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Abstract. Soil organic carbon (SOC) plays a large role in sustainable soil management and climate change mitigation. To
understand the potential of soils to sequester additional carbon requires detailed knowledge of the underlying processes and
drivers. In this study, we use soil evolution model SoilGen3.8.2 to assess the effects of environmental drivers (bioclimate,
erosion level and land use) and four protection mechanisms on long-term SOC dynamics.

The protection mechanisms (aggregation, clay mineralogy, microporosity and metal oxyhydroxides (MOOHSs)) showed large
differences with different temporal patterns, where aggregation and clay mineralogy dominated during 10 ka of pedogenesis
and MOOHs had a negligible effect. Ranking internal and external controls on SOC stocks revealed a decreasing influence
of bioclimate > protection mechanism > erosion rate > land use > time.

Topsoil and subsoil SOC recovery after agricultural use revealed different dynamics, controlled by the history of
environmental drivers and pedogenesis. Natural SOC recovery showed lowest rates for subsoils and highest rates for
topsoils, with a strong control of erosion and pedogenetic history. The addition of ground rock of different mineralogies to
enhance SOC sequestration had some effect, mainly for goethite, montmorillonite and a temporary effect of calcite. Our
simulations demonstrate how SoilGen can improve understanding of soil processes, while also highlighting knowledge gaps,
such as missing experimental insights in key SOC stabilization mechanisms.

Our study shows that soil models such as SoilGen cannot act as digital twins of a soil that represent the entire soil, as not all
processes and parameters of the complex soil system are represented. These models can, however, form the basis of topical
digital twins that target specific processes or properties. We provide a roadmap for developing such topical digital twins and

recommend to start from a complex model that accounts for pedogenetic history.
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1 Introduction

Soils offer a large potential for carbon sequestration, the storage of atmospheric carbon in soils. Enhanced carbon
sequestration in soils could partly or completely counterbalance global anthropogenic carbon emissions (Minasny et al.,
2017; Nazir et al., 2024). This resulted in incentive legislation that promotes carbon storage through, amongst others, carbon
farming (European Commission, 2024, article 4 -7), which aims at enhanced, long-term or permanent carbon storage in soils.
This requires the development and general acceptance of instruments to evaluate, monitor and predict carbon storage under
changing global conditions and link these to implemented or planned soil management. Process knowledge, still in
development, is needed for reliable instruments, especially if long-term storage is to be estimated with confidence.
Comprehensive simulation models that are data-aware (i.e. that can integrate real-time field data to improve accuracy,
Maimour et al., 2024) are needed. Such model-data combinations where information flows between model and (field) data in
both ways are often coined digital twins of the field soil. Digital twins allow for dynamic adaptation of the model to changed
field conditions while allowing predictions of field conditions and parameters. Here, we aim at using a comprehensive soil
development model as first step towards such a digital twin.

Soil organic carbon (SOC) sequestration can be enhanced by promoting natural processes through soil management (Feng et
al., 2024). For example, the flux of carbon into soils may be increased by increasing organic carbon inputs from plant
residues (Alvarez, 2024) or through removal of atmospheric CO, by enhanced rock and mineral weathering (Buss et al.,
2024) and subsequent sequestration in inorganic form. Additionally, residence times of existing SOC can be prolonged by
bonding with soil mineral components (Georgiou et al., 2022) or by increasing the soil microbial bio- and necromass (Kou et
al., 2023). To effectively harness these natural mechanisms for SOC sequestration, it is essential to increase our limited
understanding of the underlying processes, as well as how they are regulated or limited by environmental factors (Maenhout
et al., 2024). It is important here to consider differences in topsoil and subsoil SOC stocks, as subsoils (below 25 cm depth)
often contain larger and more stable carbon stocks than topsoils (Zhang et al., 2025), which may be regulated by other
controls than SOC in topsoils (Salomé et al., 2010; Hicks Pries et al., 2023). For sustainable and long-term carbon
sequestration, the subsoil thus may play an essential role, while it is often overlooked in SOC monitoring studies.

A lot is still unknown about long-term SOC dynamics, as monitoring campaigns cover only decadal timescales and often
focus only on the topsoil and ignore the subsoil (van Wesemael et al., 2024). Also, the role of climate, land use and
management in SOC dynamics is difficult to assess on a generic level, as comparative sites with only changes in some of the
soil forming factors are rare. An alternative is provided by soil evolution models (SEMs). SEMs simulate the long-term
(annual — millennial) development of soils and their properties as a function of different environmental drivers (Minasny et
al., 2015). SEMs cover different spatial and temporal scales and are designed to simulate one or multiple soil processes. The
models are continuously adapted to incorporate additional environmental drivers, which increases their applicability across
diverse geographical and topographical settings, and under effects of global change (Van der Meij et al., 2018; Meng et al.,
2022). Models simulating a detailed soil organic carbon cycle commonly focus on the pedon scale. Models such as RothC
(Jenkinson and Coleman, 1994) and ICBM (Andrén and Katterer, 1997) have been used and extended to simulate soil
organic carbon dynamics in soils under different environmental drivers and soil management (Peltre et al., 2012; Coucheney
et al., 2025), while other models aim for a better representation of measurable carbon pools in the models (e.g. Millennial,
Abramoff et al., 2022), or aim at better calibration by including additional carbon metrics to reduce equifinality (Van de
Broek et al., 2025). More holistic models such as SoilGen simulate the development of the entire soil profile by representing
different processes and soil variables (Finke, 2024, p.23), including SOC stocks. Since the soil variables are connected via
various feedback mechanisms, SoilGen can be considered a digital representation of a field soil if field data suffice to meet
input requirements for initialization, at the model boundary and for accuracy assessment and model tuning.

In this contribution, we simulate the evolution of SOC stocks over long timescales (centuries — millennia) under a range of

external environmental drivers acting at the modelled soil boundary and internal protection mechanisms that that are active
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inside the modelled soil, with the aim to identify and quantify controls of long-term SOC sequestration and stabilization.

More specifically, we aim to:

1. assess the relative importance of the external drivers (climate, erosion and land use) and internal SOC protection
mechanisms on SOC sequestration and stabilization;

2. evaluate the use of SoilGen as a digital twin of soils to study future trajectories in soil properties.

2 Methods
2.1  SoilGen
2.1.1  Model overview

For our simulations, we used SoilGen version 3.8.2 (Finke, 2024a, b). SoilGen simulates a substantial number of soil
development processes (e.g. water and solute flow, clay migration, physical and chemical weathering, mineral neoformation,
element cycling, plant processes and mixing processes) and their mutual feedbacks over temporal extents from years to
millennia. Processes of SOC-turnover follow the concepts of the RothC-model (Jenkinson and Coleman, 1994), in which the
fate of dead organic matter is simulated in five different pools (Decomposable Plant Material, Resistant Plant Material,
Biomass, Humus and Inert Organic Material). The pool Inert Organic Material has limited meaning in a millennium-scale
model and is seldom used. As in RothC, the decay rate constants of the remaining four SOC-pools are subject to dynamic
linear correction using soil temperature, soil moisture deficit and crop cover varying along the timeline and controlled by the
simulation of the other processes in the model. A detailed description of the SOC module of SoilGen is provided in
Appendix A.

SoilGen requires input of the initial soil properties and boundary forcings (i.e. climate, vegetation, fertilization, bioturbation)
and can handle events such as erosion, sedimentation and tillage. The model outputs 109 soil variables (chemical,
mineralogical and physical) per year and depth interval, including the litter layer, for the entire soil profile and potentially
underlying bedrock. Various processes represented in the model have undergone sensitivity analysis, calibration and
comparison with independent field data: decalcification (Finke and Hutson, 2008), clay migration (Finke, 2012; Finke et al.,
2015; Ranathunga et al., 2022; Finke, 2024a), fate of SOC (Yu et al., 2013; Finke et al., 2019; Anindita et al., 2023), and
weathering (Opolot and Finke, 2015; Anindita et al., 2023). Applications of SoilGen cover a wide variety of climates, parent
materials and environmental settings, including the temperate and continental climates, loess parent materials and

agricultural and natural land uses which were simulated in this study (Section 2.3). Examples are provided in Finke (2024a).

2.1.2 Environmental drivers

Decay of SOC responds, among others, to the soil moisture status and soil temperature. SoilGen uses inter-daily rhythms of
temperature, precipitation and potential evapotranspiration to downscale annual and monthly climate inputs at the upper
model boundary that subsequently drive process-based water flow and heat flow submodels. Climate inputs can be generated
by data-driven climate reconstructions (e.g. Davis et al., 2003) and using climate models (e.g. Ranathunga et al., 2022).
Additionally, fertilization, erosion, sedimentation and plowing events are annual inputs that also drive the SOC-status.
Sensitivity studies demonstrated a sensitivity of SoilGen to climate and agricultural practices (Keyvanshokouhi et al., 2016)

and dust deposition (Ranathunga et al., 2022) for various soil properties, including SOC.

2.1.3  SOC protection mechanisms

Finke et al. (2019) and Anindita et al. (2023) found that additional rate modifiers, calculated via linear relations to

geochemical data, improved simulation quality of SOC stocks in steppe grassland and volcanic soils respectively. Using this

insight, the loss by decay (lossy, Mg ha) of a SOC pool of size Y (Mg ha?) during dt (a) was modified according to Eq. (1),
3
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lossy = Y(1 — g~abeaRat) (Eq. 1)

Where R is the reference decay rate constant (al), with dimensionless rate modifiers a for temperature, b for topsoil moisture

deficit, ¢ for crop cover and d for hydrogeochemistry. Rate modifiers are in the range 0-1, where a value of 1 indicates no

effect. SoilGen version 3.8.2 (Finke, 2024, p.40) includes four mechanisms to calculate rate modifier d (Table 1):

1. Bonding by clay mineral surface-cation bridges-SOC (clay). Strong bonding by high activity 2:1 clay minerals, using
their mass fractions, slows down decay.

2. Stabilisation by metal oxyhydroxides (MOOHSs). Co-precipitation of SOC with Al and Fe cations slows down decay
(Scheel et al., 2008) and adsorption of SOC to Al and Fe oxyhydroxides metal surfaces was found to be a major driver
in global SOC stocks and stabilization (Jia et al., 2024). Here, we proxied co-precipitation and adsorption by the
summed concentrations of Fe®*, Fe2* and AI** (mmol dm3) in the soil solution.

3. Protection by limited intra-aggregate accessibility (aggregates). Strong aggregation driven by soil chemistry (calcite
content as mass fraction, base saturation as %), and carried out by macro-organisms, reduces the intra-aggregate
accessibility of SOC to micro-organisms.

4. Protection by limited accessibility of micro-organisms due to pore-size (pores), which is a function of soil texture and
SOC (Andrén and Katterer, 1997; Meurer et al., 2020), where a high microporosity lowers decay. In SoilGen, porosity is
dynamically assessed by the water retention characteristic (h-0 relation) as estimated for each simulation year by a
pedotransfer function (Wdosten et al., 1999).

The overall rate modifier d combines the effects of the four above mechanisms by taking the minimal value (thus maximal
protection) of clay, MOOH, aggregation and pores, which varies over model runtime. This means that profiles of clay
content and mineralogy, fate of Fe and Al, calcite content and base saturation, texture and SOC must be dynamically
simulated as well and thus a complex model is a necessity. Table 1 provides a summary of the calculation of the
hydrogeochemical decay rate modifiers, while Appendix A3 provides a detailed description. Note that these mechanisms
have impacts limited to the range 0.8-1, which are loosely based on first academic insights in these processes (e.g. Andrén
and Katterer, 1997; Scheel et al., 2008; Meurer et al., 2020). They should be constrained and calibrated when new insights
arise. Furthermore, choosing all four ranges between 0.8 (maximal protection) and 1.0 (no protection) will give equal
potential effect of each mechanism, which is motivated by the fact that this is a sensitivity analysis.

Table 1: Setting of the four SOC protection mechanisms in SoilGen. Rate modifiers are within the range of 0.8 and 1. Units are
described in the text.

Rate modifier Calculation Values Protection
maximal minimal
Clay (c) B,+(1-By) 1:1 clayminefals B=0.8 | 0.8 @1:1=0 1@2:1=0
1:1+ 2: 1 clayminerals
MOOH (m) max(0.8, e ~B2(4l+Fe)) B,=5 0.8 @(Al+Fe)>0.044 1 @(Al+Fe)=0
Aggregation (a) min(agg1,agg,), where Bs:=0.2 | 0.8 @(BS=100o0r | 1 @(BS=0 and
agg, = 1 — B3,BS/100 By=0.2 | Calcite=1) Calcite=0)

agg, =1 — By,Calcite

Pores (p) B,+(1-B,) mesopores B,=0.8 | 0.8 @mesopores=0 1 @micropores=0
mesopores + micropores

Where micropores= 6.0 npa @Nd mesopores=

020 hpa - 0600 hPa

Overall protection (x) | d = min(clay, MOOH, aggregation, pores) 0.8 1

2.2 Initial conditions and model parameters

The model inputs (this Section) and simulation scenarios (next Section) are roughly based on real-world settings, but are

simplified and generalized to facilitate the evaluation and comparison of model outputs for the different scenarios. The
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model settings described here are shared among all simulation scenarios, with the exception of vegetation type and land use,
which are shared by a selection of the scenarios.

We base our simulations on European loess soils, with a homogeneous parent material (at the start of the simulations; 10 ka
before now) of a silt loam (16% clay, 67% silt, 17% sand) with a bulk density of 1.22 kg dm. The initial calcite content was
9.9 mass% and the Cation Exchange Capacity was 90 mmol. kg? soil. The mineralogy was dominantly quartz, with
substantial amounts of feldspars and minor amounts of muscovite, chlorite, illite and montmorillonite. The initial soil
profiles are divided into soil layers of 5 cm. The initial thicknesses differed per erosion scenario and were chosen to preserve
a soil of at least 150 cm at the end of the simulations.

SOC input in the soils was based on an estimation of the Net Primary Production (NPP, Mg C ha™' a™'), reduced for losses
(e.g. growth, harvest), using a metamodel based on LPJ-GUESS (Sallaba et al., 2015), taking as input temperature and
precipitation in winter and summer and a partial CO- pressure of 0.00038 bar (10 ka before now). The actual SOC input will
be called NPP.q. During the simulations, land use can change between natural vegetation, extensive agriculture and intensive
agriculture. For vegetation under natural conditions, we assumed that all NPPq enters the SOC-decomposition pathway in
the form of root- and leaf litter. For agricultural vegetation, the NPPq was reduced to represent the crop residues that enter
the SOC decomposition pathway: assuming cereal crops, a fairly low yield and documented harvest indices, 30% was
harvested under extensive agriculture (Sect. 2.3). Similarly, 55% is harvested under intensive agriculture. The C-inputs are
vertically variable, depending on the vertical root distribution and the presence of an ectorganic layer in the case of forest
vegetation.

SOC is redistributed vertically in the soil profiles by two processes: (i) Bioturbation, with a fixed rate of 11.9 Mg ha* a*,
mixes soil material over the top 40 cm of the soil. Over the first 25 cm it is (annually) 0.3% of the mass, decreasing linearly
with depth top 0% at 40 cm depth. (ii) Plowing in the agricultural periods redistributes SOC in the plowed layer, where 50%
of the mass is mixed during each plowing event.

Each soil layer received the same model parameters, such as the SOC decay rate constants. By vertical variation in the
drivers of the rate modifiers (e.g. moisture, temperature and drivers mentioned in Sect 2.1.3), actual degradation rates varied

along the soil profile.

2.3  Simulation scenarios

To test how different environmental conditions affect the SOC dynamics in the simulations, we systematically changed
bioclimatic setting, erosion intensity, land use and SOC protection mechanism (Table 2).

We developed two bioclimatic scenarios, which are based on climatic conditions found in loess areas in humid NW Europe
(wet) and SE Europe with more continental climates (dry). The wet scenario is defined by a precipitation surplus of 200 mm
and has a deciduous forest as natural vegetation, while the dry scenario has a precipitation deficit of 200 mm and has a
natural grass steppe vegetation. Average July and January temperatures were changed according to these locations as well.
The climate was constant over the duration of the simulations. Typical soils for the wet NW Europe loess area are Luvisols
and Alisols, characterized by decalcification, low base saturation, clay eluviation and low SOC. For the dry continental loess
area these are Chernozems and Phaeozems, characterized by shallow or no decalcification, high base saturation, limited clay
eluviation and high SOC (IUSS Working Group WRB, 2022). Surface fertilizer applications (e.g. by liming) were
redistributed equally over either 10 or 25 cm by plowing.

The simulations run for 12000 years. During the first 8000 years, all scenarios represent natural soil development without
anthropogenic disturbances. The following 2000 years of simulation either continue the natural development, or transition to
agricultural land use. For the latter, years 8000 — 9900 are defined by extensive agriculture, with a cereal crop, followed by a
century (years 9900 - 10000) of intensive agriculture, again with cereals. Agricultural intensity determines plough depth,
amount of crop residue left on the field and fertilization level (Table 2). The final 2000 years (10000 — 12000) represent
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forward simulations where we test how SOC stocks evolve when agricultural practices are either continued or stop, and
when SOC sequestration is actively enhanced through mineral rock additions. This is simulated by adding 2.5 kg m of
crushed rock on the surface at the start of the recovery phase. We add rock of different mineralogy: volcanic ash (basaltic-
andesitic), anorthite, calcite, montmorillonite and goethite. Rock additions were redistributed by plowing (25 c¢cm) and/or
bioturbation. We name this period the recovery phase.

We defined different erosion intensities for the different land-use periods. Under natural development, these intensities are
either 0 or 0.05 mm a* (EO and E1). Under agricultural development, erosion either continues with the natural rates, or they
increase to 0.5 mm a* (E2) or 5 mm a (E3). In the recovery phase, erosion rates turn back to their natural rates.

For every combination of the external drivers, SOC dynamics are simulated with either no SOC protection, one individual
protection mechanism or all protection mechanisms combined (Table 2). For the recovery period we only consider the
combination of protection mechanisms (x).

Table 2: Overview of variations in environmental drivers, internal SOC protection mechanisms and the following model
parametrizations in the simulated scenarios.

Simulation year | 0-8000 8000 — 9900 ‘ 9900 — 10000 10000 - 12000
Phase Natural Natural/agricultural Recovery
Year before now | 10 ka—2 ka 2ka-100a ‘ 100 a — now Now — +2 ka

Bioclimate Dry (P =600 mm al, PET = 800 mm a!, Twinter = -4 °C, Tsummer = 20 °C, natural grass steppe vegetation)
Wet (P = 1000 mm a, PET = 800 mm &, Twinter = 2 °C, Tsummer = 20 °C, natural deciduous forest)
Land use Natural (Dry: NPPre¢=5.2 Mg ha! al. Wet: NPPrg=5.1 Mg ha! a%)
Natural Extensive agriculture Intensive agriculture Continued intensive
e Bioturbation 11.9 Mg ha- | ¢  Ploughing 10 cm ¢ Ploughing 25 cm agriculture
tat 620 Mg hat a! 1535 Mg hat at Natural recovery
o NPPred: e  Bioturbation o Bioturbation Active recovery through
Dry: 5.2 Mg hat a! 11.9 Mg hat a? 11.9 Mg hat a? rock additions (under
Wet: 5.1 Mg hata? e CaCOs3:1.88molm2 |e CaCOs: agriculture + natural
every 10" year 0.28 mol m2at vegetation)
o NPPreg: both e K:0.05mol m2a? 25kgm?
bioclimates: e NPPreq: e Volcanic ash (basaltic-
3.78 Mg ha'ta? Dry: 2.475 Mg ha't a! andesitic)
Wet: 2.43 Mg hata! |e Anorthite
e Calcite
e Montmorillonite
e Goethite
Erosion EO (0 mm al)

E1 (0.05 mm a?)

E1 (0.05 mmal)

E2 (0.5 mma?)

E2 (0.5 mma?)

E3 (5mma?)

E1 (0.05 mmal)

SOC protection

No protection mechanism (n)

Aggregation (a)

Bonding with clay minerals (c)

Stabilisation by metal oxyhydroxides (MOOHSs) (m)

Presence of micropores (p)

All protection mechanisms (x)
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2.4 Data analysis

In SoilGen, erosion is modelled as an event-based rather than a continuous process. The frequency of the erosion events is
determined by layer thickness and mean annual erosion rate. Each event removes the top soil layer and the ectorganic layer
(if present, i.e. under natural vegetations), which causes a temporary decline in SOC stocks. The SOC stocks stabilize again
when the newly exposed topsoil layer reaches a new SOC equilibrium (and possibly a new ectorganic layer has formed). As
a result, SOC dynamics under eroding scenarios display saw-tooth patterns with periodic drops and increases of SOC stocks
over time. The frequency of this pattern depends on layer thickness and erosion rate, leading to the removal of one layer per
1000, 100 and 10 years for erosion intensities E1, E2 and E3 in this study.
To filter out this implementation effect, we applied a moving average to the simulated SOC stocks, calculated over a pre-
defined number of preceding years. The moving window size corresponds to the frequency of layer removal by erosion and
is adjusted separately for each land-use phase. This approach reduces the implementation effect without over-smoothing,
while preserving differences in SOC dynamics under different land uses.
The results present the total SOC stocks in the first meter of the soil profiles. This includes both endorganic and ectorganic
SOC. In the presentation of SOC stock recovery in Sect. 3.3, we split the profile in topsoil (0-25 cm) and subsoil (25-75 cm)
compartments.
We applied a linear regression model to the annual SoilGen output to quantify the effects of the controlling factors on SOC
stocks. Bioclimate (BC) and protection mechanism (PM) were treated as categorical variables that varied between scenarios,
while erosion class (EC) and land use (LU) were categorical variables specified as time-varying categorical variables,
reflecting changes in the erosion intensity and land use during the simulations. The simulation year itself was included as a
continuous numerical predictor. The regression model is summarized in Eq. (2), where the predictor names correspond to the
abbreviations defined above, the subscript t denotes variables that vary dynamically within a simulation scenario and 8,
represent vectors of regression coefficients whose sizes depend on the number of categories for each predictor.

S0C stock = By + B BC + B3 PM + B EC, + B{ LU, + Bsyear; + €, (Eq. 2)
We excluded the model output from the first 1000 years of each scenario to avoid effects associated with the start-up phase
of the model.
To quantify the contribution of each predictor to the variation in the SOC stocks, we applied a type-1l ANOVA, which is
robust to the order of variables in the linear model. For each predictor, the proportion of explained variance was calculated

using the n?, calculated as the sum of squares of each predictor divided by the total sum of squares.

3 Results
3.1 Influence of SOC protection mechanisms

The simulations show different temporal trends in SOC stocks for each protection mechanism (Figure 1a). The base scenario
without protection (n) shows a quick increase in SOC stocks which reach an equilibrium after ~1500 years. In the extensive
agricultural phase starting in year 8000, SOC drops to ~80% of the natural stocks and drop even further in the intensive
agricultural phase. The scenario with SOC protection by stabilisation by metal oxyhydroxides (m) shows no visual
differences from the base scenario. Protection by the presence of micropores (m) and bonding with clay minerals (c) give

SOC stocks of 11 and 12% higher compared to the base scenario.
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Figure 1: Changes in SOC stocks over time under influence of different protection mechanisms. The displayed results come from
scenarios with a dry climate, agricultural land use after 8000 years and (a) without erosion, and (b) with erosion of 0.05 mm a..

Protection by aggregation (a) shows a different temporal pattern, with an initial large increase in SOC stocks of 20%, which
reduces towards the end of the natural phase towards 8%. The reduction coincides with the gradual decalcification of the
topsoil. In the agricultural phase after 8000 years, protection by aggregation again becomes the dominant protection
mechanism due to liming. SOC stocks under all protection mechanisms (x) follow the mechanism that offers the most
protection for different moments in time. First, the SOC stocks follow the trend of protection by aggregation (a). After 5000
years, it follows the trend of protection by bonding with clay minerals (c). In the agricultural phase, it returns to the same
trend as protection by aggregation (a).

Under minor erosion, protection by aggregation (a) remains the dominant protection mechanisms throughout the simulations,
and results in higher SOC stocks compared to simulations without erosion (Figure 1b). Protection by other processes show
lower SOC stocks under minor erosion. The initial SOC sequestration rate is slower than in the absence of erosion, as is

shown by the flatter curves at the start of the simulations.

3.2 Influence of environmental drivers

There is a large spread in simulated SOC stocks under the different environmental conditions (Figure 2). Overall,
simulations under a dry climate with grass steppe vegetation show higher SOC stocks than simulations with a wet climate
and deciduous forest vegetation.

Between years 8000 and 10000, agricultural land use leads to a decline in SOC stocks compared to simulations with only
natural development, where SOC stocks continue at similar levels to the preceding natural phase (dotted lines). The natural
scenarios are only shown for erosion scenarios EO and E1, as we did not simulate natural soil development with higher
erosion rates. In the agricultural phase, the drop in SOC stocks is larger due to a higher natural SOC stock. The pattern of
higher SOC stocks in dry bioclimates persist, even though all scenarios have the same vegetation. Under higher erosion
rates, differences between bioclimates decrease.

Figure 2 also shows the saw-tooth effect resulting from periodic erosion of the soil layers. Under erosion scenarios E1, E2
and E3, the frequency of layer removal is 1000, 100 and 10 years, respectively, which is visualized by the thin lines in the
background. The bold lines show the smoothed SOC stocks. The smoothed SOC stocks are used in the presentation of the

following results. Time series of SOC stocks for each individual protection mechanism are provided in Figure B1.



260

265

270

EO E1 E1E2E2 E1EZE3

Total SOC stock (Mg/ha)

0 2 4 6 8 10 0 - 4 6 8 10 0 2 4 6 8 10 0 2 4 G 8 10

Year (ka)

Bioclimate dry == wet Agricultural phase = = No === Yes

Figure 2: Simulated SOC stock dynamics for different erosion scenarios (columns), bioclimates (colours) and anthropogenic effects
(line types). The erosion rates corresponding to the erosion scenarios are provided in Table 2. The visualized scenarios are with all
protection mechanisms combined (x). The thin lines visualize the raw model output, while the thick lines show the SOC stocks that
are smoothed using a moving average. The dotted bold line depicts continued natural evolution.

The simulated SOC stocks during the intensive agricultural phase (years 9900 — 10000) illustrate the combined effects of
erosion and bioclimate (Figure 3). SOC stocks under erosion E1 are slightly higher than the SOC stocks under the scenarios
without erosion (EO). With stronger erosion in E2 and E3, the SOC stocks decline to about 25-50% of EO levels. The
simulations for E2 show a narrow range of values, as this scenario has already reached an equilibrium with agricultural SOC
inputs during the extensive agricultural phase, resulting in rather constant values in the intensive agricultural phase. In
contrast, the stocks in EO and E1 were still adjusting to the new inputs and the stocks in E3 were pushed out of equilibrium
due to the increased erosion rates in the intensive agricultural phase, leading to a larger variation in stocks. The effects of
bioclimate are the most pronounced under EQ, and decrease with increasing erosion rate, as SOC stocks become more similar

for both bioclimatic settings.
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275  Figure 3: Distribution of annual SOC stocks in the intensive agricultural phase (years 9900 — 10000), grouped per erosion intensity

and bioclimate. The visualized scenarios are with all protection mechanisms combined (x).
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The linear regression quantifies the effects of our formalisms (Table 1) for internal protection mechanisms and external
environmental conditions on simulated SOC stocks (Table 3). All protection mechanisms have a positive significant effect
on the SOC stocks, with the smallest effect for protection by MOOHSs (m). The largest effect comes from all mechanisms
combined (x). SOC stocks were lower under a wet climate, agricultural land use and higher erosion rates, compared to the
reference levels. Time has a very small positive effect on SOC stocks.

Overall, the adjusted R? indicates that the linear model explained 96% of the variance in the simulated SOC stocks, with the
remaining variance likely reflecting internal SOC dynamics in SoilGen or non-linearity in the effects. The n2 from the type-
Il ANOVA indicates that climate by far explains most of the variance in the model, followed by protection mechanism,
erosion rate and land use. Simulation year explains a negligible amount of the variance (0.1%).

Table 3: Categorical linear regression of internal and external controls on SOC stocks in the simulations. Reference levels:
bioclimate = dry, erosion = EO, land use = natural, protection = no protection (n). Adjusted R? = 0.96, overall p-value < 0.001.

Variable Percentage of variance | Predictor Estimate (Mg ha) p-value
explained (n?, %)
Intercept 120.42 <0.001
Protection | 5.2 Aggregation (a) 8.68 <0.001
mechanism Bonding clay minerals (c) 9.62 <0.001
Stabilisation by MOOHSs (m) 0.05 0.005
Micropores (p) 6.08 <0.001
All protection (x) 12.00 <0.001
Bioclimate | 81.8 Wet -36.66 <0.001
Erosion 4.4 El -3.67 <0.001
E2 -24.76 <0.001
E3 -47.58 <0.001
Land use 35 Agricultural -16.09 <0.001
Year 0.1 - 0.0003 <0.001

3.3  SOC recovery

Figure 4 shows the recovery time of SOC stocks in the top- and subsoil after ceasing the agricultural land use and returning
to the natural conditions. Overall, the topsoil SOC stocks show the largest deviations in SOC stocks from the natural
reference, with deficits up to 60 Mg/ha (Figure 4a). The deficit is larger for higher erosion intensities in the agricultural
phase for the dry bioclimatic scenarios. For the wet bioclimatic scenarios, deficits are more similar, in the range of -20 — -45
Mg/ha. The subsoil SOC stocks have lower deficits, with values reaching up to -17 Mg/ha for the dry bioclimate scenarios.
In the wet bioclimate scenarios, there is actually an increase of up to 10 Mg/ha in subsoil SOC stocks at the end of the
agricultural phase compared to the natural reference. Here, higher erosion intensities have smaller surpluses. The timeseries
provided in Figure B2 show that increases in subsoil SOC are consistent for all erosion intensities in wet bioclimates, while
it also occurs under EO and E1 for the dry bioclimate. Linear regression of recovery times versus the absolute SOC stock
difference suggests that recovery takes ~8 years per Mg C difference in the topsoil (p = 0.001, R? = 0.84) and ~68 year per

Mg C difference in the subsoil (p = 0.010, R? = 0.70), indicating almost nine times slower recovery in the subsoil.
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Figure 4: Plots of the time until simulated SOC stocks recover to their natural SOC stocks after ceasing agricultural use. (a) plot of
recovery time versus the SOC deficit compared to the natural reference at the start of the recovery phase. The lines connect topsoil
or subsoil recovery times along different erosion intensities and bioclimates. (b) scatterplot of topsoil (0-25 cm) versus subsoil (25-

75 cm) recovery times. The erosion rates corresponding to the erosion intensities are provided in Table 2.

Topsoil recovery times are centred around ~500 years (Figure 4b). For the dry bioclimate scenarios, low to minor erosion
(EO & E1) have shorter recovery times, while higher erosion intensities have longer recovery times. This pattern is not
visible for topsoils in the wet bioclimate scenarios. Subsoil recovery times show much larger differences (Figure 4b).
Recovery times for the dry bioclimate scenarios range from almost zero (EO & E1) up to 1000 years for higher erosion

intensities (ELE2E2 & E1E2E3). For the wet bioclimate scenarios, recovery times for the subsoil are in the same order of
magnitude as those of the topsoil.
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Figure 5: Evolution of SOC stocks in the recovery phase under different rock additions regimes. Non-visible lines for rock

additions are plotted below the black line that represents no rock additions, indicating no differences. Note the different ranges of
the Y axes. The scenarios are without erosion (EQ).

SOC stocks in the recovery phase recovery are only partly influenced by artificial rock additions (Figure 5). When

agriculture continues, rock additions have no discernible effect on SOC stock dynamics. Under natural recovery promoted by
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rock additions, there is a minor effect of some of the rock additions. For the dry bioclimate scenarios, all recovered SOC
stocks exceed the natural reference. Maximal recovery is reach in the scenario where goethite is added, because Fe-
concentrations remain high in the subsoil due to the high pH and limited leaching. Montmorillonite also increases SOC
stocks to levels above the other additions, while calcite has a minor initial positive effect on the rate of SOC sequestration,
which evens out after 1000 years. In the wet bioclimatic scenarios, all SOC stocks converge to the natural reference, again
with elevated SOC stocks due to montmorillonite additions. Under all scenarios, the effects of volcanic ash and anorthite
additions are comparable: even while ash weathers much faster, both rock types do not yield high enough Fe and Al

concentrations to impact the rate modifier linked to protection by MOOHs.

4 Discussion
4.1 Internal and external drivers of SOC stocks

Soil organic carbon is a property that plays a key role in many soil functions and ecosystem services (Wiesmeier et al., 2019;
Creamer et al., 2022). In order to assess the future fate of SOC under changing climatic and management conditions, an
advanced understanding of the processes and drivers of SOC dynamics is required. In this study, we used the soil
development model SoilGen to evaluate the role of protection mechanisms and environmental drivers on SOC dynamics in
loess soils.

The simulation results revealed surprising insights into SOC dynamics in loess soils under different driving factors and in
relation to other processes. Here we highlight three examples to illustrate how the model can advance our understanding of
these feedbacks and drivers: 1) feedbacks between SOC protection and external drivers, 2) contrasting responses of SOC
sequestration for top- and subsoils, and 3) the role of long-term historical soil development in the current-day potential for

SOC sequestration.

4.1.1  Feedbacks between SOC protection and external drivers

Our simulations reveal a temporal shift in the dominant SOC protection mechanism over pedogenetic time scales (Figure 1).
Initially, aggregation, controlled by calcite content, is the dominant protection mechanism. As chemical weathering removes
calcite from the soil column, bonding with clay minerals becomes the dominant protection mechanism. Under wet
bioclimatic scenarios, calcite depletion happens much quicker, which shortens the period during which aggregation is the
dominant protection mechanism (Figure B1). During the agricultural period, liming followed by vertical redistribution
(plowing, bioturbation and solution/precipitation) of calcite restores aggregation as the dominant protection mechanism,
highlighting a strong control of soil management on SOC protection. Physical SOC protection through enhanced aggregation
by liming is recognized as a positive driver on SOC sequestration, but liming can also increase SOC mineralization by
increased biological activity (Paradelo et al., 2015). This process can potentially compensate for the increased SOC through
aggregation, but is currently not included in the model.

Soil erosion is widely recognized as a degrading process on a soil profile scale, as SOC removals outweigh SOC
sequestration rates (Van Oost and Six, 2023) and heavily eroded soils generally contain less SOC (Olson et al., 2016).
Surprisingly, SOC stocks under minor natural erosion (E1) were consistently higher than those under no erosion (EO, Figure
3). This result is due to feedbacks between erosion and the rate of calcite depletion. Under minor erosion, where soil loss by
erosion is similar to the decalcification rate, there remains sufficient calcite available in the soil profile to protect SOC
through aggregation during the entire simulation (Figure 1b). Similarly, Ranathunga et al. (2021) concluded in a modelling
study that minor erosion not necessarily results in loss of SOC. Experimental studies however are necessary to further

explore this feedback mechanism. Under increased agricultural erosion (E2 and E3), the erosion exceeds the soil’s capacity
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to accumulate and protect carbon, leading to carbon losses in these scenarios (Figure 3), agreeing with observations of lower
stocks in agriculturally eroded soils (Zhang et al., 2006).

The relative importance of protection mechanisms reported in this study are specific to our simulated synthetic soils. We did
not test effects of other drivers, such as parent material (e.g. Mao et al., 2020), on SOC dynamics, to limit the number of
simulations. However, key soil properties influenced by parent material, such as mineralogy, pH and texture, are
incorporated in SoilGen, and actively control SOC protection mechanisms (Table 1). Studies for different parent materials,
or other settings, could reveal other dominant processes and different feedbacks with external drivers for different settings.
The sensitivity of SoilGen to global change parameters enables this evaluation for a large range of soil types and
geographical settings (Minasny et al., 2015; Finke, 2024a).

412  SOC sequestration in top- and subsoils

It is widely recognized that topsoils and subsoils exhibit different dynamics, drivers and turnover times (e.g. Salomé et al.,
2010; Luo et al., 2019; Zhang et al., 2025). Our results mainly revealed large differences in SOC deficits and their recovery
times after agricultural use (Figure 4). Topsoil (0-25 cm) SOC deficits after a long period of agricultural use, and
sequestration following vegetation restoration (Figure 5), are widely observed in experimental studies (Nave et al., 2013;
Jiang et al., 2019; Huang et al., 2022). The subsoils in our simulations (25-100 cm) did not show these large deficits and
even showed a small increase in SOC stocks for the wet bioclimate scenarios (Figure 4a, Supplementary Figure B2). This
can be attributed to how the model sequesters carbon in soils under different vegetation types. Under natural forested
vegetation, organic carbon is mainly supplied as surface litter that takes time to be incorporated in the subsoil. In contrast,
agricultural crops supply more organic carbon directly into the subsoil through decaying roots, resulting in higher subsurface
SOC stocks in our simulations. These contrasting SOC differences in subsoils were also identified by Nave et al (2013), who
found no significant trend between time since afforestation and SOC stocks in soil layers deeper than 20 cm. These carbon
input distributions require calibration when applying the model to site-specific studies.

The SOC recovery times reported in Figure 4 show large differences between topsoils and subsoils, depending on the size of
their deficit or surplus. These recovery times are controlled by our estimated SOC inputs and turnover rates in the model,
which were loosely based on real-world settings (Appendix A). They can be used for comparison of SOC dynamics in
different parts of the soil profile in this study, but they do not directly represent actual recovery rates. Accurate estimates of
SOC sequestration or mineralization across the entire soil profile, and their potential responses to global change, require site-
specific, evidence-based model calibration (Keyvanshokouhi et al., 2016), while the explorative modelling performed in this

study can provide valuable information about soil system functioning and feedbacks (e.g. Temme et al., 2017).

4.1.3  Potential for SOC sequestration

The dominant effect of bioclimate on the SOC stocks in our simulations shows that SOC stocks are mostly controlled by
external controls (Table 3). The soils developed in our simulations under the dry bioclimate could be described as a
Chernozem/Phaeozem (IUSS Working Group WRB, 2022), while the soil developed under the wet bioclimate show
resemblance to Luvisols/Alisols in terms of their simulated depth distributions of calcite, base saturation and clay content
and SOC contents. A comparison between SOC stocks in the natural situation (simulation year 8000) to the new steady state
during continued intensive agriculture shows a decrease from 130 to 80 Mg ha™* (dry bioclimate) and from 90 to 50 Mg ha™*
(wet bioclimate), equivalent to respective losses of 39% and 44% compared to antecedent SOC pools (Figure 5). These
values fit well in the range of SOC loss due to agricultural conversion reported by Lal (2013; 25% and 75%) and by
Sanderman et al. (2017; 14-61%). The differing steady-state SOC stocks under identical agricultural management indicate a

continuing climatic control on the SOC stocks under agricultural use.
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Factors that can be influenced through management, such as erosion rate and land use, play a relatively smaller role in
controlling the SOC stocks, but do suggest SOC sequestration potential by changes in soil management. For example, the
linear regression model suggests that a change to natural vegetation could potentially sequester ~20 Mg/ha SOC to return to
natural SOC stocks (Table 3), in about 500 years depending on the bioclimate (Figure 4, Figure 5). This value is in line with
a compilation of studies who reported SOC sequestration of ~8 — ~65 Mg/ha in periods of 10 — 120 years due to afforestation
(Minasny et al., 2017). Reduction of agricultural erosion could sequester 20 — 50 Mg SOC/ha according to the linear model.
Studies reporting no till, which can serve as proxy of reduced erosion, report sequestration of 0 — ~12 Mg SOC/ha in 3 — 25
years (Minasny et al., 2017). The shorter observation time can indicate that there is still sequestration potential due to
reduction of erosion at these monitored sites, as the SOC stocks take time to recover and approach a new equilibrium.
Perhaps a more important control on SOC sequestration potential is the past trajectory of SOC stocks. Our results show that
environmental setting, soil development and erosion history play a large role in the current-day potential of SOC
sequestration in soils, not only through direct controls such as carbon removal by erosion or changing carbon inputs
following land-use change, but also indirectly by modifying soil properties that affect SOC dynamics. For example, the
higher SOC stocks under light erosion (Sect. 4.1.1) illustrate the role of calcite content in SOC dynamics. Thus, accurate
projections of SOC changes under future global change require not only better representation of the carbon pools in soils and
their environmental drivers (e.g. Abramoff et al., 2022; Bruni et al., 2022), but also a dynamic consideration of other soil
properties that actively control SOC dynamics (Gerke et al., 2022).

These model improvements will also assist the evaluation of active carbon sequestration, for example by enhanced
weathering through rock additions. Our simulations showed a limited effect of ground rock additions on additional
sequestration. This could be due to the amount added (2.5 kg m), the texture of the grinded rock which influences the
weathering rate, the formalism chosen for stabilisation in the model (e.g. the rate modifier was limited to 0.8), or simply
because there is limited potential in rock additions. Additional SOC sequestration mainly occurred under dry bioclimate
conditions (Figure 5). Under these conditions, prior leaching of carbonates and MOOHs was limited, which created the right
geochemical conditions for increased protection through aggregation by addition of calcite and through MOOH stabilization
by iron ions weathered from the goethite. Protection by increased active 2:1 clay content through addition or neoformation of
montmorillonite had a positive effect under both bioclimate conditions. These findings again highlight the need to account
for environmental conditions and pedogenetic history in evaluating SOC sequestration. Also here, evidence-based process

formulation and calibration are essential for accurate predictions, but experimental data on these processes is still scarce.

4.2  Roadmap towards digital twins of soils

The growing emphasis on long-term carbon storage in soils, for example through carbon farming initiatives (European
Commission, 2024), requires the development of monitoring and simulation tools that can assess and evaluate the magnitude
and permanence of carbon sequestration measures. Soil digital twins offer a promising framework for accurately
representing the current and future states of soils and their properties by dynamically linking monitoring data with process-
based simulations and long-term projections. A soil digital twin relies on the tight coupling between the physical soil system,
characterized and monitored through instrumentation and sampling, and a virtual counterpart, such as a model representation
capable of forward simulation (c.f. Bauer et al., 2021; Maimour et al., 2024). Models such as SoilGen can serve as basis for
virtual replicas of soil systems, but require the integration of dynamic data acquisition with dynamic modelling of target
target soil properties, such as SOC stocks, to function as full digital twins (Blair, 2021). These connections can be added in
different ways. Fuller et al. (2020) describe an evolution towards digital twins: (i) data connections between field
observations and computer models, largely in the form of manual operations (digital model); (ii) increased automation via
instrumentation and data assimilation (digital shadow); and (iii) fully automated data flows (digital twin), in which the (soil)

properties of interest are fully synchronized between field and model.
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Soils are complex, multi-property systems, shaped by numerous processes that operate on timescales from seconds to
millennia, which cannot all be covered by field monitoring. This makes a full synchronization across the full property
domain impossible. Moreover, complete soil models do not exist. As an example, SoilGen3.8.2, as one of the most extensive
soil models, was estimated to represent 65% of the processes that formed the soils occurring worldwide (Bockheim and
Gennadiyev, 2000; Finke, 2024, p. 23). Consequently, a true digital twin of a soil is out of reach. Still, some topical aspects
and processes of soil behaviour, such as the water cycle, plant growth and element cycles, might be twinned.

This “topical twinning” has been described and implemented for dynamic soil processes operating on daily to seasonal
timesteps, such as soil moisture dynamics, soil microbial processes or soil-plant interactions (Silva et al., 2023; Tsakiridis et
al., 2023; Parewai and Kdppen, 2025; Zeng et al., 2025), but attempts for twinning slower soil processes, such as the SOC
cycle, remain scarce. These slow soil processes cannot be directly monitored over relevant timescales and therefore require
simulations to capture long-term dynamics. Here, we define a roadmap towards such a topical digital twin of long-term soil
processes, consisting of three steps (Figure 6).

Step 1. Model and data preparation

The first step is to prepare the model and its input data for simulating the soil property of interest. This involves i)
reconstructing model inputs over the full timeline of interest, which often extends far beyond the period of monitoring, ii)
globally calibrating the model parameters using current-day soil properties or longer-term observations from long-term field
experiments (Lopez i Losada et al., 2025) or chronosequences studies (Sauer et al., 2009) to capture some temporal
dynamics, and iii) identifying, developing and testing mechanisms that represent the processes of interest within a
comprehensive soil model (c.f. Keyvanshokouhi et al., 2019). A functional sensitivity analysis can help identify these critical
processes and feedbacks, after which less influential processes can be pruned from the model. This phase ensures that the
model can accurately simulate soil development up to the point where the monitoring starts without any redundant
calculation steps, while considering the historical drivers of current-day soil processes.

Step 2. Model quality assessment

Using monitoring data of the area of interest, the model parameters can be further calibrated and model results can be
evaluated. To avoid bias, the success indicators that determine the quality of success need to be defined prior to step 1.
Depending on the quality of the assessment, either step 1 needs to be repeated to improve the model, or the process can
proceed to step 3.

Step 3. Model and data integration

Depending on the model quality assessment, additional soil parameters could be identified that need to be included in the soil
monitoring. These parameters can represent additional soil processes that are relevant for the topical digital twin, parameters
that can help in the calibration of the models (Van de Broek et al., 2025), or they can be parameters that represent easily
monitored properties that are proxies or representations of the soil property of interest (e.g. Viscarra Rossel et al., 2016).
Then, the model needs to be adapted in order to allow synchronization with monitored parameters. This results in a topical
digital twin, which is continuously updated with monitoring data, while also enabling forward predictions starting at the

current day, informed by all available information on antecedent soil conditions.
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Figure 6: Roadmap towards topical digital twins for selected soil processes and properties.

In this paper, we focused on step 1 of the roadmap. The current process formalisms of the protection mechanisms are

currently based on simple relations and first academic insights (Sect. 2.1.3). Their implementation can be improved through

calibration when new monitoring data or process knowledge becomes available, as illustrated for other processes in SoilGen

(Finke, 2024a). Even once a topical digital twin is operational, process formalisms may still need to be updated in response

to new data, process insights, or changing requirements of the digital twin.

5

Conclusions

We used the soil evolution model SoilGen in a synthetic modelling study to evaluate effects of environmental drivers and

four internal protection mechanisms on long-term SOC dynamics in loess soils, by systematically varying bioclimatic

setting, land use scenarios and erosion levels. We found the following process insights:

1.

The four protection mechanisms showed different effects, which varied over the course of the simulations: clay
mineralogy and microporosity led to an overall 11-12% increase in SOC, while aggregation has a high initial effect
(+20%), which reduced over time following decalcification, leaching of exchangeable bases and liming (+8%).
Protection by MOOHs appeared to be minimal due to the low concentrations in solution and perhaps the chosen
formalism.

In a categorical linear regression of internal and external controls on SOC stocks, decreasing effects of internal and
external drivers were found in the following decreasing order: bioclimate > protection mechanism > erosion rate > land
use > time.

Feedbacks with erosion revealed that minor natural erosion (0.05 mm a?) enhanced SOC stocks through shallower
decalcification and consequently more SOC protection through aggregation. Increased agricultural erosion (0.5 and 5
mm a?) strongly reduced SOC stocks, especially in topsoils (< 25 cm). Subsoils revealed smaller deficits, but also
recovered much slower back to their natural reference states. Surprisingly, the agricultural land use initially increased

subsoil SOC stocks in wet climates with forest vegetation, due to larger SOC inputs from crop roots.
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4. Ground rock additions to enhance SOC sequestration had limited effects, mainly for slight SOC increases from goethite,
montmorillonite and a small temporary effect of calcite, which was mainly apparent under dry bioclimate conditions.
Although the model parameters require evidence-based parametrization for accurate simulations, our results already reveal
insightful SOC-soil process feedbacks and the importance of pedogenetic history in determining SOC sequestration
potential. Complex models such as SoilGen have large added values for evaluating and monitoring SOC dynamics, because
(i) SoilGen is sensitive to global change drivers which helps to identify the controlling drivers and their relative importance,
(i) we can address the long-term storage of SOC and project future recovery after land use interventions, and (iii) the model

is updatable when new academic insights or data arise.

While full digital twins of soils remain unrealistic due to the complexity of soil systems, models such as SoilGen can form
the basis of a “topical digital twin”, aimed at a specific soil process or property. We present a roadmap towards such topical
digital twins, starting from a comprehensive soil model that is subjected to sensitivity analysis, pruning and calibration,
before it can be dynamically linked with soil monitoring data for accurate predictions of soil property dynamics under global
change.
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Appendix A: SOC submodel of SoilGen

The soil organic carbon cycle of SoilGen is modelled following the concepts of the RothC 26.3 model (Jenkinson and
Coleman, 1994) with some adaptations. This Appendix describes how the organic inputs are determined, how the SOC cycle

redistributes organic carbon over the different pools and how SOC decay is affected by different modifiers and tillage.

Al. Organic inputs

The partitioning of dead organic materials (litter) is visualized in Figure Al. The annual Net Primary Production (NPP),
calculated using Sallaba et al. (2015), is reduced for losses such as yield index and for lower yield levels during the period of

extensive agriculture. The resulting NPP ¢4 enters the soil as organic input (Figure A2).

January 0.48 —S
February 0.86
April 1.54 _::
May 2,66
Reduce for lossas
Annual (harvest, N June 1.62
NPP vegetation e
July 421
growth) ld Organic inputs
August 7.65 1 (NPPred)
September 10.80 T N Ectorganic
v » (leaf litter)
October 29.82
> o Endorganic
November 34.56 _{ v g (root litter)
December 4.59 _{_"

Figure Al: Litter inputs (NPPrd) derived from annual Net Primary Production (NPP), reduced for losses and downscaled to
monthly litter production. The values (user input) are monthly percentages (here: for deciduous forest).

Table Al gives the NPP.q for each one of the vegetation types and the percentages that enter as leaf litter (ectorganic) and
root litter (endorganic). Surface crop residues are considered leaf litter. Ectorganic SOC is vertically redistributed by
bioturbation, transporting it deeper into the soil. Root litter is vertically distributed according to the root density function,
which is static for natural vegetations and dynamic for agricultural crops.

Table Al: Litter inputs in this study. NPPreg=Net Primary production corrected for yield and growth. i=layer number from top
downwards, d=layer thickness.

Vegetation NPP,eq Ectorganic Endorganic Root density function
(Mg C ha'! a™h) (%) (%)

Deciduous forest 5.1 85 15 €xp(=0.004x(i~0.5)«d)

Grassland 5.2 58 42 30 exp(~0.004+(i~05)+d)

Static, 20 layers (rooted depth 100 cm)

Agriculture (extensive) | 3.78 40 60
Agriculture (intensive) | 2.43 (wet climate) 40 60
2.48 (dry climate)

Dynamic growth function
(maximum rooted depth 60 cm)

A2. Soil organic carbon cycle

The SOC cycle is simulated using five different organic matter pools (DPM, RPM, BIO, HUM and CO2) and the amount of
organic inputs (NPPrg) in each soil layer (Figure A2). IOM is considered to be absent. Every pool has its own decay rate
constant (R1 — R4, Table A2). The decomposed organic carbon is distributed over subsequent pools and lost as CO, gas
following distribution functions D1 — D3.

Both the ectorganic and endorganic parts of the organic inputs are divided into a resistant and a decomposable fraction
according to a vegetation-dependent ratio (D1). Both fractions decompose into biomass, humus and CO, with rate constants
R1 and R2. Resulting biomass and humus pools further decay with rate constants R3 and R4. All decay rate constants are

modified by soil temperature, soil moisture deficit, soil cover fraction, a protection factor and the time increment (c.f. Eq. 1):
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lossy = Y(1 — e~abeaRat) (Eq. Al)
Where lossy is the loss during dt from pool Y, with default rate R and rate modifiers a for temperature, b for topsoil moisture
deficit, ¢ for crop cover and d for geochemical composition. All rate constants and distribution factors are the same for each
layer, but as inputs and rate constant modifiers may vary vertically due to soil properties, actual SOC dynamics will also
vary vertically.

Table A2: Process parameters for the carbon cycle. Abbreviations refer to Figure A2.

Decay rate constant Value (a!) Distribution factors Value (-)
R1 (DPM-decay) 10 D1 (DPM/RPM ratio)
Agriculture 1.44
Grassland 0.67
Deciduous forest 0.25
R2 (RPM-decay) 0.35 D2 (CO2/[BIO+HUM] ratio) 1.67
R3 (BIO-decay) 0.66 D3 (BIO/HUM ratio) 46/54
R4 (HUM-decay) 0.008

Decomposable v
Plant Material : ebc.
(oPM)
Organic inputs
(NPPred) v
—» etc.
Resistant A
Plant Material
(RPM)
v
» etc.
A
=4
» etc,
A

Figure A2: Organic carbon pools (boxes) and conversions pathways (blue arrows) in SoilGen, based on RothC26.3 but applied on
every layer of the simulated soil. D1, D2 and D3 are distribution functions to subsequent pools, R1, R2, R3 and R4 are pool-
specific decay rate constants. “etc.” indicates continued conversion, re-starting at D2 with updated pools.

A3. Decay rate constant modifiers
The modifier a for temperature is calculated following Eq. A2:

— 479
a= /(1 + e106/(T;+18.3)) (Eq. A2)

Where Ti is the average temperature (°C) during dt (of 1 day) in layer i. The constants correct for temperature differences to
the Rothamsted site and are taken from RothC26.3.

The modifier b for topsoil moisture deficit is calculated slightly different from that in RothC26.3, following Eq. A3:

b=1 if TSMDyee < 0.444 TSMDppg,
TSDMpay; — TSDMoee,;

TSDMpqx.; — 0.444 TSD My ;

b=02+08 (Eq. A3)

if TSMDyee = 0.444 TSMDppg,
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Where TSDMmaxi and TSDMacc,i are maximal c.q. accumulated topsoil moisture deficit for each soil layer i in the rooted
zone (Eq. A4):

(20 + 1.3 clay; — 0.01 clay;?)

Eq. A4
3 (Eq. A4)

TSDM,pqy; = —0.1 0z

Where i is the layer number, 0z is the layer thickness (cm) and clay; is the clay content (%) in i. TSDMxcc is calculated for the
full rooted profile in any month using precipitation deficits of that month accumulated with deficits of previous months.
TSDMac is then vertically downscaled over the layers using the simulated air-filled pore volume as a (dynamic) indicator of
drought. This differs from RothC26.3 in order to accommodate a layered profile and mimics the root water extraction
pattern.

The modifier ¢ for crop cover was added, because SOC decomposition has been found to be faster in fallow soil compared to
cropped soil. It is calculated as in RothC26.3, using the simulated crop cover cc as input (Eg. A5):

c=06 ifcc>0
c=1 ifcc=0

The simulated crop cover in SoilGen depends on vegetation type and, for agricultural crops, the day in the growing season.

(Eq. AS)

For agricultural crops (assumedly barley), the crop cover increases from 0 at germination date to 100% at crop maturity via
an exponential function, and is reset to O at harvest (Eq. A6):

100%
(1 + eﬁ—lz(t_fe)/(fmc_fe)

(Eq. A6)

where t=Julian day, te=emergence day (March 1), tnc=maturity day (maximal crop cover) (Mayl ). Natural vegetations are
assumed to have a constant crop cover of 100%.

The modifier d quantifies chemical and physical protection against decomposers. This modifier is described in detail in
section 2.1.3, and its dependence on soil properties are visualized in Fig. A3. Note that a value for d of 1 indicates “no
chemical and physical protection”. A decreasing value indicates slower decomposition and thus more protection.

Note that all decay rate constants are the same for each soil layer, but their modifiers may vary due to dynamic soil
properties that also vary by depth. All rate modifiers described above impact all pools (DPM, RPM, BIO and HUM) equally
and thus affect R1 — R4 (Figure A2).

AA4. Effects of agricultural practices

Considered agricultural practices are tillage (depth and intensity), fertilization (ions Ca?*, Mg?*, Na*, K*, Cl-, SO4?, HCO3"
and CO3?%, thus including liming) and application of ground rock (maximally 19 minerals).

Tillage affects SOC decomposition as follows: by mixing, per plowed compartment texture and OC will change, affecting
the h-0-K relations and the bulk density. This will influence heat flow and water flow, impacting the temperature (a) and
moisture deficit (b) modifiers (Eg. B1). Additionally, the geochemical modifiers may respond to mixing (e.g. via
redistribution of calcite and ground rock, or by affecting texture, pore size distribution and clay mineralogy). The depth of
tillage determines the vertical extension of the above adaptations by mixing. The intensity of the mixing determines the rate
of homogenization. Tillage depth is higher in the intensive-agriculture period.

The effect of tillage or its absence on the disruption of aggregates is currently not a factor in SoilGen. Limited or no tillage
can be simulated by limiting tillage depth and mixing intensity. No-till will in SoilGen lead to the formation of an ectorganic
layer which will affect water and heat transport and impacting the temperature and moisture deficit modifiers a and b.
However, there not yet comparisons between simulated no-till and field data.

Fertilization (e.g. liming) and addition of ground rock, and subsequent incorporation by tillage will also affect the

geochemical modifier.
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The effects of erosion and sedimentation due to (or independent from) agricultural activities leads to the removal or addition

of compartments on top of the soil, which also removes or buries ectorganic material.
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Figure A3: SOC decay rate modifiers for (a) clay mineralogy, (b) metal oxyhydroxides (MOOHSs), (c) aggregation and (d) porosity
as influenced by soil variables. Rate modifiers vary between 0.8 (protection) to 1 (no protection).

A5. Model calibration and verification

The SOC module was calibrated for various soils worldwide. In two case studies for humid tropical soils (Anindita et al.,
2023) and semi-arid steppe soils (Finke et al., 2019), decay rate constants R1 — R4 were calibrated using measured pools of
DPM, RPM, BIO and HUM. In two other case studies for semi-arid loess soils in China (Ranathunga et al., 2022) and humid
loess soils in Belgium (Yu et al., 2013), the total SOC was used to calibrate R1 — R4 in a cross-validation approach. In the
current study, values for the decay rate constants R1 — R4 and distribution factors D1 — D3 were averaged from these point
calibration studies (Table A2). Several independent (i.e. without calibration) accuracy assessments were performed along a
chronosequence of marine clays (Sauer et al., 2012), for various European soils (Opolot et al., 2015), specifically for French
loess soils (Keyvanshokouhi et al., 2016) and for Belgian coversand soils (Zwertvaegher et al., 2013). Ranathunga et al.

(2021) evaluated the development of SOC-pools over millennia under various levels of erosion with SoilGen.
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Appendix B: Additional Figures
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610 Figure B1: Simulated SOC stock dynamics for different protection mechanisms (rows), erosion scenarios (columns), bioclimates
(colours) and anthropogenic effects (line types). The thin lines visualize the raw model output, while the bold lines show the SOC
stocks that are smoothed using a moving average. The dotted bold line depicts continued natural evolution.
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Figure B2: Simulated SOC stock dynamics under different erosion scenarios (columns) separated for the entire soil profile, topsoil
(< 25 cm) and subsoil (25-100 cm, rows), for both bioclimate scenarios (colours) and anthropogenic effects (line types). The
simulations are based on all protection mechanisms combined (x). Note the different ranges on the Y axis. The thin lines visualize
the raw model output, while the bold lines show the SOC stocks that are smoothed using a moving average. The dotted bold line
depicts continued natural evolution.
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