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1. Introduction 
The HoliSoils H2020 project aims to advance modelling tools for monitoring soil properties 
and greenhouse gases (GHG) fluxes. One of the objectives of the WP2 is to use several state-
of-the-art models to simulate forest soil responses to management practices, natural 
disturbances and overall impacts of climate change. Within the WP2 a multi-model ensemble 
has been developed and presented in D2.1 and D2.2. The objectives of this multi model tool 
are to simulate the evolution in time of the soil organic carbon (SOC) stocks and GHG fluxes, 
and to take into account the uncertainty of the simulations linked to the different model 
structures and calibration data sets. This multi model approach has been embedded into an 
interactive online interface. The goal of the interactive online interface is to allow end-users, 
i.e., land use, land use change and forestry (LULUCF) experts and scientists, to simulate SOC 
stock and GHG changes following scenarios of climate and land-use change. 

Nevertheless, the current version has not been evaluated yet on its capacity to reproduce the 
responses of SOC or GHG observations on short term perturbations. This document describes 
the evaluation of a partial recalibration of the models used against observations. Using data 
produced during the project, we show that a set of six models can simulate the temporal 
dynamics of soil heterotrophic respiration, yet with some errors. While the general effects of 
different practices on heterotrophic respiration (and thus on carbon stocks) are well 
represented, the intensity of these effects is not often represented accurately. These 
discrepancies may come from the models themselves, input data quality, or data processing. 
Finally, the impact of management treatments can be observed through the calibration of one 
of the models (ICBM), as reflected in parameter variation. Evaluation and calibration methods 
can be further improved, either by refining input data or by incorporating information from 
additional sites, to better understand model behaviour, and the effect of management 
practices on greenhouse gas emissions.  

2. Material and methods 
2.1 The multi model interface 

The ME4SOC online interface, developed as part of the HoliSoils project, simulates the 
effects of climate, land use and forestry practices on SOC stocks and greenhouse gas 
emissions (CO2, CH4, N2O). Built with R Shiny, the interface consists of two main files: ui.R 
(user interface) and server.R (processing and calculations). The user inputs a study site, soil 
properties, climatic conditions and management practices. In the absence of data, the entries 
are automatically filled from open databases: the Inter-Sectoral Impact Model 
Intercomparison Project (ISIMIP) (“ISIMIP - The Inter-Sectoral Impact Model Intercomparison 
Project,” n.d.), TRY (“TRY Plant Trait Database,” n.d.), LUCAS (“LUCAS - ESDAC - European 
Commission,” n.d.), and GML (“NOAA Global Monitoring Laboratory,” n.d.). 

The simulations of five of the six models included in ME4SOC are based on 
compartmental models, which represent the soil as a set of conceptual reservoirs of organic 
matter between which carbon circulates through fluxes related to decomposition, humification 
and carbon inputs. The sixth model is an empirical model that simulated CO2, CH4 and N2O 
fluxes based on their relationships with soil variables (Shoji Hashimoto et al., 2011). The five 
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compartmental models integrated into the interface are: Century (Parton et al., 1988), Roth-C 
(Coleman and Jenkinson, 1996), ICBM (Andren and Katterer, 1997), Yasso07 (Tuomi et al., 
2009) and Yasso20 (Viskari et al., 2022), the interface also includes a multi model average 
(Bruni et al., 2022). These models differ in their structure, number of compartments, and 
sensitivity to environmental conditions. But, despite their differences, all models are based on 
a similar mathematical structure, founded on linear kinetics: the rate of carbon decomposition 
in each compartment depends on the quantity of organic carbon present in that compartment 
and is modulated by climatic conditions. Their formulation is based on a general 
decomposition equation. All the details are presented in D2.1 and D2.2. It is important to note 
that before each simulation, an initialisation phase (spin-up) is automatically launched based 
on the data entered. The model is forced over a period of 5,000 years until it reaches a steady 
state. The latter is defined as an annual variation in carbon stocks of less than 0.1% for ten 
consecutive years. The total simulated SOC stocks are then rescaled to match the total 
observed SOC stocks, while maintaining the relative proportions among compartments as 
defined at steady state (Hashimoto et al., 2011). 

When not available from field sites, the climate and vegetation variables used to feed 
the models were directly extracted by the web application from products obtained from the 
ISIMIP database, protocol 2b (“ISIMIP - The Inter-Sectoral Impact Model Intercomparison 
Project,” n.d.). In particular, daily precipitation and temperature were derived from simulations 
of two climate models (i.e., ipsl-cm5a-lr, miroc5), which were then averaged to obtain the multi-
model mean daily precipitation and temperature. Monthly reference evapotranspiration and 
daily soil moisture at 10 cm depth were derived from simulations of two climate models (i.e., 
ipsl-cm5a-lr, miroc5) coupled with the land-surface model ORCHIDEE (Krinner et al., 2005), and 
similarly averaged to obtain the multi-model mean. Net primary production and vegetation 
biomass, used to estimate litter inputs, were derived from simulations of two climate models 
(i.e., ipsl-cm5a-lr, miroc5) coupled with simulations of two land-surface models (i.e., dlem, lpj-
guess). Hence, the climate and vegetation forcing variables extracted by the web application 
are multi-model averages of global model simulations.  

 

2.2 The dataset used to evaluate the multi model tool 
All data we used for the evaluation part come from the HoliSoils project, or was 

extracted from the global datasets by the web application when not completely available. Field 
experiments conducted in this project come from 8 different European countries (plus 
Uruguay, but Uruguayan sites will not be considered here), and aim to represent a variety of 
soils and forest managements (e.g. thinning, clear-cutting), but also natural disturbances (e.g. 
fires, droughts). Simultaneously, monitoring of greenhouse gas (GHG) emissions, and 
especially CO2 is put into place to determine the impact of these disturbances on the soil 
processes and their resilience in the context of climate change. 

Each site is defined as a specific forest plot, itself divided into several subplots where 
different treatments can be applied, possibly with several replicates. Plot size depends on the 
characteristics of each site and on field constraints, but can be considered similar. A typical 
site is divided into different plots representing different treatments: a control plot, where no 
particular (forest?) management or constraint is applied, and one or more treatment plots. 
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These treatments can vary, involving either forest management practices such as nitrogen 
fertilization (e.g. Karstula, Finland), thinning or clear-cutting (e.g. Brasov, Romania), or natural 
disturbances such as fire or drought (e.g. Secanella, Spain). In the context of this deliverable, 
we focused more specifically on forest management treatments, as they can be explicitly 
represented by the selected models. Ideally, each site is also divided into subsites, allowing 
for replication and a better estimation of uncertainties.  Within the HoliSoils project, 25 sites 
were selected across Europe. The initial goal was to use data from all of them to conduct a 
robust model evaluation. However, we first performed a site selection, retaining only those 
with the most complete datasets and containing sufficient information for the evaluation. 

To run models as efficiently as possible, we would have needed all data completed as 
described in the previous part. However, due to the diversity of sites and the high number of 
variables, no site has been able to complete all these criteria. Thus, we chose to include sites 
even if not all variables were available. However, and still to be able to perform a robust 
evaluation, we decided to select only sites having sufficient information regarding some 
parameters, such as: 

• Soil respiration. As the evaluation is based on soil heterotrophic respiration (SHR), 
this parameter was mandatory. Daily measurements were expected, but we selected sites with 
a lower frequency of measurements, even if it was not daily. We also selected sites measuring 
total soil respiration (SR) and not only heterotrophic respiration. In this case, total soil 
respiration was converted to SHR using the equation from Bond-Lamberty et al., (2004): 

𝑆𝐻𝑅 = 	1.22 + 0.73ln	(𝑆𝑅) 

Because SHR measurements were not regular (e.g., no measurements in Karstula, Finland 
during winter time), we then interpolated observations of SHR to compute their daily values 
using the equation from (Ťupek et al., 2024), 

𝑆𝐻𝑅 = exp 4−
(𝑇 − 𝜇!)"

2𝜎!
9 exp[−𝑎#$%𝑒&'𝑠𝑤𝑐] 

This interpolated SHR was used to compute the SHR annual mean and compared to modelled 
SHR. 

• Litter inputs and biomass. Litter inputs are required to estimate the amount of C input 
to the soil. As models are particularly sensitive to this variable, we needed to be able to retrieve 
this information. Biomass was also a crucial criteria as it also transfers important amounts of 
C from the atmosphere to the rhizosphere, under the soil surface (Sokol and Bradford, 2019). 
On the field, litter inputs can be difficult to measure directly (and was in fact rarely measured 
in selected sites), so we accepted sites where we were able to indirectly estimate these inputs, 
from biomass measurements and forest inventories. 

• Treatment details. As for litter inputs, treatments applied in selected forest plots can 
substantially affect the amount of litter degrading and going into the soil. It was then 
necessary to have precise values and a complete description of a treatment. A ”thinning” 
treatment can vary from one site to another, going from 20 to 80 % of cutting trees and 
branches depending on the region. 
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Given the gaps we observed in data, we decided that other missing variables could be 
estimated or replaced. However, we will need to be careful in interpreting results as estimated 
values can be different from real ones, and may in this way lead to biased results.  

2.3 Simulations 
We ran two types of simulations: 

• Simulations with all information available from the field experiments, but with estimations 
made when data was missing. They will be called “all simulations” from now on; 

• Same simulations with data only from open-source databases. We will call them “blind 
simulations” from now.  

Since model outputs were generated at an annual scale, we compared observed and model 
mean annual SHR. In particular, we focused on the multi-model mean predictions. 

2.4 Definition of the metrics used to evaluate the models 
The evaluation of the models is based on three main metrics: the root mean square 

error (RMSE), the Bias, and the response ratio. RMSE measures the overall difference between 
the simulated values 𝑋𝑛 and the observed values 𝑌𝑛: 

𝑅𝑀𝑆𝐸 =	F
1
𝑁
H(𝑋( − 𝑌(

)

(*'

)" 

The bias is defined as following: 

𝐵𝑖𝑎𝑠 = 	
1
𝑁
H(𝑋( − 𝑌(

)

(*'

)  

The response ratio is another metric we chose to include in this evaluation process. It 
essentially represents the ratio of a given parameter (in our case SHR) between treatment and 
control plots. Specifically, we calculate a response ratio for each mean annual value by 
comparing the soil heterotrophic respiration in the treatment plot (SHRt) to the same 
measurement in the control plot (SHRc), following the approach described in Shi et al., (2024): 

𝑅𝑅 =
𝑆𝐻𝑅+
𝑆𝐻𝑅%

 

Thus, if RR > 1, it indicates that soil heterotrophic respiration is higher in the treatment 
plot compared to the control. Conversely, if RR < 1, respiration is lower under treatment 
conditions. This allows estimating the ability of the model to reproduce the effect of a certain 
treatment compared to the control, independently on its ability to reproduce the absolute 
respiration values. 

Finally , we also calculate the correlation coefficient R2 as following 

𝑅" = 1 −
∑ (𝑦, − 𝑦M,)"(
,*'

∑ (𝑦, − 𝑦N,)"(
,*'
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where n is the number of measurements,  𝑦, 	is the value of the ith measurement, 𝑦M,  is 
the corresponding predicted value, and 𝑦N, is the mean of the measurements. 

2.5 Calibration of the ICBM model 
After this initial evaluation step, which aimed to assess how the different models 

represent soil heterotrophic respiration across various datasets and initial conditions (i.e., with 
sites located in various European countries), we performed a Bayesian calibration, as 
previously done in other studies  (Hararuk et al., 2015).  We used a Bayesian approach based 
on Markov Chain Monte Carlo (MCMC) methods. The aim of this calibration is to estimate the 
best-fitting values for parameters of the model, by comparing model outputs with observed 
data on soil heterotrophic respiration. It has been specifically done on the decomposition rates 
of the two carbon pools: k1 and k2, which are the decay rates of the young and the old pool, 
respectively. They are the parameters that are expected to be most sensitive to changes in 
management practices and represent processes that are not explicitly represented in the 
model. The humification parameter, h, was kept constant at its default value, whereas the 
pedo-climatic effect parameter was computed specifically for each site, using ICBM 
temperature and moisture functions (Andren and Katterer, 1997). When we were not able to 
compute it, because climate data were not complete, we chose to use the default value of the 
parameter (r = 1.32). 

We begin by defining a likelihood function that quantifies how well the model 
reproduces the observations for a given set of parameters. This likelihood is based on the sum 
of squared differences between observed and simulated soil heterotrophic respiration fluxes, 
across a chosen set of experimental sites and treatments. A simplified form of the likelihood 
function ℒ , assuming independent and normally distributed errors, is: 

ℒ(𝜃) = −
1
2
HH(𝑆𝐻𝑅-,,/0# −

(!

,*'

1

-*'

𝑆𝐻𝑅-,,2/3(𝜃))" 

where θ are the parameters to calibrate (here, k1 and k2, the decomposition rates of 
the young and old carbon pools); G is the total number of site-treatment groups; ng is the 
number of available observations in group g; 𝑆𝐻𝑅-,,/0# is the observed mean soil heterotrophic 
respiration at year i for group g; 𝑆𝐻𝑅-,,2/3 is the corresponding value simulated by the ICBM 
model with parameters θ . 

A deterministic optimization is first performed to identify a good starting point in the 
parameter space. This is done using the nlminb algorithm, which minimizes the negative log-
likelihood of the model, under defined lower and upper bounds for each parameter. The 
optimized parameters obtained at this stage serve as the basis for initializing three MCMC 
chains that were run in parallel in order to check for the convergence of the posterior 
distribution of the parameters, generated with slight variations from starting values to ensure 
that chains start from different regions of the parameter space. 

The MCMC sampling is conducted using a Delayed Rejection Adaptive Metropolis 
(DRAM) algorithm, which aims to improve efficiency and convergence of the algorithm by 
allowing multiple proposal at the same time and updating regularly the proposal distribution 
during the simulation (Haario et al., 2006). At each iteration, a new set of parameters is 
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proposed and either accepted or rejected based on its likelihood (following Bayesian 
probability rules). Over 25 000 iterations, this process generates a distribution of parameter 
values (the posterior distribution). To evaluate convergence between the three chains, we used 
the Gelman-Rubin statistic. Typically, when the Gelman-Rubin factor approaches 1, the chains 
have converged to the parameters’ posterior distribution (Gelman and Rubin, 1992). 

This probabilistic calibration aims to provide the most likely parameter values, but also 
quantifies their uncertainty. By comparing the parameters’ posterior distribution across groups 
of treatments (e.g., control vs disturbance), it allows to estimate the effect of the treatments 
on the SOC decomposition rates. 

3. Result and discussion 
3.1 Evaluation of the multi model 

The yearly evolution of simulated SHR, along with observations can be seen in figure 
1, for the Karstula site, located in Finland. Four plots are shown, representing a combination 
of two sites (75 and 76), and 2 treatments : control (C) and nitrogen fertilization (N). In all plots, 
the observed SHR tended to increase with time, even though this tendency was stronger in 
fertilized plots. In control plots, SHR seemed to reach a plateau, especially in the 76 plot. Also, 
simulated SHR are closer to observations when data is coming from open-source databases 
(i.e., “blind simulations”), while the global trend seems to be similar for both. Nevertheless, the 
error remains high for both simulation types, as RMSE are about the same size as 
observations, and this for all plots. 

 

Figure 1: Mean annual values of observed and modeled SHR between 2020 and 2023, for the 
site located in Karstula (Finland). Error bars represent the standard deviation of observations 
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and predictions. RMSE Sims corresponds to RMSE for “all smulations”, RMSE blind for “blind 
simulations” 

Multi-model accuracy has been evaluated using the different metrics described in part 
2. Values of bias and RMSE are available in Table 1, for all sites and treatments tested. In 
addition, we represented a 1:1 plot comparing observed SHR to simulated SHR (Figure 2). A 
correlation coefficient was calculated based on this comparison, and we obtained a value of 
R2 = 0.031 for the selected sites. We also obtain a second correlation coefficient while making 
a regression forcing the regression line to take into account the (0; 0) point. In this case we 
obtained R2 = 0.489. 

As seen in Table 1, RMSE and bias remain high (in absolute values) both for control and 
treatment, and for all sites included in the evaluation. We can distinguish two main trends in 
predictions: overestimation of SHR for the three Dutch sites (Hoge Veluwe, Kroondomein and 
Zwolse Bos) and underestimation of SHR for the other sites. This is also clearly visible in Figure 
2. 

 

Figure 2: Observed vs. Predicted SHR for all sites and treatments; mean annual values from 
2020 to 2024 are represented for each site when it was available. Regression lines are 
represented, under the form y = ax + b (blue line) and y = ax (green line), with their 
corresponding R2 

Table 1: RMSE and bias values for all sites and treatments included in the evaluation. RMSE 
and Bias are both expressed in MgC.ha−1.yr−1 
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In order to focus on the ability of models to represent different treatments, we plotted 
response ratios for all treatments in Figure 3. This representation helps to overcome potential 
biases in model outputs and complements the evaluation phase. In fact, in addition to focusing 
on the strict ability to represent the correct value of SHR, for control or treatment, here we can 
evaluate whether treatments are accounted for in the same way (if the response ratio is higher 
or lower than 1), and also look at the intensity of the response. As the response ratio tends to 
be greater than 1 (in absolute value), the response will be more important. This can also 
potentially highlight or reflect the intensity of the treatment through the intensity of the 
response (observed via SHR). In Figure 5, for most sites and treatments the direction of the 
response ratio is similar between observations and simulations. But models are sometimes 
representing treatment effects in the opposite way to what is observed, as for the Saint-
Christol site (France) for instance. In general, it seems there is a trend in the models to 
overestimate the effect of the treatments relative to the control. However, it is difficult to 
conclude on a clear trend and also to determine whether the intensity of treatments is 
accurately represented, as error bars remain very large, especially in simulations. 

Appendix 3 — Multi-model performance metrics for HoliSoils sites
Site Traitement RMSE Bias

Brasov Clear-cut -slash 3.08 -2.96
Clear-cut +slash 4.67 2.84
Control 2.74 -2.54
Thinning -slash 2.68 -2.53
Thinning +slash 1.48 0.42

Dobroc Mix 3.18 -3.06
Sp 1.41 0.26

Gamiz Clear-cut -slash 1.75 -0.30
Clear-cut +slash 1.75 0.24
Control 2.76 -1.52
Thinning -slash 1.66 -0.71
Thinning +slash 2.19 -0.78

Hoge Veluwe Clearcut 3.45 3.42
High-thinning 5.54 5.43
Shelterwood 3.84 3.80
Control 6.40 6.30

Site Traitement RMSE Bias

Kartsula 75N 5.33 -5.33
76N 6.34 -6.34
Control 4.48 -4.47

Kroondomein Clearcut 3.81 3.78
High-thinning 5.72 5.65
Shelterwood 4.26 4.21
Control 5.64 5.55

St Christol Clear-cut -slash 1.28 -0.26
Clear-cut +slash 1.91 -1.28
Control 2.38 -1.63
Thinning -slash 1.20 -0.29
Thinning +slash 2.20 -1.45

Zwolse Bos Clearcut 2.90 2.90
High-thinning 4.41 4.38
Shelterwood 3.37 3.36
Control 5.26 5.21

Table A3 : RMSE and bias values for all sites and treatments included in the evaluation. RMSE and Bias are both expressed in MgC.ha�1.yr�1

Appendix 4 — Litter chemical properties for different tree species

Hoge Veluwe
Site Kroondomein Gamiz Dobroc Dobroc

Zwolse Bos

Dominant tree species Pinus sylvestris Quercus faginea Fagus sylvatica Picea abies
AH 0.49 0.39 0.49 0.59
WS 0.03 0.27 0.15 0.07
ES 0.07 0.09 0.08 0.03
NWNES 0.41 0.24 0.28 0.29
WLS 2 2 2 2

Table A4: Chemical properties of litter depending on the dominant tree species. AH = Acid Hydrolysable compound fraction, WS = Water Soluble
compound fraction, ES = Ethanol Soluble compound fraction, NWNES = Neither Water Nor Ethanol Soluble compound fraction, WLS = Woody Litter
Size (cm). Values are retrieved from the TRY database (Kattge et al. 2011) or the Yasso Manual (J. Liski, Tuomi, and Rasinmäki 2009).

27
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Figure 3: Response ratio of predicted (blue) and observed (red) SHR for treatment plots, 
between 2021 and 2024 according to data availability. Note that for the site located in Dobroc, 
the ”mix” site has been considered as a control, and the ”sp” site as a treatment. Error bars 
represent the standard deviation of response ratios 

Although the general dynamics can sometimes appear well represented, we observe that the 
relative error (RRMSE) remains relatively high, reaching over 50% for some sites. Such a high 
error could reflect either a structural bias in the model or discrepancies between real 
observations and the modelled processes. When focusing on the bias, we noticed that it is not 
consistently positive or negative, meaning there is no systematic overestimation or 
underestimation by the model. However, the direction of the bias looks the same for all 
treatments and the control within a given site, suggesting that site-specific factors or input 
data may have a stronger influence than the treatments themselves. Moreover, when 
comparing the two types of simulations, we observe that relative errors are often lower for 
blind simulations across most sites. First, we can think that this would mean that base models 
only on measured experimental values might not always improve model accuracy. However, 
and most probably, this might highlight the importance of input variables, and possibly 
indicating that some of the input estimations we made are not realistic enough, or at least too 
far from the on-site reality. The correlation coefficient calculated between observations and 
simulations is also very low (R2 = 0.031), meaning that there is not a strong link between 
predictions and on-site measurements.  

We also noticed that the highest errors are coming from the three sites located in the 
Netherlands (Hoge Veluwe, Kroondomein and Zwolse Bos). RMSE are higher than 5 
MgC.ha−1.yr−1, while observed values are about the same order of magnitude. Also, RMSE and 
bias of blind simulations for these three sites are very high. This is probably due to the 
difference with observed SHR which is very important, compared to other sites. This can also 
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be seen in Figure 3, where SHR in all three Dutch sites is highly overestimated compared to 
real fluxes. 

Another objective of the model evaluation was to test whether models can represent 
management practices and their effects on forest soils. To do so, we used the response ratio 
(Figure 3) to assess if (1) models can represent treatments effects on SHR, and (2) whether 
they reproduce the same intensity. The first point is verified in most cases: models were able 
to reproduce the same trend in SHR variation following the application of treatments. For 
example, thinning or clear-cutting tends to increase litter inputs, which stimulates microbial 
respiration in the short term (Dai et al., 2024). A longer-term decrease could be expected due 
to reduced litterfall (Yang et al., 2022), but this could not be observed here given the short 
duration of experiments (less than 5 years). Most observed and simulated points are on the 
same side of the x = 1 line, suggesting that when SHR increases (or decreases) after a 
treatment application, models tend to follow the same direction. But this is not always the 
case (e.g. Kroondomein clear-cut, where data show an increase but models simulate a 
decrease). Comparing similar treatments across sites, no consistent pattern emerges, even in 
observations. For instance, thinning increases SHR in Kroondomein but decreases it in Gamiz. 
Obviously, treatments are specific to each site and not strictly similar, which can explain such 
difference. Models, by contrast, rely on parameters such as harvest rate and tree mortality, 
which may lead to a more uniform response across sites, but same differences are still 
observed. 

However, except for nitrogen fertilization (for Karstula site), no clear model pattern 
emerges for any specific treatment. However, we have to be careful in interpreting these 
results as we still have strong uncertainties both in the observations and in predictions, even 
if the ones of the predictions tend to be much higher. In fact, as error bars are often crossing 
the x = 1 line, it is difficult to ensure that the effect on SHR is only positive or negative. This 
has also an influence on the second point: we are yet not able to determine precisely how 
models respond in terms of intensity regarding the treatments. Even if we can expect, for 
instance, a response in SHR proportional (or at least correlated) with the intensity of the 
treatment (Bréchet et al., 2018), it is not possible to observe it here as the error bars are very 
large. Taking the example of thinning treatments represented in Brasov or Gamiz for instance, 
we would expect that the higher the thinning is, the more litter inputs will increase at 
disturbance, and the more SHR we will observe, at least on the short term, with an eventual 
plateau effect. However, from the observed RRs, we cannot highlight a gradual impact of 
treatments on SHR. As a thinning is less important than a clear-cut in term of immediate litter 
inputs, we would expect to have a greater impact of the latter treatment, but it is also not visible 
here. 

Finally, it is important to mention that for the simulations presented here, we initialized 
the model by running a spin-up and we therefore start the simulation at equilibrium. In reality, 
the situations are more complex than that because: i) climate change is already affecting 
forest dynamic and ii) the forest management may have changed in the past. Therefore, the 
forests were probably not at equilibrium when the measurements started. Starting model out 
of equilibrium is technically feasible but it needs a detailed knowledge on climate and carbon 
inputs in the past decades which is most often not available. This equilibrium assumption as 
an impact on the fluxes predicted by the model. 
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3.2 Calibration of the ICBM model 
Model calibration was performed using the same sites as for the evaluation, except for Saint-
Christol, because we were lacking data, and the Finnish site (Karstula). We considered the 
latter site less relevant to include because (1) it is located in a very different climatic region 
compared to the others, with snow potentially covering the soil for a significant part of the 
year, and (2) the treatments applied there were also quite different from those studied at other 
sites. In particular, nitrogen fertilization is less likely to be accurately represented, since the 
nitrogen cycle is not explicitly taken into account in these models 

 

Figure 3: Percentage of evolution of the RMSE for control and treatment sites of Brasov, Gamiz, 
Hoge Veluwe, Kroondomein and Zwolse Bos. A negative change means a better RMSE after 
calibration, thus an increase in model performance 

The new error (RMSE) is computed after a run with ICBM calibrated in the Bayesian framework, 
and considering the mean of the posterior distribution. The percentage of change of RMSE for 
both control and treatments sites is given in figure 3, relatively to the initial RMSE of prediction 
of ICBM, before calibration (using the default values of ICBM). We notice that RMSE change 
remains of the same sign for each site individually, considering both control and treatments. 
Although calibration is supposed to increase model performance (so, decrease RMSE), here it 
is not the case for Brasov and Gamiz sites, where we notice an increase in RMSE after 
calibration. Regarding the Dutch sites however, RMSE is decreasing for all treatments 
considered, confirming for these three sites that the calibration has been efficient. 

 

Table 2: Results of the calibration on decay parameters (k1 and k2) of the ICBM. Results are 
presented as the mean ± standard deviation. Values of the two other parameters of ICBM (h 
and r) are also given. n represents the number of iterations implemented in the MCMC method. 

 

Figure 6: Percentage of evolution of the RMSE for control and treatment sites of Brasov, Gamiz, Hoge Veluwe, Kroondomein and Zwolse Bos. A
negative change means a better RMSE after calibration, thus an increase in model performance.

(Figure 2a). The calibrated parameter values, for both control and treatment plots, and also for sub-samples of sites are
presented in Table 2.

Calibration n k1 k2 h r
Default values — 0.8 0.00605 0.13 1.32
All control sites 25 000 0.272 ± 0.132 0.008 ±0.004 0.13 site-dependent
All treatment sites 25 000 0.249 ± 0.082 0.015 ± 0.002 0.13 site-dependent
Control in Dutch sites 5 000 0.009 ± 0.011 0.005 ± 0.002 0.13 site-dependant
Control in Spanish and Slovakian sites 5 000 0.842 ± 0.131 0.064 ± 0.009 0.13 site-dependant
Treatment in Dutch sites 5 000 0.065 ± 0.051 0.004 ± 0.002 0.13 site-dependant
Treatment in Spanish and Slovakian sites 5 000 0.891 ± 0.096 0.061 ± 0.004 0.13 site-dependant

Table 2: Results of the calibration on decay parameters (k1 and k2) of the ICBM. Results are presented as the mean ± standard deviation. Values of the
two other parameters of ICBM (h and r) are also given. n represents the number of iterations implemented in the MCMC method.

In addition, the timeseries of values tested for each iteration were represented, to have an overview of the parameters
tested during this phase, and this for the three chains. This helps to see how the parameter space has been sampled, and if
there was a bias at this stage. Posterior density plots for each chains were also represented, from which we extracted the
values presented in Table 2. These numbers reveal two main trends: one for Dutch sites and one for other sites (here, only
Spanish and Slovakian sites). Concerning the Dutch sites, both k1and k2 values seem to decrease, while the opposite trend
was observed when considering treatments from Spanish and Slovakian sites, in regard to control sites.

3.2.2 Evolution of the error with calibrated models

The new error (RMSE) is computed after a run with ICBM calibrated. The percentage of change of RMSE for both control
and treatments sites is given in figure 6, relatively to the initial RMSE of prediction of ICBM, before calibration (using the
default values of ICBM). We notice that RMSE change remains of the same sign for each site individually, considering
both control and treatments. Although calibration is supposed to increase model performance (so, decrease RMSE), here
it is not the case for Brasov and Gamiz sites, where we notice an increase in RMSE after calibration. Regarding the Dutch
sites however, RMSE is decreasing for all treatments considered, confirming for these three sites that the calibration has
been efficient.

4 Discussion
In this section, we will focus on interpreting the results presented previously, while reminding the assumptions that were
made and putting into perspective what could have been improved. The main objective is to explain the differences and
outcomes observed during both the evaluation and the calibration processes. We will first interpret the results of the

15



D2.12 Parametrization of short-term responses to disturbances   

www.holisoils.eu                14  

In addition, the timeseries of values tested for each iteration were represented, to have an 
overview of the parameters tested during this phase, and this for the three chains. This helps 
to see how the parameter space has been sampled, and if there was a bias at this stage. 
Posterior density plots for each chain were also represented, from which we extracted the 
mean values and their standard deviation presented in Table 2. These numbers reveal two 
main trends: one for Dutch sites and one for other sites (here, only Spanish and Slovakian 
sites). Concerning the Dutch sites, both k1and k2 values seem to decrease, while the opposite 
trend was observed when considering treatments from Spanish and Slovakian sites, in regard 
to control sites. 

Calibration has been undergone following the process described in part 2. We chose to 
calibrate two parameters over the four represented in the model. As default values for the 
model show (determined by calibration over one Swedish cropland site (Andren and Katterer, 
1997)), the value of the decay rate for the young pool is larger than the one for the old pool. 
Young C is more unstable and more available for microorganisms to be decomposed. On the 
contrary, k2, decay rate for the old pool, is very low as carbon contained in it will be more stable 
and less prone to be decomposed. Calibrating the model on control sites, we obtained lower 
values for k1, and a similar value for k2 (Table 2). This means that globally and regarding these 
sites, carbon is decomposed more slowly by microorganisms, meaning it may reside longer in 
soils and be more stable. This result can correlate with the fact that in forest ecosystems, C 
tends to be more stable than in croplands, where the model has been calibrated initially, as 
some afforestation or cropland abandonment experiments can show (Zhang et al. 2025). 

Regarding treatments, calibrated parameters remained close to those of the controls. 
However, to explore the different trends observed in RMSE changes (Figure 3), we optimized 
parameters separately for two site groups. This led to two distinct sets of values (Table 2). In 
particular, RMSE decreased significantly for the three Dutch sites (-71% on average), while it 
increased for others (+52% on average). This improvement is partly due to the initially high 
RMSE in the Dutch sites, but also possibly to their geographic and climatic similarity, which 
may have weighted and influenced the calibration. To address this, we split calibration into 
two sub-groups: Dutch sites and others. This reduces again the number of observations which 
were already low, but it may allow to have more site specific and then interpretable values of 
decay rates. Results show that in Dutch sites, carbon tends to accumulate (low k1), while in 
Spanish and Slovakian sites, decomposition is faster (high k1). This may be due to litter quality: 
Dutch coniferous stands contain more lignin, a biomolecular compound which is difficult to 
decompose (Thevenot et al., 2010), compared to water-soluble elements for instance. Climate 
effects may also not be fully captured in the r factor. Finally, higher k2 values in Spanish and 
Slovakian treatments suggest increased loss of stabilized carbon, which can possibly highlight 
the representation of the priming effect (Bernard et al., 2022), particularly under dry conditions 
like those in Dobroc. 

4. Conclusion 
This deliverable had several objectives to fulfil. First, we conducted an evaluation of a 

multi-model ensemble, aiming to represent the soil heterotrophic respiration in forest soil, at 
the European scale. To do so, we based our work on experimental forest plots monitored in 
Europe, included in the HoliSoils project. 8 of 25 available sites were selected to run this 
evaluation, after an important initial part of data gathering and processing. The evaluation 
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compared mean annual soil heterotrophic respiration between (1) observations, (2) multi-
model estimations with information coming from each experimental site and (3) multi-model 
estimations with inputs coming from open-source databases. This evaluation showed that 
there was a gap between observations and simulations, with an underestimation or 
overestimation of SHR depending on the sites. In addition, modeling with inputs coming from 
open-source databases was frequently more efficient. The ability of models to represent 
climate-smart treatments, such as thinning, clear-cut or nitrogen fertilization has been tested 
too. While most of sites and treatments seem to represent the same effect in quality (i.e. 
increase or decrease of SHR), we were not able to conclude regarding the response in terms 
of intensity of the treatment, as strong uncertainties remain in predictions. 

Second, a calibration of one of the six models, ICBM, was carried out using the same 
sites as for the evaluation. The calibration was divided into two parts: one for control sites 
and one for treatment sites. The calibrated parameters differed from the default values, likely 
due to the significant variability between sites used in the process. For treatment sites, we 
considered two distinct groups, and observed different trends in the evolution of decay rates. 
This suggests that decay rates may reflect different processes depending on site conditions 
and properties. However, this calibration process is still ongoing. 

These differences, particularly considering the evaluation part, can be divided into 
two main sources. The first is the intrinsic error of models, as they cannot be able to 
perfectly reproduce all variations observed on each site. Second, to the errors we are adding 
with our methodology, especially in the inputs. Ideally, we would have been able to distinct 
these two sources, and even suppress completely the second one. Here, we were not able to 
do so but we tried to give some ideas about how it would be possible to do so. For instance, 
an important work has been done working on input data and giving importance to litter 
inputs. Also, we did not evaluate and compare all input data, for instance climate variables 
(soil temperature and moisture) especially between timeseries we had and those given by 
open-source databases. This should have been done and could be done in the future in order 
to give more material to understand and discuss further results we obtained. Moreover, it is 
important to note that we observed a high variability of the measured fluxes, both within 
treatments and between sites. It suggests that despite trying to control most of the driving 
factors in the experiments, there is still source of variability which is not controlled and some 
key mechanisms might not be identified yet. As consequence, it is very difficult to catch this 
variability with simple first order kinetics models as we presented here. 
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