsoil C stocks (Sierra
et al. 2024). These processes are not implemented in the models
we tested, restricting the applicability of the RothC-LUC model
to the topsoil.
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FIGUREY9 | The AGG pool capacity (Mg C ha™") over pH in H,O (A), sand content (%, B), clay content (%, C) and mean annual precipitation (mm,

D). Green and blue dots represent estimates for transitional grasslands and croplands, respectively. Grey lines represent linear regression models

with the equation and R? given in each plot.

12 of 15

European Journal of Soil Science, 2025

85U8017 SUOLILLOD 3A 81D 3|cedl|dde 8y Aq pausenob a1 ol VO ‘88N JO Sa|nJ o} Akeid1 78Ul |UO /8|1 UO (SUONIPUOD-PUe-SLUIB)LI0D" A | 1M A eIq | U1 [UO//:SdNL) SUORIPUOD PUe SWe | 8U188S *[5202/80/52] Uo ARiqiTauljuo A8 |1 ‘Ususny L UOA YoLUBH uueyor Aq 6STOL'SSB/TTTT'0T/I0p/Wo0 48| 1M Areiq 1 puUl|UO'S [euIN0SSq//Sdiy Woj pepeoumoqd ‘v ‘SZ0Z ‘68E2S9ET



5 | Conclusions

National inventory reports under the United Nations
Framework Convention on Climate Change are developing to-
wards Tier-3 approaches, where greenhouse gas emissions are
estimated using process-based models. RothC is one of these
models and a popular choice to report fluxes of CO, between
the soil-atmosphere interface. With the default model version,
efforts to sequester C in soils will be underestimated, since C
accrual under grassland is faster than described by the model.
However, C loss will also be faster if C-rich ecosystems, such
as grassland, are converted into C-depleted croplands. Such
systematic bias in reporting greenhouse gas emissions can be
avoided with our proposed RothC modification, RothC-LUC.
Our study suggests that SOC dynamics following LUC are
driven by stabilisation mechanisms that are not captured in
the default model. This challenges the current perception that
higher C inputs are the main reason for higher SOC stocks in
grasslands.

Modelling offers the chance to explore complex systems for
which direct measurements are not available, such as for soil
carbon dynamics with timescales far beyond the project period
and also beyond the working lifetime of a scientist. The tempo-
ral dimension of many decades to more than a century during
which soils are affected by LUC was tackled in our study by
combining empirical data on the status of SOC with land-use
history timelines. Our combination of a novel data-driven space-
for-time approach with process-based models will allow the pre-
diction of unprecedented soil carbon futures after LUC in an era
of climate change.
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