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A B S T R A C T

Model predictions are essential to understand how climate and land management affect soil organic carbon 
(SOC) stocks and greenhouse gases (GHGs). However, large uncertainties remain, and multi-model ensembles are 
a key approach to account for the uncertainty associated with model structure.

We present me4soc (Multi-model Ensemble interface for Soil Organic Carbon predictions), an open-source web 
application designed to simulate SOC stocks and GHG fluxes at mineral-soil forest sites under varying climate, 
land-use, and management scenarios. The platform runs six SOC models, using either user-supplied observations 
or preprocessed open-access European datasets. Simulations incorporate projections from Earth System Models 
to account for future climate and land-use trajectories. Developed in Shiny (R), me4soc simulates the temporal 
dynamics of site-level SOC stocks and GHG emissions and allows to quantify the uncertainty linked to model 
structure. It is intended for researchers and forest managers to support decision-making by examining how 
climate-smart management can affect forest soils through changes in plant litter inputs.

1. Introduction

Soil is the largest carbon (C) pool among terrestrial ecosystems and 
stores more C than vegetation and atmosphere combined (Lal, 2008; 
Jackson et al., 2017; Friedlingstein et al., 2025). However, the global 
distribution of soil organic carbon (SOC) stocks is strongly influenced by 
land-use, with forests accounting for approximately 75% of global SOC 
stocks in the top 2 meters of soil – including forests in permafrost and 
peatland regions (Jackson et al., 2017) – making forests a key compo
nent of the global C cycle.

Forest health is increasingly threatened by human activities and 
climate change, with associated risks of SOC losses and increased 
greenhouse gas (GHG) emissions. The conversion of forests to other 
land-uses is one of the principal causes of human-induced SOC depletion 
(Lal, 2004). Climate-driven disturbances such as droughts, insect 

outbreaks, and wildfires, as well as intensive human interventions for 
harvesting, like clear-cutting and the removal of harvest residues, can 
also significantly reduce SOC stocks (Mäkipää et al., 2023). In contrast, 
climate-smart forest management practices have the potential to 
enhance forest SOC storage, reduce GHG emissions, increase forest 
resilience, and secure wood production (Pan et al., 2024). Hence, a 
comprehensive understanding of the effect of climate, land-use and 
forest management is essential for developing sustainable mitigation 
approaches.

SOC models (e.g., Manzoni et al., 2012; Le Noë et al., 2023) are 
needed to predict the effect of land-use and forest management on SOC 
stocks and GHG emissions under current and future climate. However, 
model predictions are still highly uncertain. For example, Todd-Brown 
et al. (2013) reported large variations in SOC simulations among 
Earth System Models from the fifth Coupled Model Intercomparison 
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Project (CMIP5), and virtually no improvements were observed in the 
last CMIP6 simulations (Varney et al., 2022). One way to assess uncer
tainty in model predictions is to use multi-model ensembles to account 
for different model structures and mechanistic assumptions (Sierra et al., 
2012; Riggers et al., 2019; Farina et al., 2021; Bruni et al., 2022). This 
approach is used, for instance, in the climate projections of the Inter
governmental Panel on Climate Change (IPCC) (Pachauri et al., 2015). 
Assessing uncertainty in SOC model predictions is particularly impor
tant since they are used to inform policy makers and forest managers on 
the best land management practices for climate change mitigation. 
However, the use of SOC models – and especially multi-model ensembles 
– requires a number of technical resources and data that are not always 
available to these stakeholders. Hence, efforts to develop robust yet 
user-friendly tools for decision support is a critical step to improve forest 
management and predictions. This need is further amplified by the rise 
of voluntary carbon markets for climate change mitigation, where reli
able and user-friendly tools are crucial for monitoring SOC changes and 
supporting credible C removals (Smith et al., 2020). Despite their 
importance, tools that can make ensemble modeling accessible to 
non-experts—such as forest managers and policy makers—are lacking.

Here, we present me4soc, a Multi-model Ensemble interface for Soil 
Organic Carbon predictions (Fig. 1). Me4soc is an easy-to-use open-source 
web application that allows users to run an ensemble of six SOC models 
under different climate, land-use and land management change sce
narios (Fig. 2). SOC models include both process-based models (Century, 
Parton et al., 1988; Roth-C, Coleman and Jenkinson, 1996; ICBM, 
Andrén and Kätterer, 1997; Yasso07, Tuomi et al., 2009; and Yasso20, 
Viskari et al., 2022) and empirical models (SG, Hashimoto et al., 2011). 
Forcing data can be input by the user or, when not available, for the 
European region data is directly extracted from large scale open-source 
datasets. This allows end users to predict the evolution of SOC stocks and 
GHG emissions even when all the data is not available. Me4soc enables 
stakeholders to explore the impacts of management decisions on SOC 
trends under different climate change scenarios. In particular, this tool 
supports forest managers and policy makers in optimizing forest man
agement practices - such as thinning intensity, rotation length, and use 

of harvest residues - to reduce SOC losses in forest soils. It can support 
applications including forest planning, carbon credit reporting, GHG 
emission inventorying, and the design of effective mitigation strategies – 
provided prior validation against local conditions is performed (IPCC, 
2019). To our knowledge, me4soc is the first tool to provide 
site-specific, scenario-based SOC ensemble projections via an intuitive 
and open-source web interface. With me4soc, we aim to bridge the gap 
between advanced SOC modeling and decision-making needs, promot
ing evidence-based forest management in a changing climate.

2. Environment description

2.1. Software environment

The web application me4soc was developed using the Shiny frame
work (R Core Team, 2022) and is publicly available via a server hosted at 
the École Normale Supérieure de Paris (http://me4soc.geologie.ens.fr/). 
It includes a demo version that runs fast but contains data for a limited 
number of sites, and a full version (me4soc v1), which includes data for 
the entire European region and therefore requires large memory 
resources.

2.2. Interface

The interface has a clear and user-friendly structure with a sidebar 
menu including different sections: “Description”, “Data”, “Outputs”, and 
“About” (Fig. 1). In particular, the “Description” panel presents the 
project objectives, the datasets processed for data extraction, the models 
used for the simulations, and the climate, land-use and land manage
ment change scenarios implemented. The “Data” panel allows the user 
to input the data for model simulations or, by selecting the geographical 
coordinates of the site of interest, extract the data from open-source 
databases that were pre-processed and pre-stored in the server. The 
“Outputs” panel generates plots for the visualization of the data input, 
and allows the user to run the models to simulate SOC stocks and GHG 
emissions at the selected site. Finally, the “About” panel includes a 

Fig. 1. Screenshot of the webapp interface. On the left, the sidebar menu and on the right the data input landing page.
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tutorial, the documentation of the web application, the GitHub link to 
the web application code, the license, and various bibliographic 
references.

3. Models

The multi-model ensemble includes five SOC models (Fig. 3) and one 
empirical model allowing for the estimation of GHG fluxes (CO2, N2O, 
and CH4).

3.1. Simulation of SOC stocks

The SOC models represent SOC with a conventional multi- 
compartmental structure that can be summarized with the following 
matrix equation: 

dC(t)
dt

= I(t) − ξ(t)⋅A⋅K⋅C(t), C(t= 0) = C0, (1) 

Where C(t) is a nx1 element vector describing the soil organic carbon 

Fig. 2. Schematization of the me4soc web application environment, including input data, input scenarios, processed data, and output data. Data input sources are 
either user-based or extracted from open-source databases. Input scenarios include land management (disturbance denoting natural disturbances and forest man
agement, and control being the business-as-usual scenario), climate scenarios are based on RCP 2.6 and RCP 6.0, and land-use is either fixed to year 2005, or varying 
according to SSP2. Data is processed for visualization and to launch the multi-model ensemble that includes Century, Roth-C, ICBM, Yasso07, Yasso20, and SG, which 
simulate SOC (all models except SG), CO2 (all models), CH4 (SG) and N2O (SG).

Fig. 3. Schematization of the SOC models used in the ensemble. Each box represents a SOC compartment where the C is transferred (black arrows), or respired to the 
atmosphere (red arrows). DPM, RPM, BIO, HUM, and IOM represent the decomposable plant material, resistant plant material, microbial biomass, humified organic 
matter, and inert organic matter pools of the Roth-C model, respectively. A, W, E, N, and H represent the acid hydrolysable, water soluble, ethanol soluble, neither 
soluble nor hydrolysable, and humus compound fractions of the Yasso07 and Yasso20 models, respectively. AM, BM, AS, BS represent the aboveground metabolic, 
belowground metabolic, aboveground structural, and belowground structural pools of the Century model, respectively.
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stock in the n model compartments as a function of time (t) and dC(t)/dt 
its derivative over time; I(t) is a nx1 element vector representing the 
amount of C input to the soil compartments; ξ(t) is a scalar-valued 
function representing the effect of the pedo-climatic conditions on the 
decomposition of SOC; A is a nxn matrix describing the mass flow be
tween compartments, with each element ai,j representing the flow of 
SOC from compartment j to compartment i (with i,j = 1,…, n); K is a nxn 
diagonal matrix containing the decomposition rate coefficients of the n 
compartments; and C0 is a nx1 vector representing the level of SOC in 
each compartment at the beginning of the simulations (i.e., when t = 0).

3.2. Simulation of CO2 fluxes

The CO2 fluxes can be calculated from the SOC models as, 

r = R⋅C(t), (2) 

with r being the instantaneous release of C for all n compartments, and R 
being a nxn diagonal matrix having the release coefficients rj calculated 
from matrix A as: rj = 1 −

∑n
i=1

(
ai,j

)
.

3.3. Models in the ensemble

We used five SOC models, all based on the linear non-autonomous 
formulation of SOC pool decomposition described in Eq. (1), but 
differing in structural complexity. In particular, these models differed by 
the number of compartments (n), the transfer rates between compart
ments (A), the environmental scalar functions (ξ(t)), and the decom
position rate coefficients (K). The models included were: ICBM (Andrén 
and Kätterer, 1997), Roth-C (Coleman and Jenkinson, 1996), Yasso07 
(Tuomi et al., 2009), Yasso20 (Viskari et al., 2022), and Century (Parton 
et al., 1988). Yasso07 and Yasso20 share the same model structure; 
however, a key distinction is that Yasso20 incorporates pool-specific 
environmental scalar functions. Model structures are schematized in 
Fig. 3 and specific information on each model can be found in their 
reference paper and in the SoilR package documentation (Sierra et al., 
2012). These models were chosen to balance (i) conceptual diversity 
in SOC representations, ranging from simple two-pool model formula
tions to more process-based and litter-quality-driven approaches, (ii) 
demonstrated applicability to predict forest SOC stocks across multiple 
regions (Garsia et al., 2023), and (iii) compatibility with user-driven 
simulations in terms of both computational efficiency and input data 
requirements.

3.4. Model resolution

The models were solved numerically using the ‘lsoda’ integrator 
from the R package ‘deSolve’, a solver for ordinary differential equations 
(ODEs) already implemented in SoilR (Sierra et al., 2012). ‘lsoda’ uses 
an adaptive time-stepping scheme, where internal steps are automati
cally adjusted to satisfy absolute and relative error tolerances (set to 
10− 6), to ensure numerical accuracy. Each model has an intrinsic tem
poral resolution determined by the units of its processes (e.g., annual 
decomposition rates). However, to ensure the output captured these 
dynamics with high precision, the solution was recorded at a finer fre
quency (1/365 year). The ODEs were solved for the specified simulation 
length with input data provided by the user.

Solving the ODEs requires specifying the initial conditions of the 
system (C0). Since the partitioning of C among the conceptual soil 
compartments cannot be directly measured, we estimated the initial 
pool sizes by simulating pre-experimental conditions. Models were run 
for 5000 years under constant C inputs (I) and climate forcing (ξ), until 
all compartments reached steady-state. Operationally, steady-state was 
defined as when the relative change in each SOC pool between time 
steps was lower than 0.1% for at least 10 consecutive years. Climate 
forcing was set to the 15-year mean preceding the start of the experi

ment. We rescaled the simulated steady-state SOC to match the total 
measured SOC at the beginning of the experiment, preserving the rela
tive proportions of C among pools (Hashimoto et al., 2011; Dimassi 
et al., 2018). The rescaled stocks were used as initial conditions for 
the simulations.

3.5. Simulation of other GHG fluxes

In addition to the CO2 fluxes, CH4 uptake and N2O fluxes are also 
estimated using the SG models (Hashimoto et al., 2011). These are 
simple empirical models that estimate GHG fluxes using data on soil 
physiochemical properties (SP), water-filled pore space (WFPS), and soil 
temperature (T) in the 0-5 cm soil layer: 

GHG = f(SP) g(WFPS) h(T) (3) 

Where GHG is either CO2, CH4, or N2O flux; f(SP) is the function of 
physiochemical properties, g(WFPS) is the function of water-filled pore 
space, and h(T) is the function of soil temperature.

The f(SP) function has the same exponential shape for all gases 
(f(SP) = m1 em2 SP), but the SP variable changes according to the gas (i. 
e., SP is the C:N ratio for CO2 and N2O, while SP is the bulk density for 
CH4) The m1 and m2 absolute values are the same for all gases, but m2 
has a negative sign for both CH4 and N2O, indicating a decrease in the 
gas flux with increasing bulk density and C:N, respectively. For all gas 
fluxes, g(WFPS) has a convex shape and is computed as: g(WFPS) =

[(WFPS − a) /(b − a)]d[(WFPS − c) /(b − c)]− d((b− c)/(b− a)), with a, b, c,
and d the parameters. In the absence of measured WFPS, volumetric 
water content (θ) and bulk density (BD) can be used to estimate it, as: 
WFPS = θ/(1 − (BD /2.65). Finally, h(T) also has an exponential form 
and is the same for all gases (h(T) = epT, with p the parameter). All 
parameters were empirically determined with Bayesian calibration on 
36 Japanese forested sites under various pedo-climatic conditions 
(Hashimoto et al., 2011), and these are used as default values in me4soc. 
The model has already been successfully implemented at the global scale 
(Hashimoto, 2012) and is currently integrated into the biogeochemical 
model Biome-BGC MUSO (Hidy et al., 2016). While the original cali
bration was performed on Japanese forest ecosystems, its application to 
European sites assumes a degree of process generality across temperate 
systems; this may introduce regional biases, which are acknowledged as 
a limitation of the present study.

4. Data

The data required to run the models can either be uploaded by the 
user or, if not available, automatically provided by the webapp using 
pre-processed data from open-source datasets (Table 1). This automatic 
option is currently available only for Europe. The following sections 
describe the data input requirements, the data sources used for the 
automatic option in Europe, and the procedures applied to derive the 
variables from the open-source databases.

Table 1 
References and sources of the online open-source repositories used to extract the 
required data to launch the models.

Short- 
name

Reference Variables Resolution

ISIMIP (Frieler et al., 2017; Reyer 
et al., 2019)

Climate, Net 
primary production, 
Biomass

0.5◦

TRY (Kattge et al., 2020) Litter quality Global
LUCAS (De Brogniez et al., 2015; 

Ballabio et al., 2016, 2019; 
Yigini and Panagos, 2016)

Soil 500 m (1000 m 
for SOC stock)

GML (Lan et al., 2022) Atmospheric CH4 Global
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4.1. Data input requirements

The different models require a wide range of input data (Table A1) to 
simulate the evolution of SOC stocks and GHG fluxes over time. These 
data include information on the simulation set-up (e.g., initial date and 
length of the simulation), site-specific pedo-climatic conditions, litter 
inputs, and land management practices. In particular, soil data include 
texture, soil C and nitrogen (N) content, bulk density, and layer depth. 
Litter input data cover the dominant tree species, amounts of above
ground and belowground C inputs over the simulation period, the 
chemical quality of the litter input, and the size of woody debris. Climate 
data consist of daily air temperature, precipitation, volumetric soil 
water content, and monthly potential evapotranspiration during the 
simulation period. In addition, average climate conditions over the de
cades preceding the simulations are needed to initialize the models. 
Atmospheric data include the concentration of CH4 at the start of the 
simulations, which is required to run the SG models. Land management 
data comprise the year of the disturbance event (e.g., thinning, clear- 
cutting, or disease outbreaks), as well as aboveground and below
ground tree biomass before the disturbance, tree mortality rate and 
harvest rate of the dead aboveground biomass. The web application 
provides definitions for all variables, and instructions for their prepa
ration. Additional information for the user is available in the docu
mentation that can be downloaded from the website. Data input 
requirements are also listed in Table A1.

4.2. Open-source data

When the geographic coordinates of the site are selected, the tool 
automatically extracts soil, litter and climate data from pre-processed 
regional and global databases (Table 1). That is, the Inter-Sectoral 
Impact Model Intercomparison Project (ISIMIP) database, protocol 2b 
(Frieler et al., 2017) for climate and litter C input data, the European 
LUCAS database (De Brogniez et al., 2015; Ballabio et al., 2016, 2019; 
Yigini and Panagos, 2016) for soil measurements and derived products 
(0-20 cm depth), the Plant Trait (TRY) database (Kattge et al., 2020) and 
Yasso manual (Liski et al., 2009) for species-specific litter chemical 
properties, and the Global Monitoring Laboratory (GML) database for 
mean annual global marine atmospheric CH4 concentration (Lan et al., 
2022). This feature allows the models to be run over European sites 
even if all the required data is not available. However, measured site 
data should always be prioritized, when possible. Table A1 details the 
data sources of each variable for this automatic option, indicating 
whether values were directly extracted or estimated.

5. Scenarios

We implemented different climate, land-use and land management 
change scenarios in order to simulate their effect on the SOC stocks and 
GHG emissions with the multi-model ensemble.

5.1. Climate change scenarios

Climate change scenarios were built from the representative con
centration pathways (RCPs) described in the Fifth Assessment Report 
(AR5) of the Intergovernmental Panel on Climate Change (IPCC) 
(Pachauri et al., 2015). In particular, we focused on RCP 2.6 and RCP 
6.0, which predict an average global land temperature increase of 1 ◦C 
and 2.2 ◦C during the period 2081-2100, compared to mean tempera
tures in 1986-2005, respectively. To achieve this, we forced the SOC 
models with climate and litter C input data (Table 2) derived from ISI
MIP model simulations under the two RCP scenarios (Frieler et al., 2017) 
for the period 2020-2099. For model spin-up, average climate data be
tween 2006 and 2020 was used. Daily precipitation and temperature 
were derived from simulations of two climate models (i.e., ipsl-cm5a-lr 
and miroc5, Table 2), which were then averaged to obtain the 

multi-model mean daily precipitation and temperature. A simple mean 
was taken because ISIMIP climate inputs were already bias-adjusted 
using observed data. Monthly potential evapotranspiration and daily 
soil moisture were derived from simulations of the same two climate 
models, coupled with the land-surface model ORCHIDEE (Krinner et al., 
2005), and similarly averaged to obtain the multi-model mean (Table 2). 
Hence, the climate forcing variables used in the web application are 
multi-model averages of global model simulations. The models from 
which the simulated data was extracted are listed in Table 2 for each 
forcing variable. After extraction, daily data was converted to a monthly 
timescale to reduce the data size of the web application.

5.2. Land-use change scenarios

The land-use change scenarios are derived from the shared socio- 
economic pathways (SSPs) defined in the IPCC Sixth Assessment 
Report (AR6) (Masson-Delmotte et al., 2021). In particular, we focused 
on the SSP2, which contemplates social, economic and technological 
trends that do not shift markedly from historical patterns. To achieve 
this, we forced the models with vegetation biomass data produced by the 
ISIMIP vegetation models between 2006 and 2099, under 1) a fixed 
year-2005 land-use, nitrogen deposition and fertilizer input scenario (i. 
e., 2005soc in Frieler et al., 2017), and 2) a varying land-use, water 
abstraction, nitrogen deposition and fertilizer input scenario according 
to SSP2 (i.e., rcpsoc in Frieler et al., 2017). The annual net primary 
production (NPP) and the total aboveground tree biomass were derived 
from simulations of two climate models (i.e., ipsl-cm5a-lr and miroc5) 
coupled with two land-surface models (i.e., dlem and lpj-guess, Table 2), 
and averaged (Table 2). These land-surface models were selected 
because they included the necessary vegetation variables, defined 
independently of plant functional type to reduce storage requirements. 
The annual NPP variable was used to estimate the aboveground and 
belowground C input, while total aboveground vegetation biomass was 
used to estimate the increase in C input during a mortality event (see 
subsection 5.3). We selected the period 2006-2020 of RCP 2.6 with fixed 
year-2005 land-use for SOC model spin-up, and the period 2020-2099 
for forward runs with the different climate and land-use change 
scenarios.

5.3. Land management change scenarios

The land management change scenario considers a user-defined 
natural or harvest disturbance event such as cutting, thinning, or tree 
disease, after which some of the vegetation dies and is partly removed 
from the soil. The assumptions made to estimate the C input to the soil 
during the disturbance event and for the rest of the years of the simu
lation are schematized in Fig. 4, and detailed below.

Table 2 
Models of the ISIMIP repository used to estimate the multi-model average 
climate and vegetation forcing. The units and time frequency refer to the values 
extracted from the ISIMIP repository.

Variable Unit Climate model Vegetation 
model

Daily mean precipitation kg m-2 s- 

1
ipsl-cm5a-lr, 
miroc5

​

Daily mean air temperature ◦K ipsl-cm5a-lr, 
miroc5

​

Monthly mean potential 
evapotranspiration

kg m-2 s- 

1
ipsl-cm5a-lr, 
miroc5

orchidee

Monthly mean soil moisture (top 
18 cm)

kg m-2 ipsl-cm5a-lr, 
miroc5

orchidee

Annual mean net primary 
production

kg C m-2 

s-1
ipsl-cm5a-lr, 
miroc5

dlem, lpj-guess

Total aboveground vegetation 
biomass

kg C m-2 ipsl-cm5a-lr, 
miroc5

dlem, lpj-guess
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5.3.1. Control scenario
The annual aboveground and belowground C input to the soil is 

either input by the user or calculated from NPP, derived from ISIMIP 
simulations, protocol 2b (Frieler et al., 2017). Note that NPP from ISI
MIP simulations represents total NPP under natural conditions and does 
not necessarily capture specific plant functional types. Following Malhi 
et al. (2011), aboveground litter C input 

(
MgC ha− 1yr− 1) is estimated 

from NPP (Neumann et al., 2018) as: 

AGcontrol = NPP × 0.34, (4) 

where the NPP variable was converted from ISIMIP outputs to 
MgC ha− 1yr− 1 (Table 2), for both RCP 2.6 and RCP 6.0 scenarios.

Belowground litter C input 
(
MgC ha− 1yr− 1) is then estimated from 

the aboveground litter C input with the equation from Jonard et al. 
(2017), as: 

BGcontrol = 0.333 ×
(
1.92 ×AGcontrol ×

(
conversionfactor

)
+ 130

)

/(
conversionfactor

)
,

(5) 

where conversionfactor is the conversion factor from MgC ha− 1 to 
gC m− 2.

5.3.2. Disturbance scenario
We assume that the aboveground C input of the disturbance scenario 

(MgC ha− 1yr− 1) is equal to: 

AGdisturbance =

⎧
⎨

⎩

AGcontrol, for t < D
AGalive, for t > D

AGalive + AGbiomass kept, for t = D
, (6) 

where: D is the year of the disturbance (natural or management) and t is 
time; AGalive is the aboveground C input from alive vegetation, computed 
as, 

AGalive = AGcontrol ×

(

1 −
MR
100

)

(7) 

where MR is the user-input mortality rate (%), defined as the percentage 

of vegetation died due to the disturbance; and AGbiomass kept is the dead 
aboveground biomass that is kept in the soil, computed as, 

AGbiomass kept = AGbiomass ×
MR
100

×

(

1 −
HR
100

)

, (8) 

with AGbiomass being the aboveground vegetation biomass of the year 
preceding the disturbance event and HR the user-input harvest rate (%), 
defined as the percentage of vegetation removed from the soil after the 
disturbance. AGbiomass is either input by the user or calculated as: cveg/2, 
where cveg is the total vegetation biomass under natural conditions of 
the year previous to the disturbance event, extracted from multi-model 
average simulations from the ISIMIP repository (Table 2). Note that we 
do not explicitly distinguish between natural or management distur
bance. However, the user can set the harvest rate (HR) to 0% to mimic a 
natural disturbance with no post-disturbance harvest.

The belowground C input of the disturbance scenario 
(
MgC ha− 1yr− 1) is then calculated as: 

BGdisturbance =

⎧
⎨

⎩

BGcontrol, for t < D
BGalive, for t > D

BGalive + BGbiomass died, for t = D
, (9) 

where: BGalive 
(
MgC ha− 1yr− 1) is the belowground C input from alive 

vegetation and is computed following Jonard et al. (2017) as, 

BGalive = 0.333 × 1.92 × AGalive ×
(
conversionfactor

)

+ 130
/(

conversionfactor
)

(10) 

BGbiomass died (MgC ha− 1yr− 1) is the dead aboveground biomass kept in 
the soil, similarly computed as, 

BGbiomass died = 0.333 ×
(
1.92 × FOLdied ×

(
conversionfactor

)
+ 130

)

/(
conversionfactor

)
,

(11) 

with FOLdied 
(
MgC ha− 1yr− 1) being the dead foliar litter computed, 

following Konôpka et al. (2021), as, 

Fig. 4. Representation of the assumptions made to calculate the litter input following a disturbance event. Grey circular boxes represent input data extracted from 
open-source databases, while circular boxes with black borders indicate user-provided variables. Square boxes denote variables estimated within the web application; 
among these, those with black borders are used to calculate the total litter input under the disturbance treatment. Dashed arrows indicate relationships between 
variables, with corresponding equation numbers shown.
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FOLdied = 0.15 × (AGbiomass +BGbiomass) ×
MR
100

, (12) 

and AGbiomass and BGbiomass being the aboveground and belowground 
vegetation biomass of the year preceding the disturbance event, 
respectively, which are either input by the user, or both estimated as: 
cveg/2. It is assumed that all the dead belowground biomass is kept in 
the soil, i.e., the harvest rate does not affect the belowground part of the 
vegetation.

6. Example simulation

We present a case study to illustrate the functionalities of the web 
application, using only data from the open-source databases. In partic
ular, we simulate a 10-year period for a site located in the French 
Manson Forest (45◦ 45' 20'' N, 2◦ 57' 58'' E), dominated by Picea Abies. 
The site is part of the French forest monitoring network (RENECOFOR) 
and more information can be found in Jonard et al. (2017).

In the land management scenario, we simulate a thinning distur
bance occurring in the first year (i.e., 2020), characterized by a 50% tree 
harvest. This corresponds to a 50% tree mortality rate (MR) and a 100% 
harvest rate (HR) applied to the dead aboveground biomass. This sce
nario represents for example a high intensity thinning event, with res
idue removal. As shown in Fig. 5, this scenario leads to a sharp increase 
in C inputs in the first year, followed by a decrease from the second year 
onward, compared to the control scenario. The initial increase in C input 
is driven by the mortality event, which contributes to a rise in dead 
belowground biomass directly transferred to the soil (Eq. 9). The sub
sequent decline is due to the full removal (100% harvest) of the dead 
aboveground biomass. With only 50% of the trees remaining after the 
disturbance, the total C input is therefore lower than the control.

6.1. Intense thinning decreases the SOC stocks

The multi-model mean simulations show a decrease in SOC stocks 
under the disturbance scenario of high intensity thinning, compared to 
the control (Fig. 6). However, multi-model mean CO2 fluxes also 
decrease in this scenario, compared to the control. This is probably due 
to lower C inputs and SOC stocks in this scenario (Fig. 5), which are 
directly linked to the respiration rates in the models (Eq. 2). In Fig. 7, we 

show the effect of different tree harvest intensities on the SOC stocks 
after 10 years, and relate those changes to the 10-year average C inputs. 
The harvest intensities were set as: control (MR = 0%), thinning (MR =
25%), high intensity thinning (MR = 50%), and clear-cutting (MR =
100%), always assuming a harvest rate of 100%. We can see that the 
reduction of SOC stocks due to tree harvest is proportional to the in
tensity of the treatment (Fig. 7). In particular, after 10 years, SOC is the 
lowest under the clear-cutting treatment (MR100%), followed by high 
intensity thinning (MR50%), thinning (MR25%) and control scenarios. 
Average C input changes follow a similar pattern, but reductions of C 
inputs are much sharper than the stocks (Fig. 7).

6.2. Low effect of climate change

For this 10-year simulation period, the effect of climate change in the 
control treatment is low, with SOC stocks being slightly higher under the 
RCP 6.0 scenario (Fig. 8). This difference is primarily driven by changes 
in predicted C inputs, which are higher on average under RCP 6.0 
(Fig. B2). Changes in environmental conditions play a more limited 
direct effect: on average, slightly wetter conditions lead to a small in
crease in decomposition rates, while temperature changes induce a very 
small reduction in decomposition. The net effect of these opposing and 
relatively weak environmental responses is likely minor compared to the 
increase in C inputs, resulting in a small net accumulation of C in the 
soil. Overall, these results suggest that, over short time scales, modest 
shifts in climate lead to limited changes in decomposition dynamics, 
with SOC trends being mainly controlled by changes in C inputs.

6.3. Large differences across models

Despite a relatively modest decline in multi-model mean SOC stocks 
(i.e., a 2% decrease in SOC stocks after 10 years of simulation under the 
RCP 2.6 control scenario, relative to first year), we observed very large 
differences across models (Fig. 8). That is, SOC stock changes over the 10 
years ranged between a 9% increase to a 22% decrease, with last year 
SOC stocks averaging 60.1 ± 7.6 Mg C ha-1 (multi-model mean ±
standard deviation). These differences are consistent with previous 
studies highlighting model structural uncertainty (Farina et al., 2021; 
Bruni et al., 2022) and suggest that multi-model mean predictions 
should be interpreted carefully. Divergence among model outputs 

Fig. 5. (Downloaded from the web application) Evolution of carbon inputs over the 10-year simulation period for the control (black line) and land management 
(green line) scenarios.
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derives from multiple sources, including differences in parametrization 
(Todd-Brown et al., 2013; Luo and Schuur, 2020; Bruni et al., 2024), 
model structure (Riggers et al., 2019; Bruni et al., 2022), and effects of 
the initialization (Yeluripati et al., 2009; Hashimoto et al., 2011). In our 
simulations, initial SOC stocks were estimated under the steady-state 
assumption and then rescaled to match observed values. This 
approach ensures realistic initial SOC levels but may bias initial model 
dynamics toward steady-state if the discrepancy between steady-state 
and observed SOC is large. Meanwhile, input data were standardized, 

minimizing the influence of forcing errors on model divergence. In the 
absence of thorough evaluation against observational data (Le Noë et al., 
2023), the multi-model mean and its associated uncertainty offer the 
most comprehensive representation of SOC stock dynamics at the site 
level.

7. Further developments and limitations

7.1. Data input limitations

Data input from open-source databases is mainly intended to 
demonstrate the functionalities of the webtool rather than to provide 
robust site-specific simulations. The use of gridded datasets such as 
ISIMIP and LUCAS introduces uncertainty related to spatial resolution. 
Grid-cell averages may smooth local heterogeneity in climate, soil 
properties, and land-use, which can lead to discrepancies in SOC esti
mates. While a formal quantification of this effect is beyond the scope of 
the present study, previous work suggests that such aggregation can 
induce deviations in SOC estimates on the order of tens of percent 
(Wiltshire et al., 2024). In this context, the results obtained with 
open-source datasets should be interpreted as indicative rather than 
site-specific, and the use of local field measurements is expected to 
improve prediction accuracy.

While some datasets are reliable, such as climate projections from 
the ISIMIP models, others are more approximate and should be inter
preted with caution. For example, vegetation data from ISIMIP simula
tions are extracted at the grid-cell level, which may include multiple 

Fig. 6. (Downloaded from the web application) Ten-year evolution of SOC stocks and CO2 fluxes in the French forestry site (45◦ 45′ 20’’ N, 2◦ 57′ 58" E) according to 
the control (black lines) and disturbance (green lines) scenarios. The bold lines represent the multi-model mean, while the shaded lines are the single model 
simulations.

Fig. 7. SOC stocks after 10 years and 10-year average C inputs under different 
land management scenarios: control, 25% mortality rate (MR25%) 50% mor
tality rate (MR50%), and 100% mortality rate (MR100%), all assuming a 100% 
harvest rate of the plant residue.
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land-uses beyond forests. Moreover, ISIMIP vegetation models represent 
potential natural vegetation rather than managed ecosystems, such as 
those prevalent across Europe. This can lead to biases in estimates of 
actual C inputs to soils. This represents an important limitation that 
could be addressed in future versions of me4soc. In the current imple
mentation, multi-model mean values of vegetation and climate variables 
are used to drive the SOC model ensemble. A more rigorous approach 
would be to run the SOC models separately for each vegetation and 
climate model to capture inter-model variability before averaging. 
However, this would require storing input data for each model and 
scenario, increasing the memory requirements for these datasets by 
approximately a factor of 112, and substantially increasing computa
tional demands, thereby compromising the responsiveness of the app. 
Similar trade-off guided the selection of models from ISIMIP simula
tions. Considerations of computational efficiency also influenced the 
choice of SOC models. Although models incorporating explicit microbial 
processes and nonlinear kinetics are conceptually more mechanistic (e. 
g., Wieder et al., 2015; Abramoff et al., 2018), their need to solve 
nonlinear matrix equations makes them computationally demanding 
and less suited to interactive applications. For long-term projections, 
linear SOC models remain sufficiently robust, especially when combined 
via multi-model averages (Bruni et al., 2022). Overall, these design 
choices illustrate a common challenge in developing operational 
modeling tools: achieving an appropriate balance between incorpo
rating process complexity, while maintaining computational efficiency 
and accessibility for end-users and practitioners.

7.2. Initialization and parametrization

The initialization protocol we used allows simulations to start from 
observed total SOC levels, which can substantially reduce initial model 
error (Hashimoto et al., 2011; Dimassi et al., 2018). However, the 
post–spin-up rescaling is likely to influence model trajectories, partic
ularly in the short term. In practice, this adjustment can accelerate 
convergence toward model equilibrium behavior, potentially damp
ening transient dynamics.

Parametrization represents an additional source of uncertainty (Luo 
and Schuur, 2020). In me4soc, default parameter values were used, 
including transfer rates between compartments, parameters of the 
environmental response functions, and decomposition rate coefficients. 
Although these parameters are typically calibrated against observational 
datasets and assumed to be transferable, such datasets often span limited 
pedoclimatic conditions, and parameter values may not generalize 
across environments without adjustment.

While a full decomposition of uncertainty sources is beyond the 
scope of this study, multiple contributors to between-model variability 
can be identified, including initialization, parameterization, input data, 
and model structure (see e.g., Lehtonen and Heikkinen, 2016). With 
me4soc, structural uncertainty can be partially assessed by comparing 
simulations across models, whereas input data uncertainty can be 
explored by using alternative data sources (e.g., site-specific measure
ments versus large-scale open datasets).

Fig. 8. (Downloaded from the web application) Ten-year evolution of SOC stocks and CO2 fluxes in the French forestry site (45◦ 45′ 20’’ N, 2◦ 57′ 58" E) according to 
the RCP 2.6 (blue lines) and RCP 6.0 (red lines) climate change scenarios. The bold lines represent the multi-model mean, while the shaded lines are the single model 
simulations.
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7.3. Systematic validation of model outputs

There is a pressing need to improve methodologies for quantifying 
and reporting SOC changes in national GHG inventories (IPCC, 2006; 
Palosuo et al., 2025). However, robust predictions of SOC stocks and 
GHG fluxes require systematic validation of model performance against 
observational data (Le Noë et al., 2023). This often involves 
re-calibrating model parameters to match observed trends in SOC stocks 
and/or GHG emissions, and validation of model performance on inde
pendent data. While this calibration functionality is not yet imple
mented in the current version of me4soc, it is planned for future 
development of the web application. Users should note that successful 
calibration depends on the availability of multiple observations of SOC 
and/or GHG fluxes over time. As model complexity increases, the 
number of parameters to calibrate also rises—thereby requiring a pro
portional increase in the amount of observational data needed to ensure 
robust parameter estimation. The tool that we developed here is a 
simulation platform rather than a calibrated predictive system. Future 
developments should therefore prioritize systematic comparisons with 
observational data to strengthen robustness for predictive applications. 
For instance, in order to comply with the IPCC guidelines for national 
GHG inventories (IPCC, 2019), models should be tested and validated 
against local measurements (Bellassen et al., 2022), such as SOC stock 
changes and litterbag experiments, and associated uncertainties should 
be quantified.

Consistent with this approach, the European Carbon Removals and 
Carbon Farming (CRCF) regulation (European Union, 2024) adopts IPCC 
methodological principles as the basis for its certification framework. 
Implementing model performance estimates would also allow for more 
robust ensemble averaging than simple arithmetic means. For example, 
model outputs could be weighted based on their ability to predict 
available observations (Bruni et al., 2024; Sierra and Muñoz, 2025) or 
using Bayesian inference methods (Besic et al., 2025).

7.4. Generalization to global scale and other ecosystems

To make me4soc applicable at the global scale, the tool could be 
further developed to include open-source data available at the global 
scale, such as SoilGrids for soil parameters (Poggio et al., 2021). Other 
input data currently in me4soc are already available at the global scale 
(Table 1). However, expanding coverage to the entire global land area 
will require substantial increase in storage capacity for the additional 
data files.

Another avenue for development is the inclusion of ecosystems other 
than forests, such as croplands and grasslands. Except from SG, which 
was specifically designed for forest systems, the other models in the 
ensemble have been previously applied and evaluated in non-forested 
ecosystems (Garsia et al., 2023). Therefore, the extension of me4soc to 
croplands and grasslands would only require incorporating 
ecosystem-specific input data and land management practices (e.g., 
fertilizer application, use of cover crops, and crop species definition to 
set the litter input quality).

Future developments could also aim to implement more realistic and 
explicit management scenarios, as the current implementation is limited 
to simplified representations of tree mortality and litter retention (via 
mortality and harvest rates, respectively), allowing only a single 
perturbation per simulation. In addition, mixed-species systems can 
currently only be represented indirectly through adjustments of litter 
quality parameters, whereas a more explicit representation of species 
diversity effects could be incorporated in future developments.

8. Concluding remarks

Improving the robustness of SOC predictions and quantifying their 
uncertainties is paramount to better understand soil C feedbacks to 
climate change and to inform mitigation strategies through climate- 
smart land management practices. One of the main novelties of 
me4soc is to provide site-specific, scenario-based SOC projections using a 
multi-modeling approach, accessible via an intuitive and open-source 
web interface. This represents a first step toward offering an advanced 
SOC modeling platform to tackle decision-making needs, thereby sup
porting evidence-based forest management in the context of climate 
change. However, it is important to acknowledge the current limitations 
of the tool to correctly interpret its outputs. These include the use of 
default model parameters without re-calibration to local conditions, 
relying only on linear kinetic models, and the use of open-source input 
data (when not provided by the user), which have coarse resolution and 
may be inaccurate. The tool that we developed here is a simulation 
platform rather than a calibrated predictive system. Further de
velopments include: 1) model evaluation through comparison with 
observational data to strengthen robustness for predictive applications, 
2) extension of the applicability to the global scale and to other eco
systems; and 3) the integration of other models with more mechanistic 
representation of biogeochemical processes– while maintaining 
computational efficiency and usability for a broad range of stakeholders.
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Ťupek: Writing – review & editing, Methodology. Nasser Bacha: Soft
ware. Daniel Bunker: Data curation. Illian Brasselet-Darracq: Soft
ware. Dalia Fages-Gouyou: Software. Yanis Hemeray: Software. 
Christopher P.O. Reyer: Writing – review & editing. Carlos A. Sierra: 
Writing – review & editing. Bertrand Guenet: Writing – review & 
editing, Supervision, Funding acquisition, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Acknowledgements

This work has been supported by the grant Holistic management 
practices, modelling, and monitoring for European forest soils— Holi
Soils (EU Horizon 2020 Grant Agreement No 101000289); by the Part
nership for Research and Innovation in the Mediterranean Area (‘the 
PRIMA Foundation’) through the “Soil Health and Agriculture Resil
ience through an Integrated Geographical information systems of Med
iterranean Drylands” project (Grant Agreement No 2211) (SHARInG- 
MeD); and by the project ALAMOD of the exploratory research program 
FairCarboN and received French government funding managed by the 
Agence Nationale de la Recherche under the France 2030 program, 
reference ANR-22-PEXF-0002. We acknowledge the TRY Initiative on 
Plant Traits and especially the contribution of Isabelle Aubin for the TRY 
data used in this publication.

E. Bruni et al.                                                                                                                                                                                                                                    Ecological Modelling 521 (2026) 111716 

10 



Appendix A

Table A1 
List of input variables, including their units, definitions, and the open-source databases used to extract or estimate them when user-provided data are unavailable (for 
Europe only).

Variable Type Unit Definition Open-source database Extracted/ 
estimated

GPS latitude Simulation 
setup

Decimal 
degrees

GPS latitude of the study site ​ ​

GPS longitude Simulation 
setup

Decimal 
degrees

GPS longitude of the study site ​ ​

Simulation length Simulation 
setup

Number of 
years

Duration of the simulation period ​ ​

Initial simulation date Simulation 
setup

Date (YY- 
MM-DD)

Starting date of the simulations ​ ​

Clay Soil % Soil clay concentration LUCAS Extracted
Silt Soil % Soil silt concentration LUCAS Extracted
Initial SOC stock Soil Mg C ha-1 Soil organic carbon stock at the beginning 

of the simulation period
LUCAS Extracted

Soil layer thickness Soil cm Thickness of the organic layer ​ ​
C:N ratio Soil g C g N-1 ​ LUCAS Extracted
Bulk density Soil Mg m-3 Soil bulk density LUCAS Extracted
Dominant species Litter input ​ Dominant tree species ​ ​
Annual aboveground C input Litter input Mg C ha-1 

yr-1
Time series of the level of aboveground C 
input to the soil

ISIMIP, multi-model average Estimated

Annual belowground C input Litter input Mg C ha-1 

yr-1
Time series of the level of belowground C 
input to the soil

ISIMIP, multi-model average Estimated

Acid hydrolysable compounds 
fraction

Litter input g g-1 Acid hydrolysable compounds of the litter 
input

Yasso07 manual Extracted

Water soluble compounds 
fraction

Litter input g g-1 Water soluble compounds of the litter 
input

Yasso07 manual Extracted

Ethanol soluble compounds 
fraction

Litter input g g-1 Ethanol soluble compounds of the litter 
input

Yasso07 manual Extracted

Neither soluble nor 
hydrolysable compounds 
fraction

Litter input g g-1 Neither soluble nor hydrolysable 
compounds of the litter input

Yasso07 manual Extracted

Lignin:nitrogen ratio Litter input g g N-1 Lignin to nitrogen ratio of the litter input C:N from TRY, %C from Ma et al., 2018, lignin 
from Yasso07 manual

Estimated

Lignin fraction Litter input g g-1 Lignin fraction in the litter input Considered equivalent to the neither soluble 
nor hydrolysable compounds fraction from the 
Yasso07 manual

Extracted

Woody litter size Litter input cm Diameter of the woody litter Tuomi et al., 2009 Extracted
Daily surface temperature Climate ◦C Daily surface temperature during the 

simulation length
ISIMIP, multi-model average Extracted

Spin-up surface temperature Climate ◦C Daily average surface temperature in the 
decades preceding the simulation

ISIMIP, multi-model average Extracted

Daily precipitation Climate mm Daily precipitation during the simulation 
length

ISIMIP, multi-model average Extracted

Spin-up precipitation Climate mm Daily average precipitation in the decades 
preceding the simulation

ISIMIP, multi-model average Extracted

Monthly potential 
evapotranspiration

Climate mm Monthly potential evapotranspiration 
during the simulation length

ISIMIP, multi-model average Extracted

Spin-up potential 
evapotranspiration

Climate mm Monthly average potential 
evapotranspiration in the decades 
preceding the simulation

ISIMIP, multi-model average Extracted

Daily volumetric soil water 
content

Climate mm3 mm-3 Daily volumetric soil water content during 
the simulation length

ISIMIP, multi-model average Extracted

Spin-up volumetric soil water 
content

Climate mm3 mm-3 Daily average volumetric soil water 
content in the decades preceding the 
simulation

ISIMIP, multi-model average Extracted

Atmospheric CH4 
concentration

Climate ppb Atmospheric CH4 concentration at the 
beginning of the simulations

GML Extracted

Year of disturbance event Land 
management

​ Number of the year of the disturbance 
event

​ ​

Aboveground biomass Land 
management

Mg C ha-1 

yr-1
Amount of the plant aboveground biomass 
in the year preceding the disturbance event

ISIMIP, multi-model average Estimated

Belowground biomass Land 
management

Mg C ha-1 

yr-1
Amount of the plant belowground biomass 
in the year preceding the disturbance event

ISIMIP, multi-model average Estimated

Mortality rate Land 
management

% Percentage of vegetation died during the 
disturbance event

​ ​

Harvest rate Land 
management

% Harvest rate of the dead aboveground 
biomass

​ ​

E. Bruni et al.                                                                                                                                                                                                                                    Ecological Modelling 521 (2026) 111716 

11 



Appendix B

Fig. B1

Fig. B1. shows ISIMIP multi-model mean air temperature, precipitation, soil moisture and potential evapotranspiration, under climate change scenarios RCP 2.6 and 
RCP 6.0. This data is used as input to the SOC models for the 10-year simulations at the French forestry site (45◦ 45′ 20’’ N, 2◦ 57′ 58" E).

Fig. B2. (Downloaded from the web application) 10-year average C inputs at the French forestry site (45◦ 45′ 20’’ N, 2◦ 57′ 58" E), extracted from ISIMIP multi-model 
mean simulations under climate change scenarios RCP 2.6 and RCP 6.0, and under fixed and varying land-use scenarios.

Data availability

https://github.com/elisabruni/me4soc (All webapp code and test- 
site data is available at:)
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Landschützer, P., Le Quéré, C., Li, H., Luijkx, I.T., Olsen, A., Peters, G.P., Peters, W., 
Pongratz, J., Schwingshackl, C., Sitch, S., Canadell, J.G., Ciais, P., Jackson, R.B., 
Alin, S.R., Arneth, A., Arora, V., Bates, N.R., Becker, M., Bellouin, N., Berghoff, C.F., 
Bittig, H.C., Bopp, L., Cadule, P., Campbell, K., Chamberlain, M.A., Chandra, N., 
Chevallier, F., Chini, L.P., Colligan, T., Decayeux, J., Djeutchouang, L.M., Dou, X., 
Duran Rojas, C., Enyo, K., Evans, W., Fay, A.R., Feely, R.A., Ford, D.J., Foster, A., 
Gasser, T., Gehlen, M., Gkritzalis, T., Grassi, G., Gregor, L., Gruber, N., Gürses, Ö., 
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Fodor, N., Pintér, K., Churkina, G., Running, S., Thornton, P., Bellocchi, G., 
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