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Dear referees,

We thank two referees for their highly constructive comments and suggestions. Our
responses (in blue) are listed below. The updated manuscript is also included underneath
our responses.

We hope that our adjustments will make the manuscript clearer and more pleasing to the
referees and other readers.

Thanks & best regards,
Lan Anh & co-authors.

Reviewer #1:

This study evaluates the performance of the ORCHIDEE dynamic global vegetation
model (DGVM) in accurately depicting the effects of land-use change (LUC) on
biospheric carbon stocks across Europe. Through a systematic evaluation, the authors
compare ORCHIDEE's predictions with observation-based estimates of key variables
such as net and gross primary productivity (NPP and GPP), biomass growth patterns, and
soil organic carbon (SOC) stocks. Additionally, they employ interpretable machine
learning techniques to uncover factors contributing to discrepancies between model
simulations and observational data.

A notable aspect of this study is its comprehensive analysis of ORCHIDEE's ability to
reproduce spatial patterns and temporal trends in biospheric carbon stocks. The results
demonstrate encouraging agreement between model predictions and observed data,



particularly in capturing biomass accumulation with age and the general trends in SOC
responses to LUC. Moreover, the authors adeptly discuss both the strengths and
weaknesses of ORCHIDEE, providing a balanced assessment of its performance.

Overall, this paper makes a significant contribution to the fields of biogeochemistry and
dynamic vegetation model development. Its meticulous methodology, insightful findings,
and implications for model refinement enhance our understanding of the complex
interactions between land-use change and biospheric carbon dynamics. I commend the
authors for their rigorous approach and eagerly anticipate further advancements in this
important area of research.

Thank you very much for your appreciation.

Reviewer #2:

Summary

The authors perform a series of land model simulations for Europe and evaluate model
performance against observations for key carbon variables, including soil carbon change
due to land use change. They conclude that the model’s performance is reasonable, given
its limitations.

Overall comments

I appreciate this effort to validate key carbon outputs of ORCHIDEE. In particular, the
approach for assessing soil carbon change due to land use change is clever. The paper is
also well organized and relatively clear.

Thanks for your appreciation.

I do have the following main concerns, however:

1) Some of the methods are unclear; see below for details. In particular, it isn’t clear how
you obtained your forest age outputs from the listed simulations.

Sorry for that. We have improved the manuscript to clarify the method section by
including more detailed information on biomass (forest age) simulation and the
computation of model biases.

2) I think that the experimental design for land use change is not adequate. Steady-state
assumptions and inappropriate transition years introduce error into the desired



relationships. You have information on the age of transitioned sites or the year of
transition. And you have historical driving data for the model. You may even have
site-specific meteorological driving data. While it may be difficult to simulate hundreds
of individual sites, you can at least set up historical simulations that represent
site-specific transition years, and don’t assume steady-state values. You can use the
transient land cover up to the specified year in a cell, then make the desired PFT
transition and then keep it constant for the rest of the simulation. Since SOC is PFT
specific, just set the other PFTs to something else and then hold them constant also. This
way the climate data are also more aligned with your observations. I think this could
improve your results.

We have added further information to clarify this approach. We fully agree that our
method is generally "idealised" by fixing the 1950 model transition year. However,
producing more realistic predictions is challenging given the available data and the
European scope of this study (please see detailed discussion below). Despite this, we
have followed your suggestions and conducted additional historical simulations to
account for site-specific transition years. The new results, however, do not significantly
differ from our initial findings. Therefore, we decided to keep our initial results in the
main manuscript but included the additional simulations and their results in the
Supplementary Material. Additional discussions and comments on this matter have also
been added to the manuscript.

3) The conclusions regarding model performance are overstated. If these results are
comparable to other models, this needs to be referenced.

We have rephrased the conclusions regarding model performance to avoid overstating our
findings. We have also incorporated more references and comparisons with other models
into the manuscript.

Please find below our responses to each of your specific comments.

Specific comments and suggestions

Abstract

Clarify that carbon stock change analysis is just for SOC.

We add in line 7: “Second, we evaluate the predicted response of soil carbon stocks to
LUC...”



Materials and Methods

line 142: but you include data with the forest floor. so this statement about excluding this
is not true at all sites.

This statement refers only to LUCAS data, while the forest floor refers to the
meta-analysis introduced in the latter part of the sub-section.

We added in the text:

“The LUCAS sampling was conducted at different depths, ... while excluding
above-ground vegetation residues, grass, and litter. ”

lines 219-227: are the subsequent sims (eg, FG2F) done without wood harvest?

No, they are done with wood harvest. We clarified this point here, as well as in the text in
Table 3:

line 220: “.. (with historical meteorology, CO2 concentrations, and wood harvest data)
Tab. 3: in FG2F section: Historical simulation with transient climate, CO2, and wood
harvest ...

line 220: this does not seem to be in steady state to me. climate is changing and did wood
harvest stop only 50 year prior?

The equilibrium stage refers to the end of FG1F simulation, during which wood harvest
was held constant at the values for the year 1900. For the following transient simulation
from 1901-1950, we used the specific wood harvest values for each year as prescribed by
the forcing data we used (see in Section 2.1).

We clarified this in the manuscript:

“... Here, we fixed land cover to 100 % TeBS. At this stage, the biomass and SOC stocks
are in equilibrium. In the second step, we ran a historical simulation FG2F from 1901 to
1950 for this same PFT (with historical meteorology, CO2 concentrations, and wood
harvest data), restarting from the last year of the spin-up simulation FG1F. To perform the
LUCs ...”

line 255: what is the soil depth in the model? I don’t see it in the methods.

We add this information in line 99 : “In ORCHIDEE, the module of soil has an assumed
globally uniform depth of 2 m. Note however that soil carbon is not depth discretized and
average values of soil temperature, moisture and clay content are used.”



line 256: should there be different beta”30 and beta”d0?

Here, we used the same value for beta (= 0.9786), the difference is from dO which varies
depending on the considered sample (e.g. d0 = 200 for all model simulation samples).

We add:

“For instance, a simulated sample Xz at 2 m depth (d0 = 200) is converted into the
topsoil sample using the equation X5, = (1-0.9786" ) / (1-0.9786°") x Xype = 0.48 x

29
XORC .

lines 284-290: unclear. how do you do model biases per site when you have an aggregate
observed SOC change function? is the subset taken from model cells corresponding to the
sites?

We add more information to this paragraph to make it clearer:

“ The bias is calculated for each site-observation taken from the meta-analyses (Tab. 2).
For this, we compared the observed SOC stock changes per site with corresponding
simulated values from the corresponding ORCHIDEE grid cells. Then we analysed which
predictor variables best explain the site-to-site variations in model bias for each LUC
scenario .”

orchidee performance

lines 299-301: the mode alignment to observations is overstated. 40% is not a relatively
small difference. figure 1 clearly shows that some model medians outside of the 25-25th
percentile boxes.

We rephrase this comment into:

“Figure 1 compares the simulated NPP and GPP values with site observations (Sect.
2.2.1). Both simulations and observations exhibit comparable value ranges across various
PFTs, notably showcasing good performance in temperate forests and temperate C3
grasslands, where the relative differences in the medians are around 10 %. However, the
ORCHIDEE simulation results often present a narrower range than the observed site
data.”

lines 310-328: It isn’t clear how you obtained the model data for the different age classes.
your BM simulations appear to be spun up with the PFTS, and then continue with these
PFTs. Where is the starting point for a PFT to determine its age? see lines 197-200.

Sorry for the confusion. In fact, there is a clear-cut simulation before the transient
simulation, after which the biomass in the PFTs regrows from approximately zero. This
information is now added in the model simulation section to clarify this point.



line 200: *“ In addition, a forest clear-cut simulation is performed before running the
transient simulation, and during FG2 the biomass regrows from approximately zero.
Thus, the simulated forest age was defined as time since the beginning of the FG2
simulation. ”

lines 330-337, figure 4: it is difficult to see the differences in figure 4. 1 suggest replacing
4b with the difference plot: model - obs

We update the figure and adjusted the description and relevant text accordingly:

line 331: * The difference between our simulated SOC stocks from LUCAS data is
presented in Fig. 4b.”

In the Figure caption: “Maps showing the stocks after soil organic carbon (SOC in kg
m™?) based on the LUCAS topsoil database (a) and the deviation of simulated SOC stocks
from these observation based estimates (b).”

lines 265-282: not sure how comparable the simulated and observed response functions
are. the simulated one depends on particular climate forcing during the 20th century
before and after transition. the observed one is based on contemporary measurements
using space for time and transition years that do not correspond with your fixed 1950
model transition year, and there is a general and possibly invalid assumption that
everything is in steady-state prior to transition. lines 373-381:1 suspect these results are
affected by a site-specific training to simulations that are not site specific.

We acknowledge that our simulations are an approximation of reality, as indicated in the
manuscript. However, it is very challenging to produce more realistic predictions given
the available data, due to the following issues:

e Many studies provide only the age of land conversion, not the exact transition
year.

e Most experiments use paired plots (or chronosequences), comparing adjacent sites:
one with original land cover and the other with new land cover after LUC.
Consequently, even with the transition year included, there is uncertainty related to
representativeness of present day SOC stock from the paired site for the SOC prior
to the LUC.

e In addition, within one study (or one observation field), several sub-sites with
different transition years (and/or different transition types) are selected to compare
with the site of original land cover. It often occurs that several sites of field
observation are often located within the same grid cell, as the resolution of the
ORCHIDEE model grid is quite coarse (0.5°=50 km) . This makes the attempt to



account for all observed samples challenging, as we would have to produce input
fields for ORCHIDEE (e.g soil properties, climate etc) at a higher resolution and
to set-up several simulations with different transition years for the grid cells of
concern.

e Furthermore, it is not possible to reproduce the land use history of a given site
based on the PFT maps, because they only give the shift in areal proportions of
different PFTs within a grid cell of an already substantial spatial extent , but no
information of the exact land use and land use change at the observation site.
Please note that we already treat this issue in the discussion section (line
455-458).

Due to difficulties mentioned above, it is not possible to perform more realistic
simulations, in particular given the European scope of this analysis.

Nevertheless, we followed your suggestions and conducted additional historical
simulations to account for site-specific transition years. However, these new results are
not significantly different from our initial results , while we end up with less data points
for our analysis after discarding data points with no identifiable year of conversion (see
Fig. S5 below). For that reason, we decided to keep our initial results, but provided
discussions/comments on this matter, referring to these additional simulations and their
results that we added to the Supplementary Material.

he end of 2.3.2. Idealised L. imulations:

“We acknowledge that defining 1950 as the same year of LUC in our simulations
increases the uncertainties when comparing simulations to observations which relate to
different years of LUC. Note that only a fraction of the studies from which we source the
observed LUC impacts on SOC stocks specify the year of LUC. To explore this source of
uncertainty, we thus conducted tailored simulations matching the individual years of LUC
reported in these studies, and compared the results to simulations using 1950 as the year
of LUC. Detailed information about these additional simulations is provided and
discussed in Sect. S1 of the Supplement.”

We added in the Discussion:

line. 429: “Additionally, our idealised assumption regarding the transition year in 1950
may introduce uncertainties to the model outputs. However, as shown in Sect. S1 of the
Supplement, considering the actual transition year does not significantly enhance
agreement with observations. This might be due to the limited number of available



samples. It is also possible that the impact of climate change on LUC effects over the past
century is not substantial. If the latter is true, using an idealised transition year should not
create significant issues.”

We added in the Supplementary Material:
“S1. Idealised land-use change (LUC) simulations using realistic land-use transition

matrices

We performed additional simulations to account for transition years specific to each site.
These simulations are similar to the idealised LUC simulations presented in Sect. 2.3.2,
involving two main processes: (1) the spin-up simulation FG1 to establish the equilibrium
state for each land cover type, and (2) the historical simulation FG2. In the second step,
we conducted FG2 using land-use transition matrices instead of a fixed 1950 transition
year. The land-use transition matrix is constructed based on the land cover change and
transition year information. For example, to perform the LUC from forest to crop (e.g.
Temperate needleleaf evergreen forest (TeNE) to C3 crop (C3C)), the land cover is
initially set to 100 % TeNE for all grid cells across Europe. Then, we adjusted this map to
carry out the LUC by setting the land cover at the respective grid cell to 100 % C3C at
the corresponding transition year. This grid cell is then kept constant for the remainder of
the simulation time. The simulation stops at the observed experiment year.

The land-use transition matrices depend on the observed transition information. However,
this information may not always be provided in the meta-analyses (Tab. 2). Only 53 of
the 102 study sites have a specific LUC year reported. Therefore, sites without transition
year information are excluded. Additionally, within one study or one observation field,
observation sites are often very close to each other. On the other hand, the ORCHIDEE
model has a spatial resolution of 0.5° x 0.5°. Therefore, if multiple observation sites are
located in the same grid cell, only one sample is chosen. The final number of selected
samples for each LUC transition case is shown in Fig. S5. Due to the limited number of
samples, we do not conduct additional fitted carbon response functions (CRFs, see Sect.
2.4.2).

The comparisons of observed and simulated SOC changes for different LUC transitions
are shown in Fig. S5. Here, we directly compared the observed absolute change in SOC
with the corresponding simulated change for each selected site. The observed and
simulated CRFs (see Tab. S6) that are based on available observation sites and the
assumed LUC year 1950 are presented for comparison.



The simulated responses in both cases - with the individually reported transition years
(Fig. S5) and the idealised transition year in 1950 (Fig. 6) - show similarities: the model
aligns with the observed changes but underestimates the amount of carbon gained or lost.
The improvement is not significant for several reasons. One major factor could be the
absence of site historical information. Although the exact transition year is known,
accurately reconstructing the land use history of a particular site is impossible.
Additionally, most experiments utilise paired plots or chronosequences to compare two
adjacent sites: one with the original land cover and the other with new land cover
following LUC. On the other hand, our simulations consider only a single site within a
grid cell, analysing its behaviour before and after the LUC. This approach is used to
accommodate the current European scope of the analysis and to minimise computational
costs. More realistic simulations incorporating detailed information on land use history at
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a site-specific scale would provide more precise and reliable results.
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Figure S5. The absolute soil organic carbon changes (in kg m™?) from site observations in
meta-analyses (black circles) compared to corresponding ORCHIDEE simulated data
(grey lines) for different land-use changes (LUCs: cropland-to-grassland (C — to — G),
grassland-to-cropland (G—to—C), grassland-to-forest (without and with forest floor
G—to—F,or, G—to—Fysr), cropland-to-forest (C—to—F, . and C—to—F,), and
forest-to-cropland (F —to—C,,.sr). The first number in the parenthesis indicates the number



of study sites, and the second is the number of samples in the meta-analyses. Here,
temperate broadleaf summergreen (ORCs) is considered for the forest sites in all
ORCHIDEE simulations, except for F—to—C,z in which temperate needleleaf evergreen
(ORCrng) 18 considered. The fitted carbon response functions (CRFs, black lines) + 95 %
confidence interval (black dotted lines) and simulated CRFs (magenta and green line)
corresponding to all observation samples (Tab. S6, Fig. 6) are included here for
comparison.

Discussion

line 394: this does not seem like a positive ‘noteworthy’ here. you focused on sites that
matched the model PFTs, and while several processes may not be represented, the
correlations are not very good.

If this is comparable to other models, you need to reference their evaluations.

We add here a comparison to other studies:

“For SOC stock simulation, a Pearson’s correlation of 0.4 between observed and
simulated SOC values (Fig. 4) is significant, given the absence of certain controlling
factors and processes in the model version used. This score is similar to those in other
DGVM models (Wu et al., 2019; Seiler et al., 2022). For example, Wu et al. (2019)
demonstrated a correlation coefficient of approximately 0.45 between LPJ-GUESS (a
global dynamic ecosystem model) and SoilGrids (an observation-driven global soil
dataset) on a global scale, and lower correlation scores among different land cover
classes. In this study, ... ”

References:

Wu, Z., Hugelius, G., Luo, Y., Smith, B., Xia, J., Fensholt, R., Lehsten, V., and Ahlstrom,
A.: Approaching the potential of model-data comparisons of global land carbon storage,
Scientific Reports, 9, 3367, https://doi.org/10.1038/s41598-019-38976-y, 2019.

Seiler, C., Melton, J. R., Arora, V. K., Sitch, S., Friedlingstein, P, Anthoni, P, Goll, D.,
Jain, A. K., Joetzjer, E., Lienert, S., Lombardozzi, D., Luyssaert, S., Nabel, J. E. M. S.,
Tian, H., Vuichard, N., Walker, A. P, Yuan, W., and Zaehle, S.: Are Terrestrial Biosphere
Models Fit for Simulating the Global Land Carbon Sink?, Journal of Advances in
Modeling Earth Systems, 14, e2021MS002 946,
https.//doi.org/https://doi.org/10.1029/202 IMS002946, e2021MS002946 202 1MS002946,
2022.

lines 399-400: this is actually a feature of averaging, not climate.



Yes, it is possible that this could be due to the smoothing effect. However, climate could
also contribute to this improvement since climate factors operate at larger scales. When
data are aggregated, the influence of these large-scale climatic factors might become
more apparent, improving correlation.

We also ran a simple simulation (not shown in the manuscript) to strengthen this
hypothesis: We performed a random forest regression between soil organic carbon stock
(observed and modelled) and a set of explanatory climate variables (i.e. air temperature,
rain, and solar net radiation). Then, we performed spatial aggregation comparisons across
different grid scales (0.5° x 0.5°, 1° x 1°, 2° x 2°, and 3° x 3°) to identify if climate is one
of the main drivers for large-scale patterns.

The results indicate a stronger coefficient of determination (R? score) at a coarser
resolution for LUCAS data (e.g. R* = 0.22 at 0.5° grid-scale and R* = 0.51 at 3° grid scale
over all grassland sites), whereas this is not observed for ORCHIDEE outputs (e.g. R? =
0.86 at 0.5° grid-scale and R* = 0.83 at 3° grid scale over all grassland sites). As
expected, since the ORCHIDEE model is based on climate data at 0.5° grid-scale,
increasing the size of climate patterns does not impact the model outputs. On the other
hand, a higher score obtained at a 3° grid scale signifies that climate is one of the main
drivers for large-scale patterns of the observed SOC stock.

Finally, we rephrase the sentence and add a reference to it:

..., we find that larger grid scales demonstrate a stronger correlation, which may be
driven by climate patterns (Wang et al., 2023). ...”

Reference:

Wang, X., Lin, D., Zhao, L., and Michalet, R.: The Relative Importance of Coarse-Scale
Climate and Fine-Scale Nitrogen Availability Contrasts in Driving Home-Field
Advantage  Effects in Litter Decomposition, Ecosystems, 26, 1456—1467,
https://doi.org/10.1007/s10021- 023-00844-2, 2023

Conclusions

lines 447-449: this agreement is overstated.

We rephrase this paragraph to:

“Our research investigated the ability of the DGVM ORCHIDEE model to reproduce
what is known from experimental studies about LUC impacts on biospheric carbon. We
performed various comparisons between simulations and experimental data, including
on-site measurements and data from meta-analyses.”
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Correspondence: Thi Lan Anh Dinh (lananh.dinh@hotmail.com)

Abstract.

Land-use change (LUC) impacts biospheric carbon, encompassing biomass carbon and soil organic carbon (SOC). Despite
the use of dynamic global vegetation models (DGVMs) in estimating the anthropogenic perturbation of biospheric carbon
stocks, critical evaluations of model performance concerning LUC impacts are scarce. Here, we present a systematic evalu-
ation of the performance of the DGVM ORCHIDEE to reproduce observed LUC impacts on biospheric carbon stocks over
Europe. First, we compare model predictions with observation-based gridded estimates of net and gross primary productivity
(NPP and GPP), biomass growth patterns, and SOC stocks. Second, we evaluate the predicted response of soil carbon stocks
to LUC based on data from forest inventories, paired plots, chronosequences and repeated sampling designs. Third, we use in-
terpretable machine learning to identify factors contributing to discrepancies between simulations and observations, including
drivers and processes not resolved in ORCHIDEE (e.g. erosion, soil fertility). Results indicate agreement between the model
and observed spatial patterns and temporal trends, such as the increase in biomass with age, when simulating biosphere carbon
stocks. The direction of the SOC responses to LUC generally aligns between simulated and observed data. However, the model
underestimates carbon gains for cropland-to-grassland and carbon losses for grassland-to-cropland and forest-to-cropland con-
versions. These discrepancies are attributed to bias arising from soil erosion rate, which is not fully captured in ORCHIDEE.
Our study provides an oriented benchmark for assessing the DGVMs against observations and explores its potential in studying

the impact of LUCs on SOC stocks.

1 Introduction

The terrestrial biosphere, with its organic carbon stocks in biomass and soils, currently acts as a sink for anthropogenic CO2
emissions (Lal, 2008; Canadell and Schulze, 2014; IPCC, 2023; Friedlingstein et al., 2023). It has long been known that
land use and land-use changes (LUCSs) significantly alter the quantity of carbon stored in both biomass and soil (Guo and
Gifford, 2002; Laganiere et al., 2010; Deng et al., 2014; Le Quéré et al., 2015; Sanderman et al., 2017). For example, afforesta-
tion and reforestation activities can increase biomass carbon stocks and, consequently, expand soil and litter carbon reserves.
LUC-induced changes in soil organic carbon (SOC) stocks result from changes in the quality and quantity of litter inputs or

decomposition processes driven by shifts in soil moisture and temperature regimes. As such, investigating the implications of
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LUC on biospheric carbon pools and fluxes becomes indispensable in shaping effective climate change mitigation strategies
and fostering sustainable land management practices (Watson et al., 2007; Arora and Boer, 2010; IPCC, 2022). A compre-
hensive understanding of these dynamics is essential for harnessing the potential of carbon sequestration in climate change
mitigation efforts and achieving global sustainability goals (Lal, 2004; Canadell and Schulze, 2014).

Dynamic global vegetation models (DGVMs) serve as indispensable tools for estimating regional and global changes in
biospheric carbon stocks in response to climate change and LUC (Nyawira et al., 2016). Accurate evaluation of DGVMs against
observational data is however crucial to assess their reliability in representing biomass and soil carbon dynamics. In addition, to
the best of our knowledge, very few studies have comprehensively compared observed data and model simulations concerning
tree biomass versus age across large spatial scales. Here, we present a benchmark procedure to comprehensively evaluate
a DGVM’s performance to reproduce LUC impacts on biomass carbon and SOC stocks using diverse observational data
sources. The approach is applied to assess the performance of the Organising Carbon and Hydrology in Dynamic Ecosystems
(ORCHIDEE) model (Krinner et al., 2005).

In the recent past, a wide range of meta-analyses has been published, focusing on SOC changes following LUC (Guo and
Gifford, 2002; Laganiere et al., 2010; Poeplau et al., 2011; Poeplau and Don, 2015; Li et al., 2018; Fohrafellner et al., 2023).
One of the key advantages of these meta-analyses is their utilisation of various quality checks to combine and aggregate
local-scale measurements. Through this approach, the meta-analyses offer valuable insights into the representative ranges and
averages of magnitudes and speed of changes in SOC stocks following LUC (Poeplau et al., 2011; Li et al., 2018). As a
result, meta-analyses can be used to validate DGVMs’ ability to reproduce SOC stock dynamics following LUC. Nevertheless,
very few DGVMs have been evaluated against such meta-analyses (Nyawira et al., 2016), while for most DGVMs, such an
evaluation is yet to be performed.

Our goal is to create a universal benchmark that can be used by DGVMs in general, making it easier to evaluate how
well these models simulate changes in biomass carbon and SOC stocks after LUC. We build this LUC-carbon benchmarking
framework at a continental scale in Europe. To achieve this, we will use a combination of diverse observational data sources and
employ the ORCHIDEE model. This approach provides insights and a more profound comprehension of the model processes
as we compare them with the observations. The first step involves verifying whether the model reproduces carbon fluxes and
stocks accurately. Next, we assess the simulated impact of LUC on SOC stock changes by comparing it with observational data
from meta-analyses. Five LUC transitions will be considered: cropland-to-grassland (C' — to — G), grassland-to-cropland (G —
to—C"), cropland-to-forest (C'—to— F'), grassland-to-forest (G —to— F'), and forest-to-cropland (/'—to— C). Then, we explore
potential factors that may cause model bias when simulating changes in SOC stock for each LUC scenario. In the following,
we will (1) introduce materials, including a brief description of the ORCHIDEE model and observational databases used; (2)
describe the model set-ups and comparison process used in this study; (3) assess the model’s performance in reproducing carbon
stocks, stock changes, and the major related carbon fluxes; (4) compare simulations against meta-analyses of observations
of soil carbon dynamics following LUC, and investigate potential factors that contribute to model bias; and (5) discuss the

comparisons, sources of discrepancies, and challenges in model-data comparison.
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2 Materials and methods
2.1 Organising Carbon and Hydrology in Dynamic Ecosystems model

ORCHIDEE version 2.2 is a state-of-the-art DGVM designed to simulate carbon, water and energy fluxes from local sites to
the global level (Krinner et al., 2005). It calculates the energy and hydrology budget of the terrestrial biosphere at half-hourly
intervals, distinguishing 15 plant functional types (PFTs, shown in Tab. 1) (Ducoudré et al., 1993; de Rosnay and Polcher,
1998). In addition, it simulates vegetation phenology as well as carbon dynamics, including photosynthesis, maintenance and
growth respiration, carbon allocation in vegetation biomass, production and decomposition of litter, and soil carbon dynamics
at daily time-steps (Krinner et al., 2005). The basic scheme of biospheric carbon cycling representation in ORCHIDEE is
described in Appendix A.

ORCHIDEE is forced with meteorological data, wood harvest maps, soil texture, and land cover maps to prescribe the areal
proportion of each PFT in each model grid cell for a given point in time. When land cover changes happen, PFT-level carbon
stocks are redistributed from the shrinking PFT to the expanding one.

All simulations described in this study share the same forcing data. In detail, we employed the CRU JRA v2.3 dataset for
meteorological forcings with a spatial resolution of 0.5 degrees. This dataset is accessible for the period spanning 1901 to
2021 and is available at https://catalogue.ceda.ac.uk/uuid/38715b12b22043118a208acd61771917. The CRU JRA v2.3 data
comprises 6-hourly records of various variables, including temperature at 2 m above ground, air pressure, specific humidity,
wind speed, precipitation (rain and snow), and downward longwave and shortwave radiation. The land-cover map is from the
ESA LUH2v2 data (Lurton et al., 2020), i.e. a combination of the European Space Agency (ESA) Climate Change Initiative
land-cover map (www.esa-landcover-cci.org/) and the historical land use harmonisation database (LUH2v2, Hurtt et al.
(2020)). This data provides areal fractions for each of the 15 PFTs within individual cells of the modelling grid. The land
cover map is updated annually, and LUC is represented as an abrupt transition of land cover at the beginning of each year.
More subtle LUC changes, like changes in management intensity, are not considered due to a lack of historical data. Over
standard historical gridded simulations, LUC change is treated as a continuous process, slightly increasing or decreasing the
areal proportion of one or more PFTs at the detriment of others. The litter and SOC pools inherited from a disappearing PFT to
a target PFT are merged with the existing litter and SOCs pools of the target PFT, which already occupy a fraction of the grid
cell. This dilution of a small amount of newly delivered litter and SOC brought from LUC into a large amount of SOC already
existing in the target PFT area conserves mass but makes it impractical to compare SOC and litter change with observations
because observations come from sites where 100 % of a PFT is converted to another.

Therefore, we built idealised LUC scenarios in which we assume an abrupt transition referring to a 100 % conversion from
one PFT to another in a grid, meaning there is no dilution of old soil carbon signals into the new PFT area. This transition is
based on homogeneously prescribed land cover consisting of one single PFT, not on changing land cover maps. This abrupt
change run is necessary to make simulations comparable to observations at the site level, which consider local change from
one PFT to another, rather than a change in PFT mix from the landscape perspective usually taken by a DGVM such as

ORCHIDEE. The wood harvest map is sourced from the LUH2v2 database. It provides the wood harvest data as annual areal
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Table 1. ORCHIDEE plant functional types (PFTs) and PFT-specific parameters. Values in parentheses indicate the modifications in the
simulation set-ups (detailed in Sect. 2.3). (Vemae represents the maximal rate of carboxylation (= the potential photosynthetic capacity)

(wmol m=2 s™1), Fyrowthresp 1s the fraction of gross primary production (GPP) which is lost as growth respiration.)

No PFT Name Vemaz Fyrowthresp
1 BS Bare soil - -

2 TrBE Tropical broadleaf evergreen forest 45 0.35

3 TrBR Tropical broadleaf raingreen forest 45 0.35

4 TeNE Temperate needleleaf evergreen forest 35 (44.45) 0.28 (0.1)
5 TeBE Temperate broadleaf evergreen forest 40 0.28

6 TeBS Temperate broadleaf summergreen forest 50 0.28

7 BoNE Boreal needleleaf evergreen forest 45 0.35

8 BoBS Boreal broadleaf summergreen forest 35 0.35

9 BoNS Boreal needleleaf summergreen forest 35 0.35
10 TeGC3  Temperate natural C3 grass 50 0.28
11 GC4 Natural C4 grass 50 0.28
12 C3C C3 crop 60 0.28
13 C4C C4 crop 60 0.28
14  TrGC3  Tropical natural C3 grass 50 0.25
15 BoGC3 Boreal natural C3 grass 40 0.35

flux rates of carbon in the extracted biomass (gC m~2 yr~1). This means that this data can be applied to different PFT maps
without causing extreme flux rates due to inconsistent representation of forest area. The soil texture classification relies on
the study of Zobler (1986). This scheme distinguishes seven texture classes, which for ORCHIDEE are further aggregated to
three texture classes (i.e. coarse, medium, fine), each associated with specific soil physical properties. This classification is
essential in simulating the soil water budget, and through that, it also significantly affects vegetation dynamics. In addition, it
impacts soil carbon dynamics by directly influencing the turnover rates of SOC through clay content and its presumed effect of
enhancing the physical protection of the active SOC pool. In ORCHIDEE, the module of soil has an assumed globally uniform
depth of 2 m. Note however that soil carbon is not depth discretized and average values of soil temperature, moisture and clay

content are used.
2.2 Observation-based data

To evaluate the model performance concerning the dynamics of carbon stocks, we compare simulation results against obser-
vations of net and gross primary production (NPP and GPP, respectively), which are the primary controlling factors on land
carbon stocks; paired observations of above-ground biomass and plant age (Somogyi et al., 2008; Schepaschenko et al., 2017);

observation-based maps of SOC; and SOC stock changes due to LUC. For the investigation of potential factors (detailed in
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Sect. 2.2.4) causing model bias in estimating changes in SOC stocks due to LUC, we used meteorological data from the CRU

JRA dataset and soil-related data from LUCAS soil surveys.
2.2.1 Primary production

Annual NPP data were derived from a comprehensive database forest ecosystem from Luyssaert et al. (2007), including a
rigorous selection of single or multiple direct measurements and modelled fluxes. The model-generated fluxes in this database
closely match the observed data because they were generated using a mechanistic process model with daily or more detailed
climatological data, calibrated with site-specific parameters, and validated against site-specific measurements. The data are
available at https://www.Isce.ipsl.fr/en/Phocea/Pisp/visu.php?id=124&uid=sebastiaan.luyssaert. NPP is reported at different
levels ranging from a single plant component (e.g. foliage or stem NPPs) to the complete plant. Here, we selected the most
superficial aggregation level of the total NPP (i.e. the sum of above-ground (foliage + wood) and below-ground (coarse + fine
roots) NPP components).

The observed annual GPP data were obtained from four datasets. The first dataset was, similar to the above NPP dataset, ex-
tracted from the global forest database from Luyssaert et al. (2007). Second, GPP data were also gathered from the FLUXNET
2015 dataset, including data from multiple regional flux networks (Pastorello et al., 2020). This dataset collects eddy covari-
ance measurements of carbon, water, and energy fluxes between the biosphere and atmosphere. It can be downloaded from
https://fluxnet.org/data/fluxnet2015-dataset/. Over our study area, these GPP data are available mainly from 1996 to 2015.
Thirdly, additional GPP data from European sites in 2020 were collected from the Integrated Carbon Observation System
(ICOS), a European-wide greenhouse gas research infrastructure. Finally, GPP data were also gathered from Campioli et al.
(2015). Like the comprehensive database of Luyssaert et al. (2007), Campioli et al. (2015) compiled the data from individual
studies using harvest, biometric, eddy covariance, or process-based model estimates of primary production. In addition, this
dataset includes data not only from forest sites but also from grassland and cropland sites.

More detailed information on the selected NPP and GPP sites from different sources can be found in the Supplement
(Tabs. S1 to S4).

2.2.2 Biomass

The biomass dataset considered here includes in situ estimates for the different plant compartments (i.e. foliage, stem, and
branch) and spans across all of the European biomes (Fig. S1 in the Supplement). The dataset consists of a collection and
harmonisation of available open forest inventory databases (e.g. Somogyi et al. (2008); Schepaschenko et al. (2017); Anderson-
Teixeira et al. (2018)) used already to quantify ecological and environmental controls on the spatial variability of stand age
(Besnard et al., 2021). Despite the global nature of the dataset, given the current European scope of this analysis, here we
focused on locations in Europe where the total above-ground biomass (AGB) could be estimated based on in situ measurements.
The final dataset comprises 603 sites, including six PFTs (TeNE, TeBS, BoNE, BoBS, and a few sites of TeBE and BoNS). The
average stand age is 58 years (with a standard deviation of 43), and the mean AGB is 6.4 kgC m~?2 (with a standard deviation

of 4.5).
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2.2.3 Soil organic carbon

Data on SOC stocks were obtained from the Land Use and Cover Area frame Statistical (LUCAS) survey collected during the
2018 (Orgiazzi et al., 2018). The EFJEASsei} This dataset offers comprehensive information on various chemical and physical
soil properties throughout the European region. The LUCAS sampling was conducted at different depths, primarily focusing on
the fine soil component of the top 20 cm of the soil column while excluding above-ground vegetation residues, grass, and litter.
Site selection for our study was based on the availability of observed organic carbon content, bulk density, and the fraction of
coarse fragments within the top 20 cm layer. In addition, the land-use information was consistently available for all samples.

We considered the latest surveys from LUCAS 2018 topsoil data (Fernandez-Ugalde et al., 2022), which can be downloaded
from the European Soil Data Centre website https://esdac.jrc.ec.europa.eu/content/lucas-2018-topsoil-data. However, it is
important to note that, at the time of writing this manuscript, the fraction of coarse fragments was not included in the LUCAS
2018 topsoil data and had to be obtained from a previous survey, LUCAS 2015 (Jones et al., 2020). We downloaded and
extracted the coarse fragments data from https://esdac.jrc.ec.europa.eu/content/lucas2015-topsoil-data and then combined
them with the LUCAS 2018 topsoil data. Furthermore, our analysis focused only on samples associated with forest, grassland,
and cropland land uses, excluding other land-use types not represented by the PFTs of ORCHIDEE, such as shrubland or
wetlands. In total, we identified and included 5150 sampling sites in our study.

The total SOC (in kg m~2) stocks were then calculated based on the following equation (Batjes, 1996):

OC xBD x D x (1-CF)

500 = 100

(1

in which OC is organic carbon content (¢gC kg~'), BD is bulk density (¢gC ¢cm™3), D is soil depth (cm), and CF is volumetric
fraction of coarse fragments (> 2 mm).

We compiled data from 102 study sites sourced from 34 peer-reviewed publications (detailed in Tab. S5 in the Supplement)
investigating the impact of LUC on soil carbon stocks in the European region. Our selection process included several criteria
to identify relevant SOC data from these studies. Firstly, we focused on five specific LUC transitions: cropland-to-grassland
(C' —to— @), grassland-to-cropland (G —to— ('), cropland-to-forest (C' — to — F’), grassland-to-forest (G —to— F’), and forest-
to-cropland (F' — to — C). Secondly, we included only studies with either paired plots, chronosequences, or repeated sampling
designs. Paired plots involve assessing two adjacent sites—one that has not experienced LUC and has the original land cover
and the other with a new land cover after LUC. Similarly, chronosequences utilise adjacent plots with different ages of new
vegetation since conversion to another land-use type. Repeated or mono-site sampling involves the periodic collection of soil
samples at the same location/site. A "space-for-time" approach, assuming that the SOC stocks of prior land use are in a steady
state, is used in paired plots and chronosequences. Thirdly, we required information about whether the forest floor (i.e. the
above-ground litter organic layer) was included in the sampling process for forest sites. Finally, additional relevant properties
such as sampling depth, land-use history, age of current land-use, and the unit of soil carbon stocks must be provided. The

collected data were finally categorised into seven conversion types, as detailed in Tab. 2.
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Table 2. Number of study sites and samples, mean sampling depths with standard deviation and mean current land-use age for the local-scale

observations in the meta-analyses.

LUC ID Ngites  Nsamples Depth (cm) Age (years)
Cropland-to-grassland C-to-G 33 49 33.71 £22.25 28.55
Grassland-to-cropland G-to-C 17 49 42.12 + 14.58 49.86
Grassland-to-forest (mineral soil or without forest floor)  G-to-Fyorpr 34 49 349 4+ 14.59 40.24
Grassland-to-forest (with forest floor) G-to-Furr 25 38 30.53 +2.26 38.71
Cropland-to-forest (mineral soil) C-to-FuwoFF 15 65 3425+ 17.17 37.43
Cropland-to-forest (with forest floor) C-to-FurFr 8 63 27.86 + 3.33 30.25
Forest-to-cropland (mineral soil) F-to-Cyorr 7 33 33.33 £ 14.77 17.45

2.2.4 Additional data for model bias attribution

We considered two important meteorological variables, the air temperature at 2 m above ground and precipitation, which are
derived from the CRU JRA (Climatic Research Unit and Japanese Reanalysis) v2.3 dataset. This dataset is also used for the
meteorological forcings in ORCHIDEE and will be detailed in the next section (Sect. 2.3).

Soil-related data are obtained from Ballabio et al. (2019), who provided maps of soil chemical properties at 500 m spatial
resolution across Europe using soil point data from LUCAS 2009/2012 soil surveys (Toth et al., 2013). These datasets align with
the observed SOC stocks (see in Sect. 2.2.3) and are considered among the most reliable data sources for Europe (d’ Andrimont
et al., 2020). Our focus was on three key properties: soil carbon-to-nitrogen (C'N) ratio, nitrogen (/V), and phosphorus (P). The
data was retrieved from https://esdac.jrc.ec.europa.ecu/content/chemical-properties-european-scale-based-lucas-topsoil-data.
Additionally, our study considered annual soil erosion rate in 2009 (Fendrich et al., 2022), available at https://esdac.jrc.ec.e
uropa.eu/themes/historical-reconstruction-erosion, we considered to be representative for the last decades. The maps of all

soil-related data are aggregated to 0.5° grids to match with ORCHIDEE resolution.
2.3 ORCHIDEE simulations

We conducted simulations with the ORCHIDEE model across Europe [33° N to 70° N and -10° E to 40° E] for a straightfor-
ward comparison to observational data (Tab. 3). These simulations can be categorised into two groups: (a) realistic simulations
for the historic period aimed at evaluating the ORCHIDEE model’s ability to reproduce observed primary production (NPP,
GPP), biomass carbon and SOC stocks, and (b) idealised LUC simulations aimed at evaluating the biomass carbon stocks

changes and the effects of LUC on SOC stocks in terms total magnitude and timing.
2.3.1 Historical simulations

Firstly, the realistic simulation, referred to as RLS, is inspired by the default configuration and parameters inspired in the

TRENDY protocol (Sitch et al., 2015), including two steps. In the first step of our simulations (F'G'1), we spun up the model
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to reach a steady state as representative for the year 1950. This involved conducting a simulation over 340 years, with a
30-year loop of meteorological forcing data (1921-1950), as well as fixed values for atmospheric CO2 levels, PFT maps,
and wood harvest, all corresponding to the year 1950. The PFT map employed here consists of 15 PFTs (Boucher et al.,
2020), as specified in Tab. 1. In the second step, we ran a transient simulation (F'G2) from 1950 to 2020 using historical
meteorology, CO2 concentrations, and wood harvest data. The F'G2 was restarted from the last year of output of F'G1. These
RLS simulation outputs are evaluated against the observation-driven NPP, GPP, and SOC data, as detailed in Sect. 2.4.

Secondly, we performed BM simulation (where BM refers to biomass assessment), which uses the same configuration as
RLS but pre-describing the land cover with constant fractions of dominant PFTs in the EU (see Tab. 1) and no wood harvest,
which ensures PFT carbon stocks for the observation period are not affected by LUC for the comparison with observation
of natural forest. In addition, a forest clear-cut simulation is performed before running the transient simulation, and during
F'G2 the biomass regrows from zero. Thus, the simulated forest age was defined as the time since the beginning of the F'G2
simulation.

Furthermore, in all simulations, we calibrated, by trial and error, two parameters, namely Vcnmqz and Fgrowthresp, specifically
for the temperate needleleaf evergreen forest (TeNE) to reduce biases in NPP, GPP, and AGB (see more in Sects. 3.1 and 3.2).
Our initial objective was to approximate the correct values of NPP and GPP, ultimately leading to an improved representation
of AGB. In detail, V¢4, is adjusted based on the observed-to-simulated GPP ratio, and Fy,owthresp i gradually reduced to
increase NPP and GPP values to be closer to the observations. The final adjusted values for these parameters are indicated in

parentheses in Tab. 1.
2.3.2 Idealised LUC simulations

We conducted idealised LUC simulations, assuming the entire study area was covered by a single PFT. To ensure accurate
comparisons between simulated results and meta-analyses from site-level carbon pool changes caused by LUC, regions where
this PFT does not occur according to the PFT maps were excluded from the analysis. Then, we transformed this initial PFT
into other PFTs, such as temperate broadleaf summergreen forest to temperate natural C3 grassland and C3 cropland (TeBS
to TeGC3 or C3C, aberrations as presented in Tab. 1). These transformations exemplify the conversion of forest areas into
grasslands or croplands (referred to as F' — to — GC conversion). Note that ORCHIDEE simulates SOC stocks separately for
each PFT, allowing us to represent the same time LUC from one PFT to two different PFTs. This is an improvement compared
to other DGVMs that typically assign one value of SOC for all PFTs (e.g. LPJ model (Sitch et al., 2003)).

The LUC simulations are somewhat similar to the RL.S simulation, including two main processes, i.e. the spin-up simulation
F'G1 and the transient historical simulation F'G2. In detail, we first ran the 340-year spin-up F'G1F looping over ten years of
meteorological forcing (1901-1910) and fixed atmospheric CO2 concentrations and wood harvest as in 1900 in the F'—to—GC'
simulation. Here, we fixed land cover to 100 % TeBS. At this stage, the biomass and SOC stocks are in equilibrium. In the
second step, we ran a historical simulation FFG2F from 1901 to 1950 for this same PFT (with historical meteorology, CO2
concentrations, and wood harvest data), restarting from the last year of the spin-up simulation F'G1F. Atthis—stage;—the

biomass-and-SOC-stocks-are-in-equilibrium: To perform the LUCs (in this case, from F'—to— G and F' —to— C'), we changed
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the prescribed PFTs to C3 grass- and cropland (i.e. TeGC3 and C3C) and continued running the historical simulation FG2GCa
from 1951 to 2020, restarting from F'G2F. In addition, to study the LUC impact for a longer period, we extended the model
run until 2100, looping over the last 20 years of meteorological forcing data (2001-2020). For this extended simulation, we kept
the atmospheric CO?2 fixed to the value in 2020. Although the projected climate is available (e.g. data from the Coupled Model
Intercomparison Project Phase 6 (Eyring et al., 2016)), historical data were used here to be compatible with the meta-analyses.
Other LUC simulations, i.e. G —to — C'F and C' — to — F'G, were set up similarly.

We acknowledge that defining 1950 as the same year of land use change in our simulations increases the uncertainties when
comparing simulations to observations which relate to different years of LUC. Note that only a fraction of the studies from
which we source the observed LUC impacts on SOC stocks specify the year of LUC. To explore this source of uncertainty, we
thus conducted tailored simulations matching the individual years of LUC reported in these studies, and compared the results to
simulations using 1950 as the year of LUC. Detailed information about these additional simulations is provided and discussed

in Sect. S1 of the Supplement.
2.4 Model-data comparisons

Our ORCHIDEE simulations generate outputs encompassing all grid cells at a resolution of 0.5° (= 50 km) over Europe.
Conversely, observational data are typically collected at specific locations. To facilitate the comparison between observed and
simulated values, each observational site was matched with the closest corresponding ORCHIDEE cell. This approach ensures

a comprehensive evaluation of the model’s performance in relation to the observed data.
2.4.1 Historical simulations

To compare simulated NPP and GPP against observations, we used NPP and GPP outputs from F'G2 RLS simulation for the
respective observed years and corresponding PFTs. In cases where the PFT was absent or unclear in the observations (e.g.
mixed forest), we assigned the dominant PFT in that particular site based on the ESA LUH2v2 land cover map. We then
grouped the observed and simulated values by PFT and employed boxplots for comparison. The boxplot representation offers
valuable insights into the statistical distribution of values, including the median, the 25th and 75th percentiles, the range of
extreme data points, and any outliers.

Similarly, we used boxplot representation to evaluate AGB simulations categorised by PFT and age groups. The age groups
are divided as follows: group 1: 0-19 years, group 2: 20-39 years, group 3: 40-59 years, group 4: 60-79 years, group 5: 80-99
years, and group 6: >99 years. ORCHIDEE simulates biomass for different plant compartments (e.g. leaves, wood, roots, etc.).
To maintain consistency with the observations, simulated AGB was derived from BM simulation by summing the biomass of
leaves, above-ground sapwood and heartwood, and fruits.

We used three diagnostic measures to assess ORCHIDEE'’s performance in simulating soil carbon stocks (i.e. FG2 RLS
simulation’s outputs). These measures include Pearson’s correlation (COR, unitless), root mean square error (RMSE, in

kg m~2), and relative RMSE (rRMSE, in %) between the observed and simulated SOC. The above-ground litter was ex-



Table 3. Main simulations

Main purposes Name ID Period Description

340-year spin-up with meteorology forcing

Steady state looping over 1901-1950; fixed land cover .
To assess carbon related FG1 Without restart

RLS 1950 map with 15 PFTs, CO2 concentrations,
and carbon stock

variables (i.e. NPP, GPP,

and wood harvest as in 1950

Historical simulation with transient climate,
and SOC) FG2 1950-2020 Restart from FG1

CO2, and land cover map

Historical simulations

Same as RLS, but with a pre-described land cover map with a fixed equal
To evaluate biomass
BM FGl1b, clear-cut, FG2b  fraction of dominant PFTs in Europe (i.e. needleleaf (evergreen) and
versus age data
broadleaf (summergreen) forests, C3 crop, and C3 grasses), no harvest

TeBS to TeGC3 or C3C

340-year spin-up with forcing looping over

Steady state  1901-1910, pre-described land cover map of

. . . . FGI1F Without restart
To investigate impacts F-to-GC 1900 100 % TeBS, and fixed CO2 concentrations

of LUC on changes and wood harvest as in 1900

in SOC stocks
Historical simulation with transient climate,

FG2F 1901-1950  CO2 and wood harvest, pre-described land Restart from FG1F

Idealised LUC simulations

cover map with 100 % TeBS

Historical simulation using annual parameters,
pre-described land cover map with an equal

FG2GCa 1951-2020 Restart from FG2F
fraction of grassland (TeGC3) and cropland

(C3C)

Same as FG2GCa, but climate forcing looping
FG2GCb  2021-2100  over 2001-2020, CO2 concentrations and Restart from FG2GCa

wood harvest as in 2020

TeNE to TeGC3 and C3C
Same as TeBS to TeGC3 or C3C, but changing TeBS to TeNE
G-to-CF Same as F-to-GC, but changing from TeGC3 to C3C, TeBS, and TeNE
C-to-FG Same as F-to-GC, but changing from C3C to TeBS, TeNE, and TeGC3

10
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Table 4. Model outputs corresponding to the simulations in Tab. 3

Name ORCHIDEE outputs
NPP, GPP,
RLS SOC = SCtotal - Lstr?ab - Lmet,ab

(Or SOC = Cactive + Cslow + Cpassive + Lstribe + Lmetibe)

Historical simulations

BM AGB = Mleaf + Msap_ab + Mheart_ab + Mfruit
F-to-GC

Idealised LUC simulati SOCurr = SCrotat
ecalise simulations
G-to-CF  SOC,,,pr = SOC

C-to-FG

SC%otai: total soil and litter carbon

Cactive (Csiow 0of Cpassive): active (slow or passive) soil carbon in ground
Lstr ab (Lstr pe): above (below) -ground structural litter

Limet_ab (Lmet_be): above (below) -ground metabolic litter

Mieqy: leaf mass

Map_ap: above-ground sap mass

Mpeart_ab: above-ground heartwood mass

M frqy4¢: fruit mass

SOCy Frr: SOC with forest floor

SOC yorr: SOC without forest floor

cluded from the simulated SOC for comparison to the LUCAS data. The calculation of ORCHIDEE’s outputs is detailed in
Tab. 4.

2.4.2 Idealised LUC simulations

Soil profile data in meta-analyses are reported at various depths (as detailed in Tab. 2). To ensure uniform comparisons, we first
standardised all soil carbon data, both observed and simulated, to represent SOC stocks in the top 30 cm, utilising the depth
function (Jobbagy and Jackson, 2000; Deng et al., 2016):

1330

Xso=1"3x0 50

X Xao, 2

where X3( represents the soil carbon stocks in the top 30 cm, dO is the original soil depth available in observations or simu-
lations (in c¢m), X9 is the original soil carbon stocks and 5 characterises relative rates of decrease with depth (8 = 0.9786,

unitless). For instance, a simulated sample Xoprc at 2 m depth (d0 = 200) is converted into the topsoil sample using the

1-0.9786°°

1=0.5786200 X Xorc = 0.48 x Xorc-

equation X3 =

11
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We then used the absolute SOC stock change (ASOC, in kg m~2) as a variable for the comparison of soil carbon changes:
ASOC =50CLy2 —SOCLy1, 3)

where LU 1 corresponds to the land use before conversion and LU 2 is the land use after conversion. Similar to the observations,
the simulated SOC for the prior land use is assumed to be in a steady state. For example, in the conversion from F'—to—GC, the
simulated SOCy is set to be equal to the SOC value in 1950 from the F'G2F simulation (Tab. 3). In contrast, the observed
SOC measurements after land cover conversion are taken at various ages. A fitted carbon response function (CRF), detailed
below, is derived for each conversion, describing the ASOC as a function of time. For the simulations, a distinct response
function was derived from the simulation corresponding to each meta-analyses site. Subsequently, the average simulated soil
carbon response was computed across all these response functions. This aggregate response, referred to as "simulated CRE,"
was then compared with the fitted or observed CRF obtained from the meta-analyses.

The observed CRF was constructed using diverse regression models, including linear regression, second and third-order
polynomial regressions, and single-term and two-term exponential models. Due to the limited size of the observed samples
(as detailed in Tab. 2), a leave-one-out cross-validation (LOOCV) method (Stone, 1974; Dinh and Aires, 2022) was employed
for the model selection process. This iterative approach facilitates the validation of each model’s performance by training it
on all data points but one and evaluating its prediction accuracy on the excluded data point. By repeating this process for all
data points and assessing the overall performance, we can identify the best-performing model that generalises well to the entire
dataset as well as to the new samples. Finally, the models providing the most adequate description of the temporal dynamic of

relative SOC stock changes were the linear function (Eq. 4) and the single-term exponential function (Eq. 5).

ASOC = at +b, 4)
ASOC =a x ", (5)

where ¢ is the time after LUC (years) and a, b are regression coefficients. A detailed fitted CRF for each LUC in meta-analyses
is presented in Tab. S6 in the Supplement. Furthermore, to better understand the accuracy and uncertainty of the fitted CRFs,
we established approximate 95 % confidence intervals using simultaneous prediction bounds for the fitted functions. These
confidence intervals visually represent the range of potential outcomes, providing valuable insights into the variability of the

observed carbon stock change rate.
2.4.3 Factors explaining model bias

We used random forest (RF) (Breiman, 2001; Liaw and Wiener, 2002) to explore the factors contributing to bias in estimating
SOC stock changes following LUC. The bias is calculated for each site-observation taken from the meta-analyses (Tab. 2).
For this, we compared the observed SOC stock changes per site with corresponding simulated values from the corresponding
ORCHIDEE grid cells. Then we analysed which predictor variables best explain the site-to-site variations in model bias for
each LUC scenario. Our chosen explanatory variables encompassed both meteorological variables (i.e. temperature at 2 m

above ground (1'2m) and rainfall (Rain)) and key soil-related metrics (i.e. soil carbon-to-nitrogen ratio (C'N'), nitrogen (IV),

12
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phosphorus (P), and soil erosion rate (E R)).
at-individual-sample-sites-aeross-various EHCseenarios: Given the constraints of the available observations (Tab. 2), we also

employed LOOCYV here to assess the performance of the RF regression model for each LUC scenario. The model consists of

100 decision trees. Each tree is constructed independently and operates on a random subset of the data. During the LOOCV
process, the model iterates through each sample in the dataset, systematically excluding one for validation in each iteration.
Subsequently, the model is trained on the remaining samples, and feature importances are cumulatively assessed throughout
each iteration. The performance of this LOOCYV process is shown in Tab. S7 in the Supplement. The LUC scenarios with poor
RF regression results will be excluded. For the remaining cases, we then derived importance scores (Liaw and Wiener, 2002)
associated with individual explanatory variables. These scores are then normalised or scaled from O to 1, with a value of 1

denoting the utmost relevance and 0 signifying the lowest relevance concerning the model bias.

3 The performance of the ORCHIDEE model

3.1 Net and gross primary productivity (NPP and GPP)

attons: Figure 1 compares
the simulated NPP and GPP values with site observations (Sect. 2.2.1). Both simulations and observations exhibit comparable
ranges across various PFTs, notably showcasing good performance in temperate forests and temperate C3 grasslands, where
the relative differences in the medians are around 10 %. However, the ORCHIDEE simulation results often present a narrower
range than the observed site data. This difference can be attributed to the fact that the ORCHIDEE PFTs are a rigid classification
of vegetation, with each PFT representing the average characteristics of various tree species. In contrast, differences between
individual species within the same PFT class can be substantial (Poulter et al., 2011). On the contrary, observations refer to
individual species.
The calibration of V ;4. and Fg,owinresp parameters for TeNE (see in Tab. 1) resulted in considerable improvement, in
particular for NPP. The default parameterization (Vemaz = 35 and Fyrowthresp = 0.28) resulted in the simulated NPP median
deviating by approximately 32 % from the observed value. The adjusted parameters (Vemar = 44.45 and Fy,owthresp = 0.1)

reduced deviation to 5 %.
3.2 Above-ground biomass (AGB)

The boxplots in Fig. 2 present AGB versus age comparisons between observations (in black) and simulations (in red) for four
PFTs (TeNE, TeBS, BoNE, and BoBS) and each age group. Other types of forest PFT were excluded due to the limitation

of the number of observed samples. Simulations capture the same trend as the observations: AGB increases quickly in young
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Figure 1. Maps of net and gross primary productivity (NPP and GPP) sites, along with boxplots comparing observations (Obs in black)
and ORCHIDEE (O RC' in red) simulations. The grey boxes show outputs from ORCHIDEE’s default configuration (i.e. without calibrating
Vemaz and Fygrowthresp parameters) for comparison purposes. In each boxplot, the number in parentheses indicates the number of sites in

each plant functional type (PFT) group.

stands (i.e. < 60 years old) and moderately saturates at later ages (> 60 years old). Like the NPP and GPP comparisons, the
observed AGBs appear in more extensive ranges and have more extremes than the simulated values for all considered PFTs.

Again, the adjustment of V4, and Fy,outnresp parameters for TeNE (see in Tab. 1) improved the simulated AGB-age
curves significantly, while in the original setup, the simulated values are much lower compared to the observed ones. This
improvement is visually represented in the boxplot of the TeNE forest, in Fig. 2a: the grey boxes, representing AGB values
obtained from the default settings, indicate a median deviation of about 60 % from the observed values (black boxes) across
five age groups. Conversely, with our calibration, this deviation is reduced to less than 10 %, as indicated by the red boxes,
which now closely align with the observed data represented by the black boxes.

Furthermore, Fig. 2 highlights a contrast in ORCHIDEE performance; notably, boreal forests exhibit lower biomass per age
class than temperate ones, illustrated by BoNE versus TeNE and BoBS versus TeBS forests. Interestingly, observed biomass
ranges for BONE and BoBS forests closely resemble those of TeNE and TeBS forests. Further comparisons are detailed in
Fig. 3, despite variations in site numbers between observations and simulations for each age group. This comparative approach

provides insights and offers a broader understanding of how the model’s parameterisation performs in Europe. We found that
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Figure 2. Maps of above-ground biomass (AGB) sites for four plant functional types (PFTs), including temperate needleleaf and broadleaf,
as well as boreal needleleaf and broadleaf forests (TeNE, TeBS, BoNE, BoBS); along with boxplots comparing observations (Obs in black)
and ORCHIDEE (ORC' in red) simulations. In the boxplot of TeNE forest (a), the grey boxes present outputs from ORCHIDEE’s default
configuration (i.e. without calibrating Vemae and Fgrowthresp parameters), for comparison purposes. In each boxplot, the number in paren-
theses indicates the number of sites in each age group (group 1: 0-19 years; group 2: 20-39 years; group 3: 40-59 years; group 4: 60-79
years; group 5: 80-99 years; group 6: >99 years). The colour scale in the maps indicates the ORCHIDEE vegetation fraction.

the parameterisation of BoNE and BoBS may need improvement, as they appear less well-fitted than TeNE and TeBS. This
might raise questions about the relevance and necessity of using BoNE and BoBS as distinct PFTs when TeNE and TeBS

demonstrate better alignment with the observed data in the study region.

3.3 Soil organic carbon (SOC)

The SOC map showing 5150 LUCAS samples is presented in Fig. 4a. We also generated a corresponding SOC map using
the ORCHIDEE simulation weighted by the areal proportions of each PFT. The difference between our simulated SOC stocks
from LUCAS data is presented in Fig. 4b. The correlation between the observed and simulatien simulated SOCs is 0.4 (and
RMSE = 2.03 kg m~2, rRMSE = 50.31 %), indicating moderate agreement. However, it is essential to note that this general

ORCHIDEE simulation does not represent peatlands, nor important factors such as land management, effects of soil erosion and
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Figure 3. Same as boxplots in Fig. 2, but for the comparison of the observed values for the BoNE forest with simulated values for the TeNE

forest (a), as well as observed values for the BoBS forest with simulated values for the TeBS forest (b).
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Figure 4. Maps showing the stocks after soil organic carbon (SOC in kg m ~2) based on the LUCAS topsoil database (a) and the deviation

of simulated SOC stocks from these observation-based estimates (b).

translocation of SOC from eroded sides to colluvial sediments, topographic wetness, land use history before 1900, soil class and

geochemistry of soil forming substrates, etc. Therefore, achieving a correlation coefficient of 0.4 is already significant. Notably,

ORCHIDEE underestimates SOC in certain regions, particularly in northern Europe. This discrepancy can be explained by the

absence of peatlands in this particular version of ORCHIDEE.
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In the following, we classified 5150 SOC samples into three vegetation groups (forest, grass, and crop) based on the land-
use information provided in the LUCAS dataset. The assessment of observed and simulated SOC stocks is illustrated through
comparison scores (COR, RMSE, and rRMSE) in Tab. S8 within the Supplement, along with scatter plots and histograms in
Fig. 5, showcasing variations across different grid scales: 0.5° x 0.5°, 1° x 1°, 2° x 2°, and 3° x 3° cells. This stepwise
aggregation aims to enhance our understanding of how far spatial correlations between observed and modelled SOC stocks
are scale-dependent. At 0.5° x 0.5° scale, the correlation between observed and simulated SOC for forest sites (Fig. 5al)
is relatively low (COR = 0.17, rRMSE = 59.15 %). However, the correlation values are significantly better for grassland
and cropland sites (Figs. 5b1 and cl), reaching 0.53 and 0.42, respectively (with corresponding rRMSE values of 39.38 %
and 35.98 %). Interestingly, the correlation scores improve for all vegetation types as we increase the grid scale size and,
thus, the level of spatial aggregation. For example, when examining the 3° x 3° scale, as illustrated in Figs. 5a2, b2, and
c2, the correlation coefficients increase to 0.45, 0.68, and 0.59 for forest, grassland, and cropland sites, respectively. These
improvements in correlation are accompanied by decreasing rRMSE values (by 10 % to 15 %), indicating a reduction in the
differences between observed and simulated SOC values. This effect can be attributed to various factors, such as small-scale
variations (Garten et al., 2007) related to soil class, topography, and management history, which are not accounted for in
ORCHIDEE but lose their importance at a higher level of spatial aggregation. On the other hand, the coarse large-scale spatial
patterns are primarily influenced by climate differences, which are better represented in a DGVM such as ORCHIDEE.

4 SOC change following land-use change (LUC)

Figure 6 compares observed and simulated SOC changes for different LUC transitions (see in Tab. 2). During the C' —to— G
conversion, there is an increase in SOC stocks. However, the simulated results give a smaller increase than those observed
in meta-analyses. Specifically, after a 100-year conversion period, the simulated SOC stocks increase on average by a mere
0.73 4 0.09 kg m~2, while the observed data show a much higher increase of 3.85 & 1.33 kg m~2. The G —to— C conversion
leads to a decrease in SOC stocks. The model agrees with the observed change in direction but has a slower rate. Notably, the
observed data display a wide range of confidence interval levels, and the simulated CRF closely align with the upper boundary
of the confidence interval. This highlights the difficulty of accurately capturing real-world SOC dynamics due to significant
variability in the observed data.

Regarding G — to — F' conversion, simulations using both TeBS and TeNE show different trends compared to the observed
CRFs, as shown in the G —to— F,,pp and G —to— F,,p subplots in Fig. 6. However, they consistently fall within the 95 %
confidence interval, regardless of whether the forest floor is included in the analysis. In addition, the observed data for G-to-F
conversions display considerable variability over time, which partly accounts for the difficulty in accurately modelling the true
impact of this conversion type.

The conversions of C'—to — F and F — to — C' show opposite trends, as presented in the C' —to — Fyyopp, C —to— Fyrr,
and F'—to— Cyor r subplots in Fig. 6: C'—to— F conversion leads to an increase in SOC and vice versa. Again, the averaged

simulated CRF results align with the observed direction but indicate changes considerably slower than those reported in meta-
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Figure 5. Scatter plots show the relationship between LUCAS topsoil data and derived ORCHIDEE soil organic carbon (SOCLucas topsoit

versus SOCgerived ORC, N kg m_z), along with their corresponding histograms. Plots are presented for two grid scales: 0.5° x 0.5° (al, bl,

cl) and 3° x 3° (a2, b2, c2). Darker colours indicate denser point concentrations. Complementary summary statistics are provided, including

the mean and standard deviation (Std) values for each dataset, along with the correlation (COR) and relative root mean square error (rRMSE)

between the two datasets. The corresponding maps are also presented in the Supplement (Figs. S2 to S4).
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Figure 6. The absolute soil organic carbon changes (in kg m~2) from site observations in meta-analyses (black circles) and fitted carbon
response functions (CRFs, black lines) + 95 % confidence interval (black dotted lines) compared to simulated CRFs (magenta and green
lines) for different land-use changes (LUCs, as presented in Tab. 2): cropland-to-grassland (C' —to — 3), grassland-to-cropland (G —to— C),
grassland-to-forest (without and with forest floor G —to— Fiyorr, G —to— Fy rr), cropland-to-forest (C'—to— Fyorr and C—to— FyrF),
and forest-to-cropland (F'—to—C.,0r ). The first number in the parenthesis indicates the number of study sites, and the second is the number
of samples in the meta-analyses. Two distinct forest types, namely temperate broadleaf summergreen and temperate needleleaf evergreen,

are considered for the forest sites in ORCHIDEE simulations (ORCreps, ORCTeNE).

analyses. In these two conversions, simulations with the TeBS forest appear closer to the observations than those with the TeNE
forest.

Figure 6 suggested that the key model biases are the systematic underestimation of SOC gain during C' —to— G transition and
losses during G—to—C and F'—to—C,,,rr conversions. Multiple factors could contribute to these observed underestimations.
As depicted in Fig. 7, soil erosion rate plays a pivotal role in the discrepancies observed across all considered LUC conversions
among the six chosen factors. Conversely, temperature appears relatively less influential overall, except notably in the C—to—G
conversion. Rainfall considerably influences the differences between observed and simulated absolute SOC changes after
the conversions from C' —to — G, C' —to— Fyopr, and F' —to — Cyopp. Soil phosphorus, on the other hand, demonstrates

significance in the conversions of G —to— F,,pp, F'—to—C\y,orr (particularly for TeNE forest), and C'—to— G. Furthermore,
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Figure 7. Scaled feature importance scores resulting from random forest (RF) analysis showing the relationship between model bias and
potential influencing factors (i.e. temperature 2 m above ground (72m), rain, soil carbon-to-nitrogen ratio (C'N), soil nitrogen (IV), soil
phosphorus (P), and soil erosion rate (F R)) for different land-use changes (LUCs): cropland-to-grassland (C' — to — ), grassland-to-
cropland (G —to—C), grassland-to-forest (without forest floor G —to— Fiyor F), cropland-to-forest (C'—to— F,0F ), and forest-to-cropland
(F —to— Cworr). Results for other conversions are not shown since RF shows poor performance (Tab. S7 in the Supplement). Each score
is normalised within the range of O to 1, where 1 signifies the highest relevance, and O indicates the lowest importance. Two distinct forest

types, namely temperate broadleaf summergreen and temperate needleleaf evergreen, are considered for the forest sites (I'eBS, TeN E).

the six chosen factors demonstrate a relatively consistent behaviour across the two forest types, the magenta and green bars
TeBS and TeNE (see in Fig. 7).

S Discussion

5.1 Model performance for biosphere carbon stocks

The ORCHIDEE model shows a reasonable alignment with observed NPP, GPP (Fig.1), and AGB trends (Fig.2). Compared
to observed data for all PFTs, the model shows narrower ranges. This dampened spatial variability may be due to the model’s
coarse resolution and constant parameter values for a given PFT, differing from species-specific observations affected by finer-

scale environmental variations (Chang et al., 2013). The latter emphasises the need to incorporate a sufficiently large population
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of observed sites. Additionally, model-data disagreement can be linked to not well-enough constrained values for PFT-specific
parameters. For instance, our findings indicated that calibrating V¢,nqq and Fyrowinresp based on NPP and GPP observations
for the TeNE forest type improved the model’s performance in simulating AGB for this specific PFT (as shown in Fig. 2).
Furthermore, our comparative analysis implied that employing temperate PFTs rather than boreal PFTs can enhance model
performance in simulating the biomass of the boreal forests. This result suggests that certain PFTs, particularly those linked to
boreal forest types, may be redundant in ORCHIDEE biomass simulations for the European context.

For SOC stock simulation, the a Pearson’s correlation of 0.4 between observed and simulated SOC values (Fig. 4) is
noteworthy significant, given the absence of certain controlling factors and processes in the model version used. This score
is similar to those in other DGVM models (Wu et al., 2019; Seiler et al., 2022). For example, Wu et al. (2019) demonstrated
a correlation coefficient of approximately 0.45 between LPJ-GUESS (a global dynamic ecosystem model) and SoilGrids (an
observation-driven global soil dataset) on a global scale, and lower correlation scores among different land cover classes. In
this study, SOC scores varied among vegetation groups (Fig. 5), with lower correlations for forest sites. The inclusion of up to
six PFTs in forest groups, with poorly determined classifications in observations, contributes to the model-data discrepancy. In
contrast, grass and crop groups exhibit improved correlations with fewer PFTs and better distinction in LUCAS data (Ballot
et al., 2022). Additionally, the smaller population of forest sites (Fig. 5) may account for the lower score than the other groups.
Additionally, when examining different levels of resolution, we find that larger grid scales demonstrate a stronger correlation,
which may be -as-they-are-mainly driven by climate patterns (Wang et al., 2023). At smaller scales, other environmental con-
trols like soil types, soil chemistry, topography, and management become more important (Garten et al., 2007), which are not
or only rudimentary represented in ORCHIDEE. Implementing ORCHIDEE at a higher resolution using higher resolution cli-
mate forcing (Anav et al., 2010; Lafont et al., 2012) can be challenging. This complexity arises from the fundamental reliance
of the ORCHIDEE model on low-resolution environmental factors such as soil characteristics and erosion. Overcoming these
inherent limitations in ORCHIDEE, as well as other DGVMs, can significantly improve model performance, particularly at

more regional scales and higher spatial resolutions.
5.2 TImpacts of LUC on soil carbon stocks

In pursuit of a more comprehensive evaluation, we explored the applicability of meta-analyses of site-level SOC changes for
"pure" land cover transitions to assess DGVMs’ ability to simulate SOC stock responses to LUC. As discussed earlier, DGVMs,
including ORCHIDEE, face challenges in simulating SOC stocks at a small scale, making it difficult to capture the SOC stock
response at individual sites. Nevertheless, the model should be capable of matching average responses across broader regions.

In our comparison, we averaged the model responses over all grid cells encompassing the sites where LUC has occurred.
This enabled us to compare the model’s response to the meta-analysis data and its fitted CRF. Generally, the simulated results
agree in direction with observed data, notably the decrease in soil carbon stocks for G — to — C' and F — to — C conversions,
and the opposite for C' —to — G and C — to — F conversions (Fig. 6). As for G — to — F' conversions, the simulations exhibit
different trends than the observed CRFs but fall within the 95 % confidence interval (Fig. 6). In addition, the meta-analysis

data exhibit considerable uncertainties, evident in the wide confidence intervals around the fits in Fig. 6. These uncertainties
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can be attributed to challenges related to data compatibility, methodological heterogeneity, and the diversity of ecosystems and
LUC scenarios considered, as discussed in prior studies (Verburg et al., 2011; Deng et al., 2016; Fohrafellner et al., 2023).
Therefore, while meta-analyses offer valuable insights, their interpretation requires careful consideration and integration with
site-specific observations.

Despite this alignment in direction, there are noticeable discrepancies in the magnitudes of SOC stock changes between the
simulated and observed CRFs, i.e. the underestimated SOC gain during C'— to — G conversion and underestimated SOC losses
during G —to— C' and F — to — Cy,,pr conversions. These differences could potentially be attributed to various factors that
the model may not fully capture. For instance, our findings indicate that soil erosion rate significantly influences the model
bias among six selected potential factors. In addition, the influence of varying land-management practices can substantially
shape the model bias (Nyawira et al., 2016). These complexities underscore the challenges involved in accurately simulating
local SOC dynamics. Further investigations or adjustments will be essential to reduce the biases and thereby enhance the
accuracy of the model estimations. Additionally, our idealised assumption regarding the transition year in 1950 may introduce
uncertainties to the model outputs. However, as shown in Sect. S1 of the Supplement, considering the actual transition year
does not significantly enhance agreement with observations. This might be due to the limited number of available samples. It’s
also possible that the impact of climate change on LUC effects over the past century is not substantial. If the latter is true, using

an idealised transition year should not create significant issues.
5.3 Challenges in model-data comparisons

Evaluating DGVM outputs against observational data is challenging, primarily due to constraints on the quantity and quality
of existing long-term observational datasets. While observational data exist, their scarcity is evident, exemplified in Fig. 1,
particularly in the instances of NPP and GPP sites for several PFTs like BoBS, TeBE, TeGC3, and BoGC3. Furthermore, as
previously highlighted, substantial uncertainties persist in observed changes in SOC stocks when contrasted with anticipated
changes. These limitations introduce intricacy into the process of calibrating and validating our models.

Another significant challenge arises from the long-lasting impact (e.g. > 100 years) of historical LUC, particularly in the case
of substantial events like erosion (Bakker et al., 2005; Borrelli et al., 2017). The absence of site history information hinders our
ability to incorporate these effects into our simulations (Verburg et al., 2011). Disregarding the influence of major historical
LUC events may lead to accurate simulations but for the wrong reasons. This approach further complicates our ability to
predict changes in SOC stocks. In addition, failing to simulate LUC impacts accurately can have significant consequences for
forecasting future land carbon balances and influencing decisions related to climate change mitigation and land management.
To gain a more comprehensive perspective, we consider assessing the relative importance of SOC stock changes versus biomass
carbon stock changes over, for instance, a 30-year horizon. This analysis can be relevant for initiatives like the European
Green Deal (European Council, 2019), as it could offer essential guidance for shaping policies related to carbon sequestration,

sustainable land use practices, and preserving ecosystem health.
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6 Conclusions

research investigated the ability of the DGVM ORCHIDEE model to reproduce what is known from experimental studies about

LUC impacts on biospheric carbon. We performed various comparisons between simulations and experimental data, including
on-site measurements and data from meta-analyses.

Discrepancies between the model and data can be attributed to several factors, such as the grouping of vegetation in DGVMs,
which often use a limited number of PFTs, unlike the species-specific observations. The coarse model resolution also con-
tributes to discrepancies. For example, our spatially explicit simulation of SOC stocks has a spatial resolution of 0.5 degrees,
whereas, in reality, SOC stocks and their controlling factors vary at a much smaller scale. Our analysis also identifies potential
factors contributing to model bias when studying the impact of LUCs on SOC. Various factors, such as soil erosion rate, phos-
phorus, or rainfall, can influence each type of LUC. Further studies are needed to explore these impacts more comprehensively.

In summary, this study enhances our understanding of using DGVMs for studying carbon dynamics and provides insights
for future model development and applications. While ORCHIDEE was our chosen model, this methodology can be readily

applied to other DGVMs using the same protocol.

Supplement

The supplement related to this article is provided.

Code and data availability. The comprehensive database forest ecosystem from Luyssaert et al. (2007) can be found at the bottom of this
page https://www.lsce.ipsl.fr/en/Phocea/Pisp/visu.php?id=124&uid=sebastiaan.luyssaert. The FLUXNET and ICOS data can be
downloaded from https://fluxnet.org/data/fluxnet2015-dataset/ (Pastorello et al., 2020) and https://www.icos-cp.eu/data-products,
respectively. The situ biomass and age data is from Besnard et al. (2021). The LUCAS 2018 TOPSOIL database is taken from https:
/lesdac.jrc.ec.europa.eu/content/lucas-2018-topsoil-data. And ORCHIDEE version 2.2 is available here https://forge.ipsl.jussieu.fr/orchidee
/browser/branches/ORCHIDEE_2_2.

Appendix A: ORCHIDEE carbon module

Figure A1 presents the basic scheme of biospheric carbon cycling representation in ORCHIDEE. Simulated carbon dynamics
include the exchange of carbon between the atmosphere and various carbon pools in vegetation biomass and soils. Carbon

dynamics are simulated for each PFT individually, distinguishing eight vegetation biomass pools (leaves, roots, above and
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represented by regular rectangles (accompanied by corresponding basic state variables in bold). The sub-processes are linked through carbon

fluxes (depicted as black arrows). The figure is adapted from Krinner et al. (2005).

below-ground sapwood, above and below-ground heartwood, fruits, and a plant carbohydrate reserve), four litter pools (struc-
tural and metabolic litter above and below the surface), and three SOC pools (active, slow, and passive soil carbon). The

505 turnover time of SOC and litter pools is determined by various factors, including temperature and humidity of the soil. The
litter is produced through senescence and death, and the latter can also be related to LUC when the original vegetation is
destroyed to make space for the new PFT. Further, carbon fluxes occur from litter to SOC pools and between the three SOC
pools, with a part of the transferred carbon lost to the atmosphere through heterotrophic respiration. The model does not con-
sider nutrient cycling, depth distribution of SOC, or soil carbon losses through leaching and erosion. Detailed formulations of

510 the main processes represented in the version of ORCHIDEE used in this study can be found in Appendix A of Krinner et al.
(2005).
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Supplementary Material

S1. Idealised land-use change (LUC) simulations using realistic
land-use transition matrices

We performed additional simulations to account for transition years specific to each site. These
simulations are similar to the idealised LUC simulations presented in Sect. 2.3.2, involving two
main processes: (1) the spin-up simulation F'G1 to establish the equilibrium state for each land
cover type, and (2) the historical simulation F'G2. In the second step, we conducted F'G2 using
land-use transition matrices instead of a fixed 1950 transition year. The land-use transition
matrix is constructed based on the land cover change and transition year information. For
example, to perform the LUC from forest to crop (e.g. Temperate needleleaf evergreen forest
(TeNE) to C3 crop (C3C)), the land cover is initially set to 100 % TeNE for all grid cells across
Europe. Then, we adjusted this map to carry out the LUC by setting the land cover at the
respective grid cell to 100 % C3C at the corresponding transition year. This grid cell is then
kept constant for the remainder of the simulation time. The simulation stops at the observed
experiment year.

The land-use transition matrices depend on the observed transition information. However,
this information may not always be provided in the meta-analyses (Tab. 2). Only 53 of the
102 study sites have a specific LUC year reported. Therefore, sites without transition year
information are excluded. Additionally, within one study or one observation field, observation
sites are often very close to each other. On the other hand, the ORCHIDEE model has a spatial
resolution of 0.5° x 0.5°. Therefore, if multiple observation sites are located in the same grid
cell, only one sample is chosen. The final number of selected samples for each LUC transition
case is shown in Fig. S5. Due to the limited number of samples, we do not conduct additional
fitted carbon response functions (CRF's, see Sect. 2.4.2).

The comparisons of observed and simulated SOC changes for different land use change (LUC)
transitions are shown in Fig. S5. Here, we directly compared the observed absolute change in
SOC with the corresponding simulated change for each selected site. The observed and simulated
CRFs (see Tab. S6) that are based on available observation sites and the assumed LUC year
1950 are presented for comparison.

The simulated responses in both cases — with the individually reported transition years
(Fig. S5) and the idealised transition year in 1950 (Fig. 6) — show similarities: the model
aligns with the observed changes but underestimates the amount of carbon gained or lost. The
improvement is not significant for several reasons. One major factor could be the absence of site
historical information. Although the exact transition year is known, accurately reconstructing
the land use history of a particular site is impossible. Additionally, most experiments utilise
paired plots or chronosequences to compare two adjacent sites: one with the original land cover
and the other with new land cover following LUC. On the other hand, our simulations consider
only a single site within a grid cell, analysing its behaviour before and after the LUC. This
approach is used to accommodate the current European scope of the analysis and to minimise
computational costs. More realistic simulations incorporating detailed information on land use
history at a site-specific scale would provide more precise and reliable results.



Table S1: Net primary production (NPP) sites from Luyssaert et al. (2007).

ID Site Latitude (° N) Longitude (° E) Ecosystem type
1 Aheden 64.20 19.50 Forest
2 Aubure (F) 48.20 7.18 Forest
3 Aubure (P) 48.20 7.18 Forest
4 Belgium 51.20 5.00 Forest
5 Bornhoved Alder 54.10 10.20 Forest
6 Bornhoved Beech 54.10 10.20 Forest
7 Brasschaat Oak 51.30 4.52 Forest
8 Brasschaat Pine 51.30 4.52 Forest
9 Collelongo 41.80 13.60 Forest
10  Dooary 53.00 -7.30 Forest
11  Finland 1 60.50 23.90 Forest
12 Finland 2 60.50 23.90 Forest
13  Flakaliden C 64.10 19.50 Forest
14 Flakaliden I + F 64.10 19.50 Forest
15 France 48.40 2.70 Forest
16  Gribskov 56.00 12.30 Forest
17  Hainich 51.10 10.40 Forest
18  Hesse 48.70 7.07 Forest
19 Hestehaven 56.30 10.50 Forest
20  Hungary 47.90 20.50 Forest
21  Ilomantsi 1 62.80 31.00 Forest
22 Ilomantsi 2 62.80 31.00 Forest
23  Ilomantsi 3 62.80 31.00 Forest
24  Ilomantsi 4 62.80 31.00 Forest
25  Ispina Krakow 50.10 20.40 Forest
26  Jadraas C 60.80 16.50 Forest
27 Jadraas I+ F 60.80 16.50 Forest
28  Jezeri 50.50 13.50 Forest
29  Kannenbruch Alder/Ash 53.80 10.60 Forest
30 Kannenbruch Beech 53.80 10.60 Forest
31 Kannenbruch Oak 53.80 10.60 Forest
32 Karelia_1 62.00 34.00 Forest
33 Karelia_10 62.00 34.00 Forest
34 Karelia_11 62.00 34.00 Forest
35 Karelia_12 62.00 34.00 Forest
36 Karelia_13 62.00 34.00 Forest
37 Karelia_14 62.00 34.00 Forest
38 Karelia_15 62.00 34.00 Forest
39 Karelia_16 62.00 34.00 Forest
40 Karelia_17 62.00 34.00 Forest
41 Karelia_2 62.00 34.00 Forest
42  Karelia_3 62.00 34.00 Forest
43 Karelia 4 62.00 34.00 Forest
44  Karelia_b 62.00 34.00 Forest
45  Karelia_6 62.00 34.00 Forest
46  Karelia_7 62.00 34.00 Forest
47 Karelia_8 62.00 34.00 Forest

Continued on next page




Table S1 — continued from previous page

ID Site Latitude (° N) Longitude (° E) Ecosystem type
48 Karelia 9 62.00 34.00 Forest
49  Klosterhede 56.50 8.40 Forest
50 Kongalund B 56.00 13.20 Forest
51 Kongalund S 56.00 13.20 Forest
52  Kuusamo 66.40 29.30 Forest
53  Langarod 55.80 13.90 Forest
54  Lei-135+15 51.30 10.40 Forest
55  Lei-30 51.30 10.40 Forest
56  Lei-62 51.30 10.40 Forest
57  Lei-T-111 51.30 10.40 Forest
58  Linnebjer 55.70 13.30 Forest
59  Loobos 52.20 5.74 Forest
60 Meathop 54.20 -2.90 Forest
61 Monte di Mezzo 41.80 14.90 Forest
62 Nacetin 50.60 13.30 Forest
63 Oved 55.70 13.60 Forest
64  Popface alba 42.40 11.80 Forest
65  Popface euamericana 42.40 11.80 Forest
66  Popface nigra 42.40 11.80 Forest
67  Schacht 50.10 11.80 Forest
68  Skogaby 56.50 13.20 Forest
69  Solling 51.80 9.58 Forest
70  Soroe 55.50 11.60 Forest
71  Tharandt 51.00 13.60 Forest
72  Tharandt 24 50.90 13.50 Forest
73 Tharandt 42 50.90 13.50 Forest
74  Tharandt 5 50.90 13.50 Forest
75  Tharandt 97 50.90 13.50 Forest
76  Virelles 50.10 4.35 Forest
77  Waldstein 50.20 11.90 Forest
78  Wet-T-57 50.50 11.50 Forest
79  Wytham Woods 51.50 -1.30 Forest




Table S2: Gross primary production (GPP) sites from Luyssaert et al. (2007).

ID Site Latitude (° N) Longitude (° E) Ecosystem type
1 Aberfeldy/Griffins 56.60 -3.78 Forest
2 Bayreuth/Weiden Brunnen 50.15 11.87 Forest
3 Bilos 44.49 -0.96 Forest
4 Bilos Clear 44.48 0.87 Forest
5 Bily Kriz Forest 49.50 18.54 Forest
6 Bornhoved Alder 54.10 10.23 Forest
7 Bornhoved Beech 54.10 10.23 Forest
8 Brasschaat 51.31 4.52 Forest
9 Castelporziano 41.71 12.38 Forest
10  Collelongo 41.85 13.59 Forest
11 Dooary 52.95 -7.25 Forest
12 El Saler 39.35 -0.32 Forest
13  Espirra 38.64 -8.60 Forest
14  Flakaliden C 64.12 19.45 Forest
15  Fyedorovskoye 56.45 32.92 Forest
16  Hainich 51.08 10.45 Forest
17 Hampshire 51.12 -0.86 Forest
18 Hardwood 55.10 -2.05 Forest
19  Hardwood Clear 55.10 -2.05 Forest
20 Hardwood_21 55.10 -2.05 Forest
21  Hardwood_7 55.10 -2.05 Forest
22 Hesse 48.67 7.07 Forest
23  Hyytiala 61.85 24.30 Forest
24  Hyytiala 12 61.85 24.30 Forest
25  Hyytiala 75 61.85 24.30 Forest
26 Hyytiala Clear 61.85 24.30 Forest
27 Tlomantsi Mekrijarvi 62.78 30.97 Forest
28  Kannenbruch Alder/Ash 53.78 10.60 Forest
29  Kannenbruch Beech 53.78 10.60 Forest
30  Kannenbruch Oak 53.78 10.60 Forest
31 La Majadas del Tietar 39.94 -5.77 Forest
32 La Mandria 45.58 7.15 Forest
33  Lavarone 45.96 11.28 Forest
34 Le Bray 44.72 -0.77 Forest
35 Loobos 52.17 5.74 Forest
36  Mehrstedt 51.28 10.66 Forest
37  Mitra 38.54 -8.00 Forest
38  Nonantola 44.69 11.09 Forest
39 Norunda 60.09 17.48 Forest
40  Parco Ticino 45.20 9.06 Forest
41  Popface alba 42.36 11.80 Forest
42  Popface euamericana 42.36 11.80 Forest
43  Popface nigra 42.36 11.80 Forest
44  Puechabon 43.72 3.58 Forest
45 Renon 46.59 11.43 Forest
46  Roccarespampami 1 42.41 11.93 Forest
47  San Rossore 43.73 10.28 Forest

Continued on next page




Table S2 — continued from previous page

ID Site Latitude (° N) Longitude (° E) Ecosystem type
48  Skyttorpl 60.13 17.92 Forest
49  Skyttorp2 60.13 17.84 Forest
50  Sodankyla 67.36 26.64 Forest
51  Solling 51.82 9.58 Forest
52  Soroe 55.49 11.65 Forest
53  Tharandt 50.96 13.57 Forest
54 Vielsalm 50.31 6.00 Forest
55 Wet-T-57 50.45 11.46 Forest
56  Wytham Woods 51.46 -1.32 Forest




Table S3: Gross primary production (GPP) sites from FLUXNET and ICOS.

ID Site Latitude (° N) Longitude (° E) Ecosystem type Source

1 Sodankyla 67.36 26.64 Forest FLUXNET

2 Degero 64.18 19.56 Grassland ICOS

3 Hyytiala 61.85 24.29 Forest FLUXNET

4 Jokioinen 60.90 23.51 Cropland FLUXNET

5 Lettosuo 60.64 23.96 Forest FLUXNET

6 Norunda 60.09 17.48 Forest ICOS

7 Foulum 56.48 9.59 Cropland FLUXNET

8 Fyodorovskoye 56.46 32.92 Forest FLUXNET

9 Hyltemossa 56.10 13.42 Forest ICOS

10 Voulundgaard 56.04 9.16 Cropland ICOS

11 Enghave 55.69 12.19 Grassland FLUXNET

12 Soroe 55.49 11.64 Forest FLUXNET, ICOS
13 Horstermeer 52.24 5.07 Grassland FLUXNET

14 Loobos 52.17 5.74 Forest FLUXNET

15 Hohes Holz 52.09 11.22 Forest 1COS

16 Leinefelde 51.33 10.37 Forest FLUXNET

17 Brasschaat 51.31 4.52 Forest FLUXNET, ICOS
18 Gebesee 51.10 10.91 Cropland FLUXNET, ICOS
19 Hainich 51.08 10.45 Forest FLUXNET

20 Tharandt 50.96 13.57 Forest FLUXNET, ICOS
21 Grillenburg 50.95 13.51 Grassland FLUXNET

22 Klingenberg 50.89 13.52 Cropland FLUXNET

23 Selhausen Juelich 50.87 6.45 Cropland FLUXNET, ICOS
24 Selhausen 50.87 6.45 Cropland FLUXNET

25 Oberb, renburg 50.79 13.72 Forest FLUXNET

26 Rollesbroich 50.62 6.30 Grassland FLUXNET

27 Lonzee 50.55 4.75 Cropland FLUXNET, ICOS
28 Vielsalm 50.30 6.00 Forest FLUXNET, ICOS
29 Bily Kriz forest 49.50 18.54 Forest FLUXNET, ICOS
30 Bily Kriz grassland 49.49 18.54 Grassland FLUXNET

31 Lackenberg 49.10 13.30 Forest FLUXNET

32 Grignon 48.84 1.95 Cropland FLUXNET, ICOS
33 Lanzhot 48.68 16.95 Forest ICOS

34 Fontainebleau-Barbeau 48.48 2.78 Forest FLUXNET, ICOS
35 Laegern 47.48 8.36 Forest FLUXNET

36 Oensingen crop 47.29 7.73 Cropland FLUXNET

37 Oensingen grassland  47.29 7.73 Grassland FLUXNET

38 Chamau 47.21 8.41 Grassland FLUXNET

39 Frebel 47.12 8.54 Grassland FLUXNET

40 Davos 46.82 9.86 Forest FLUXNET

41 Renon 46.59 11.43 Forest FLUXNET, ICOS
42 Monte Bondone 46.01 11.05 Grassland FLUXNET

43 Lavarone 45.96 11.28 Forest FLUXNET

44 Lavarone?2 45.95 11.29 Forest FLUXNET

45 Torgnon 45.84 7.58 Grassland FLUXNET

46 Ispra ABC-IS 45.81 8.63 Forest FLUXNET

47 Parco Ticino forest 45.20 9.06 Forest FLUXNET

Continued on next page




Table S3 — continued from previous page

ID Site Latitude (° N) Longitude (° E) Ecosystem type Source

48 Le Bray 44.72 -0.77 Forest FLUXNET

49 Bilos 44.49 -0.96 Forest ICOS

50 Puechabon 43.74 3.60 Forest FLUXNET, ICOS
51 San Rossore 2 43.73 10.29 Forest FLUXNET

52 San Rossore 43.73 10.28 Forest FLUXNET

53 Lamasquere 43.50 1.24 Cropland ICOS

54 Roccarespampani 1 42.41 11.93 Forest FLUXNET

55 Roccarespampani 2 42.39 11.92 Forest FLUXNET

56 Castel d’Asso2 42.38 12.03 Cropland FLUXNET

57 Castel d’Assol 42.38 12.03 Forest FLUXNET

58 Castel d’Asso3 42.38 12.02 Forest FLUXNET

59 Collelongo 41.85 13.59 Forest FLUXNET

60 Castelporziano 41.71 12.38 Forest FLUXNET

61 Castelporziano2 41.70 12.36 Forest FLUXNET, ICOS
62 Borgo Cioffi 40.52 14.96 Cropland FLUXNET




Table S4: Gross primary production (GPP) sites from Campioli et al. (2015).

ID Site Latitude (° N) Longitude (° E) Ecosystem type
1 Aurade 43.55 1.11 Cropland
2 Lamasquere 43.50 1.24 Cropland
3 Grignon 48.84 1.95 Cropland
4 Lonzee_winter_wheat 50.55 4.74 Cropland
5 Lonzee_sugar_beet 50.55 4.74 Cropland
6 Lonzee_potato 50.55 4.74 Cropland
7 Avignon 43.92 4.88 Cropland
8 Lutjewad 53.40 6.36 Cropland
9 Oensingen 47.29 7.73 Cropland
10  Gebesee 51.10 10.91 Cropland
11 Risbyholm 55.53 12.10 Cropland
12 Beanol 46.00 13.02 Cropland
13 Klingenberg 50.89 13.52 Cropland
14 Dooary 52.95 -7.25 Forest

15  Wytham_Woods 51.46 -1.32 Forest

16  Puechabon 43.74 3.60 Forest

17 Lochristi 51.11 3.85 Forest

18  Hesse 48.67 7.07 Forest

19  Bornhoved_Alder 54.10 10.23 Forest

20  Bornhoved_Beech 54.10 10.23 Forest

21 Hainich 51.08 10.45 Forest

22  Kannenbruch_AlderAsh 53.78 10.60 Forest

23  Kannenbruch_Beech 53.78 10.60 Forest

24  Kannenbruch_Oak 53.78 10.60 Forest

25  Caldaro 46.35 11.27 Forest

26 Soroe 55.49 11.64 Forest

27  Popface_alba 42.36 11.80 Forest

28  Popface_euamericana 42.36 11.80 Forest

29  Popface_nigra 42.36 11.80 Forest

30  Tharandt 50.96 13.57 Forest

31 Collelongo 41.85 13.59 Forest

32  Flakaliden_C 64.11 19.46 Forest

33  Beano2 46.00 13.02 Grassland
34  Grillenburg 50.95 13.51 Grassland
35  Kursk 51.67 36.50 Grassland




Table S5: List of studies included in the meta-analysis for different land-use change (LUC)
transitions: cropland-to-grassland (C-to-G), grassland-to-cropland (G-to-C), cropland-to-forest
(C-to-F), grassland-to-forest (G-to-F), and forest-to-cropland (F-to-C). Three designs include
P—mpaired plots, C—chronosequences, or M—mono-site samplings; IV is the number of samples.

ID Country Design N ]()cilf)t h LUC transitions Reference
1 Italy Poo5 80 oo Alberti et al. (2011)
2 Ttaly C 10 30 G-to-F Alberti et al. (2008)
3 Crete C 2 15 C-to-G Apostolakis et al. (2017)
4  France P 14 50 F-to-C Arrouays and Pelissier (1994)
5 England C 12 40 2:53:11::7 Ashwood et al. (2019)
6 Italy C 8 30 C-to-F Badalamenti et al. (2019)
7 Denmark C 30 25 g:zg:g’ Bércena et al. (2014)
8 Ireland C 5 30 G-to-F Black et al. (2009)
9 Germany C 7 20 C-to-G Breuer et al. (2006)
10 Turkey P 120  G-to-C Celik (2005)
11 Germany P 12 20 C-to-G Chen et al. (2009)
G-to-F,
12 Ttaly C 20 30 C-to-G, Tommaso et al. (2018)
C-to-F
13 Russia C 4 20 C-to-G lopes de Gerenyu et al. (2008)
14 Italy M2 30 gzgg Del Galdo et al. (2003)
15 Germany P 2 50 C-to-G Don et al. (2009)
16 Turkey P 1 70 F-to-G Gol and Dengiz (2008)
17 Russia M 1 60 F-to-G Heikkinen et al. (2014)
18 Germany M 3 60 g_fg__g’ John et al. (2005)
19 France M 6 25 F-to-C Jolivet et al. (1997)
20 France M 1320 F-to-C Jolivet et al. (2003)
21 Germany M 3 30 C-to-G Hofmann-Schielle et al. (1999)
22 Sweden C 9 20 gtt;’g Kitterer et al. (2008)
23 Russia M 3 20 C-to-G Larionova et al. (2003)
24 Germany p 4 30 g:sg Leifeld and Kégel-Knabner (2005)
25 Ttaly P 3 40 G-to-C Papini et al. (2011)
26 Ireland P 2 30 G-to-F Peichl et al. (2012)
Austria, Denmark, Coto-G.,
Germany, Ireland, GotoC
27 Ttaly, Lithuania, P 24 80 ’ Poeplau and Don (2013)
G-to-F,
Netherlands, Scotland, Ceto-F
Sweden, Switzerland
28 England P 76 ool Poulton et al. (2003)
C-to-G
29 Spain M 12 30 C-to-F Romanya et al. (2000)

Continued on next page




Table S5 — continued from previous page

ID Country Design N ]()c(:l); h LUC transitions Reference

30 Germany C 7 29 G-to-C Springob et al. (2001)

31 Italy, Germany C 26 50 G-to-C Thuille and Schulze (2006)
Sweden, Denmark,

32 Netherlands C 60 25 C-to-F Vesterdal et al. (2007)

33 Ireland p 42 30 G-to-F Wellock et al. (2011)

34 England C 4 10 F-to-F Zerva et al. (2005)
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Table S6: The observed carbon response function (CRF) and the leave-one-out coefficient of
determination (R?) measure for each land-use change (LUC) scenario in meta-analyses. (R?
values range from 0 to 1, where values closer to 1 indicate better predictive performance of the
model.)

LUC D Model R?

Cropland-to-grassland C-to-G 0.85 x age + 11.75 0.57
Grassland-to-cropland G-to-C -13.92 x 29¢/133:80 () 62
Grassland-to-forest (mineral soil or without forest floor) G-to-Fyorpr -0.10 x age + 3.54  0.89
Grassland to forest (with forest floor) G-to-Fypp  0.03 x age + 2.24  0.58
Cropland-to-forest (mineral soil) C-to-Fyorr 0.74 X age - 5.78 0.99
Cropland-to-forest (with forest floor) C-to-Fyrr  1.09 x age + 3.54  0.52
Forest-to-cropland (mineral soil) F-to-Cyporr -1.10 x age - 16.03  0.98

Table S7: The leave-one-out coefficient of determination (R?) and root mean square error (RMSE
in kg m~2) between the random forest regression and model bias for each land-use change
(LUC) scenario. Results with negative R?, indicating poor regression, are not shown. Two
distinct forest types, namely temperate broadleaf summergreen (TeBS) and temperate needleleaf
evergreen (TeNE), are considered for the forest sites.

Forest type LUC ID R?> RMSE
Cropland-to-grassland C-to-G 0.13 1.25
Grassland-to-cropland G-to-C 0.44 1.08
Grassland to forest (mineral soil or without forest floor) G-to-Fyorpr 0.19  3.59
n Grassland-to-forest (with forest floor) G-to-Fyurp - -
% Cropland-to-forest (mineral soil) C-to-Fyorr 026  1.92
& Cropland-to-forest (with forest floor) C-to-Fyrr - -

Forest-to-cropland (mineral soil) F-to-Cyporr 0.11  3.03

Grassland to forest (mineral soil or without forest floor) G-to-Fyopp 0.18  3.58
& Grassland-to-forest (with forest floor) G-to-Fyurr - -
% Cropland-to-forest (mineral soil) C-to-Fuorr 0.19  2.03
3 Cropland-to-forest (with forest floor) C-to-Furr - -

Forest-to-cropland (mineral soil) F-to-Cyorr 0.18  3.14
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Figure S1: Map showing the observed above-ground biomass (AGB) sites included in the study.
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Figure S2: Maps showing the comparison between soil organic carbon of LUCAS topsoil and

corresponding ORCHIDEE values (SOCrycas topsoir (2l1,b1) and SOCgerived orc (a2,b2), in
kg m~2) at different grid scales (0.5° x 0.5° (al, a2) and 3° x 3° (b1,b2)) for forest sites.
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Figure S3: Same as Fig. S2, but for grassland sites.
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Figure S4: Same as Fig. S2, but for cropland sites.
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Figure S5: The absolute soil organic carbon changes (in kg m~?2) from site observations in meta-
analyses (black circles) compared to corresponding ORCHIDEE simulated data (grey lines) for
different land-use changes (LUCs: cropland-to-grassland (C' — to — G), grassland-to-cropland
(G —to—C), grassland-to-forest (without and with forest floor G — to — Fyorr, G —to— Fyrr),
cropland-to-forest (C'—to— Fyopp and C —to— Fy,pr), and forest-to-cropland (F' —to— Cyorr).
The first number in the parenthesis indicates the number of study sites, and the second is the
number of samples in the meta-analyses. Here, temperate broadleaf summergreen (ORCrcpg)
is considered for the forest sites in all ORCHIDEE simulations, except for F' — to — Cyopp in
which temperate needleleaf evergreen (ORCreng) is considered. The fitted carbon response
functions (CRFs, black lines) £ 95 % confidence interval (black dotted lines) and simulated
CRFs (magenta and green line) corresponding to all observation samples (Tab. S6, Fig. 6) are
included here for comparison.
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